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ABSTRACT

The thesis explores ocean wave dynamics and their impact on the performance evalua-
tion of Wave Energy Converters (WECs). The analysis focuses on Pantelleria, an Italian
island in the Strait of Sicily, a strategic area for renewable energy, evaluating seasonal
and interannual variations in sea conditions and their influence on energy convertion.
The research uses a combination of in-situ and remote sensing techniques to collect
wave data, integrating advanced numerical models to more accurately predict the per-
formance of WECs. In particular, the performance of the Pendulum Wave Energy Con-
verter (PeWEC) is analyzed, studying the correlations between wave data and energy
conversion estimates.
The results show that the correct interpretation of wave characteristics, including direc-
tionality as well as frequency, is crucial for improving the effectiveness of WECs. The
thesis highlights the importance of considering multidirectional spectra for accurate
evaluation, highlighting how monodirectional assumptions overestimate performance
results.
The conclusions suggest that different sources of wave data can lead to significant dif-
ferences in annual estimates of converted energy, and a correction method to reduce the
error induced by the monodirectional assumption is provided.
This study provides a significant contribution to understanding ocean wave dynamics
and improving analytical methodologies for estimating WEC performance.
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1
INTRODUCTION

1.1. BACKGROUND

G LOBAL energy demand is projected to increase by 20-30% alongside population and
economic growth by 2040 [1]. To meet this demand and hinder climate change, it

is necessary to reduce greenhouse gas emissions and provide sustainable energy. The
Energy Roadmap 2050 sets the objective to reduce greenhouse gas emissions by 80%
and to have renewable energy represent at least 40% of energy consumption by 2050
[2]. Achieving these goals requires gradually replacing fossil fuels with renewable energy
sources.
Ocean renewable energy, with its vast availability, is receiving significant attention and
development. Among the various renewable energies, wave energy has many signifi-
cant advantages over others, such as high availability, low environmental impact, greater
predictability, and high energy density [3, 4]. In particular, wave energy is more pre-
dictable than wind energy, and its nighttime availability provides an additional advan-
tage over solar energy [5]. For these reasons, ocean energy is one of the renewable en-
ergy resources that has the potential to accelerate the energy transition and support the
adoption of sustainable policies. However, currently, technologies capable of harnessing
wave energy are relatively immature compared to other renewables, and this source is
currently underutilized. Nevertheless, it has the potential to play a significant role in di-
versifying the renewable energy portfolio and achieving sustainable growth. Specifically,
the achievable capacity from the exploitation of waves and tides in the EU is expected to
reach 100 GW by 2050 [6].
Given the crucial importance of wave energy, the portfolio of developed converters is
very broad; indeed, more than 200 devices were under development worldwide in 2017
[7]. However, very few devices are operational and commercially used [8]. Reasons in-
clude the high Levelized Cost Of Energy (LCOE), much higher than other energy sources,
adverse environmental conditions, the need for special installation permits, and high
equipment costs such as ships [9]. Reducing Operation and Maintenance (O&M) costs
is one of the challenges to overcome to make wave energy a commercially viable innova-
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tive energy source. Maintenance can account for up to 57% of total operating expenses
[10]. Implementing monitoring and control systems represents a valid solution to re-
duce these costs. Similarly, detailed knowledge of the average and extreme environmen-
tal conditions of the installation site is crucial. The fundamental approach to capturing
energy from waves involves identifying high-energy sites and optimizing Wave Energy
Converters (WECs) based on the characteristics of the sea states.

Carlos et al. [11] proposed a methodology for identifying site selection for wind and
wave farms. The five-step approach presented is based on identifying zones with sig-
nificant energy resources near urban areas. These sites must be characterized by suit-
able weather conditions for device survivability and appropriate environmental condi-
tions for construction and maintenance operations, in addition to having satisfactory
extractable power. The energy assessment is the first step of the methodology and can
be carried out through the calculation of wave energy [12, 13, 14]. Unfortunately, the
extractable wave energy is only a fraction of the wave power and depends on the perfor-
mance of the WECs. Moreover, both the potential wave power and the extractable power
by means of WECs are challenging to evaluate because they depend on the interaction
between wind and sea surface and between waves and device, respectively, and can be
subject to computational errors. Therefore, proper sea characterization and detailed
WEC design are critical to reducing uncertainty levels.

The main parameters describing wave conditions are the significant wave height and
the wave energy period, which allow for the estimation of the average wave power, and
the peak direction, which indicates the primary incoming wave direction. However,
these parameters provide limited information as they do not account for the directional
distribution of different wave components. Detailed analysis should include directional
spreading, which measures the distribution of wave energy over the directions. Consid-
ering the spreading parameter is particularly significant for directional-sensitive WEC
devices. Specifically, there are many types of WECs capable of harnessing wave energy,
classified based on operational principle, sensitivity with the wave direction, location,
and power take-off system [15, 16]. Often, a basic categorization using the terms termi-
nator, attenuator, and point absorber is used [17]. Terminators are devices characterized
by large extensions, parallel to the wave direction, while attenuators have a large orthog-
onal size relative to the wave direction. Both terminators and attenuators are also called
directional sensitive WECs because they are activated by a narrow range of wave direc-
tions. In contrast, point absorbers are smaller than the predominant wavelength and can
generate power from waves of any direction. Consequently, directional characterization
of sea states is crucial, especially when designing direction-sensitive devices.

Each ocean wave can be considered as a superposition of harmonic waves with dif-
ferent amplitudes, frequencies, phases, and directions [18, 19]. Typically, the assess-
ment of sea characteristics is based on wave spectrum analysis, which shows how wave
energy is distributed over frequencies and directions and allows the calculation of syn-
thetic wave parameters. Specifically, it is possible to identify the directional variability of
individual wave components by calculating the directional spreading of waves [14]. This
parameter represents the width of the spectrum in the directional domain and describes
the variability of direction according to individual harmonic waves that compose the ir-
regular water surface.
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In general, the waves of interest for the energy conversion are produced by the friction
between wind and sea surface water, and their characteristics vary based on the wind
duration and the area size over which it blows. Thus, wave energy increases with the
increase of time duration and area size [20]. Moreover, the wind location relative to the
analyzed waves is crucial. Specifically, two main types of wind-generated waves are of
interest: wind waves and swells. Wind waves form at sea when wind speed exceeds a
critical value. Under the continuous action of the wind, the waves gradually increase in
height, length, and period to a maximum value that mainly depends on wind speed, the
extent of the sea over which the wind blows, wind duration, and depth. During the initial
stage of the wave generation process, the irregularity of wind action on the sea surface
creates waves of various sizes with different propagation directions. On the other hand,
swell waves originate from wind action that has occurred in regions even very distant
from the observation area. When the waves leave the generation area or the wind stops
blowing, the waves continue to propagate as swell waves. These waves are more regu-
lar than wind waves because there is a natural dispersion of waves component in space,
determined by the different propagation speeds of each spectral component. For these
reasons, the spectrum of swell waves is narrow in direction, leading to higher WEC per-
formance.

The primary purpose of this thesis is to provide valid support in describing sea waves
and using the best methodology to investigate the interaction between WECs and waves.
Additionally, a high focus is placed on evaluating the performance of the PeWEC under
different wave assumptions. The PeWEC is a floating device based on a pendulum and
begins its motion when waves rock the hull [21, 22]. Moreover, it is a directional-sensitive
WEC, and the more the wave direction is parallel to the device’s principal axis, the higher
the harvesting wave energy. To evaluate the PeWEC performance, wave excitation forces
are calculated by combining excitation coefficients with wave component coefficients
based on frequency spectra and frequency-directional spectra. In this way the results
that come from the monodirectional assumption is compared with the multidirectional
one.

1.2. MAIN OBJECTIVES AND CONTRIBUTIONS

T HE primary goals and unique contributions of this thesis are outlined below.

Chapter 2 focuses on describing the characteristics of ocean waves using statisti-
cal methods, providing a detailed classification of waves based on their periods. The
main contributions include the detailed description of the spectral analysis, as well as
the spectral reconstruction and spectrum partitioning models. Such mathematical tools
are of fundamental importance in the characterization and analysis of sea states. The
chapter is composed as follows:
Section 2.1 provides a comprehensive analysis of ocean waves, focusing on their types,
generation mechanisms, and statistical analysis methods relevant for wave energy con-
version. The classification of different types of ocean waves based on their periods is pro-
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vided, highlighting tides, storm surges, tsunamis, seiches, surf beats, and wind-generated
waves. Among these, wind-generated waves are the primary focus, as they directly inter-
act with WECs.
Section 2.2 describes the importance of understanding wave characteristics for design-
ing and optimizing WECs and provides methodologies for statistical wave analysis. Fur-
thermore, synthetic wave parameters are introduced, and equations useful for their cal-
culation are provided. These parameters are defined as synthetic since they synthetically
describe the characteristics of sea states. These parameters are derived from statisti-
cal analysis of wave information, typically obtained through in-situ instruments such as
buoys and Acoustic Doppler Current Profilers (ADCP).
The zero-crossing method is introduced as a fundamental technique for analyzing ap-
parent waves, where waves are identified by consecutive crossings of the mean sea level.
This method allows the determination of wave height and period parameters, essential
for evaluating sea states. However, it lacks directional information, necessitating spec-
tral analysis for a more comprehensive understanding of the sea states. Spectral analysis
is presented as a more advanced method, describing ocean waves as a stochastic pro-
cess. This approach involves Fourier analysis to decompose waves into sinusoidal com-
ponents, each characterized by its frequency, amplitude, and direction. Specifically, the
frequency spectrum and frequency-directional spectrum, i.e., the distribution of wave
energy over different frequencies and the distribution of wave energy over different fre-
quencies and directions, respectively, are introduced.
Section 2.3 provides the main spectral models for reconstructing the frequency spec-
trum, directional spectrum, and frequency-directional spectrum based on synthetic pa-
rameters.
Section 2.4 explores spectrum partitioning techniques, both one-dimensional (1D) and
two-dimensional (2D), to differentiate between wind waves and swell. These techniques
are essential for accurately modeling wave components and improving the design and
management of maritime structures. In fact, by partitioning the overall spectrum and
obtaining the wind wave and the swell spectrumit is possible to analyze the character-
istics of the individual sea states that coexist in the same site at the same time. This
method is particularly valuable in regions where multi-modal sea states occur concur-
rently, offering a comprehensive view of the wave dynamics and contributing to more
efficient and resilient maritime engineering solutions.

Chapter 3 examines different wave measurement techniques, including in-situ and
remote sensing, and provides information on global numerical models as well as local
numerical model for wave downscaling. Key contributions include comparisons of wave
measurement techniques in terms of precision, ease of access, reliability, and accuracy.
In particular, by knowing the strengths and weaknesses of the different data sources it is
possible to choose which of these is the most suitable for specific needs. The chapter is
composed as follows:
Section 3.1 focuses on various methodologies and techniques used to obtain and evalu-
ate wave data, which are fundamental for assessing wave energy resources and designing
efficient and safe WECs. The section describes the requirements that wave data should
have to be considered reliable and complete, emphasizing the need for high informa-
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tional content, accuracy, and good temporal and geographical coverage to support vari-
ous stakeholders, including planners, scientists, and marine safety experts.
Section 3.2 describes in-situ measurement techniques, such as wave buoys, wave probes,
and Acoustic Doppler Current Profilers (ADCP). These methods provide accurate and
direct measurements of wave characteristics but involve high costs and logistical chal-
lenges, especially in harsh marine environments. Despite their reliability, the sparse dis-
tribution of in-situ instruments limits their long-term applicability for large-scale wave
energy assessments.
Section 3.3 presents alternative measurement techniques to the in-situ methods, such
as remote sensing techniques, including stereophotography, high-frequency radar, and
satellite altimetry. These methods offer broader spatial coverage and have the potential
to complement in-situ measurements. For example, satellite altimetry provides signif-
icant wave height data with good global coverage, although its accuracy may be com-
promised near coastal areas due to signal contamination and are characterized by a low
temporal resolution.
Section 3.4 discusses numerical model techniques, with a focus on the SWAN model.
These models simulate waves propagation over vast areas and long time periods, provid-
ing valuable data for wave energy assessments. The SWAN model, in particular, stands
out for its ability to incorporate various physical processes and interactions with the
seabed, being particularly useful in nearshore regions.
Section 3.5 introduces various freely available wave data products, distinguishing their
source, processing and validation methodology. These products are of particular inter-
est when seeking wave information for a specific site and are classified into in-situ data
products, satellite data products, and numerical model data products. Each category
is evaluated based on its utility in wave energy resource assessments, emphasizing that
combining multiple data sources often yields the most comprehensive understanding of
wave conditions.
Section 3.6 provides an overview of wave analysis standards, such as IEC/TS 62600-
101:2015 and SeaDataNet, outlined to ensure consistency and reliability in wave data
analysis. The IEC Technical Specification provide guidelines for the spatial and tem-
poral resolution of wave data, acceptable types of wave boundary conditions, and the
minimum duration of time series data required for reliable assessments. Furthermore,
the procedure to validate wave data through a quality process is provided by SeaDataNet.

Chapter 4 aims to evaluate the energy potential of the waves around the island of
Pantelleria and analyze the seasonal and interannual variability of the waves. Contribu-
tions include the calibration and validation of the SWAN model with in-situ and satellite
data. In particular, the applicability of satellite data for the validation of numerical mod-
els is investigated showing its advantages even in unfavorable geographical situations.
Indeed, unlike common applications, the satellite measurements utilized in this study
are recorded near the coastline, which may reduce their accuracy.
Regarding the calibration of the SWAN model, an innovative methodology is presented,
drastically reducing the number of configurations to be analyzed for identify the best
set-up. In this analysis, both the model performance in terms of accuracy of Hs and Te

and the computational times are considered. The chapter is composed as follows:
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Section 4.1 describes the case study, which involves the evaluation of the wave energy
potential at the island of Pantelleria. The island’s advantageous location in the Mediter-
ranean Sea experiences strong and consistent wave patterns, making Pantelleria an ideal
site for testing and developing WECs.
Section 4.2 provides information on the available wave datasets for the area of interest,
including in-situ measurements, satellite data, and numerical model data. The MOREn-
ergy Lab has installed two in-situ instruments near the northwestern coast of Pantelleria,
providing valuable local wave data. Additionally, Level-3 satellite datasets and data from
the ERA5 reanalysis project are utilized. Satellite data is used to validate the SWAN down-
scaling model, while ERA5 data is used to drive this model. The meticulous calibration
and validation process of the SWAN model is also described, providing performance in-
dicators to indicate the accuracy of the numerical results.
Section 4.3 reveals insights into the wave conditions around Pantelleria. The in-situ
dataset offers accurate measurements of wave characteristics, while satellite datasets
complement these information by providing broader long-term data records. The SWAN
model, calibrated with these datasets, enhances the understanding of wave dynamics
and energy potential and is used to conduct evaluation on seasonal variability, interan-
nual variability, the prevalence of multimodal wave systems, directional variability of the
resource, and the occurrence of sea states.

Chapter 5 provides an overview of the different types of WECs and discusses the evo-
lution of WEC modeling. The main contribution is the introduction of the Wave RES
platform for the analysis of wave energy resources. In particular, this tool has the aim
of supporting marine stakeholders to make informed decisions and to estimate, in the
first analysis, the producibility of a given site based on different WECs. The chapter is
composed as follows:
Section 5.1 introduces various aspects of WECs, highlighting their importance in har-
nessing ocean wave energy for electricity production. This contributes to global sustain-
ability goals and diversifies the renewable energy mix.
Section 5.2 focuses on the classification of WECs, which can be categorized based on
operational principles, directional-sensitivity, location, and power take-off mechanisms.
Common classifications include terminators, attenuators, and point absorbers. Termi-
nators are aligned parallel to the wave direction, attenuators are positioned orthogonally,
and point absorbers can operate independently of the wave direction.
Section 5.3 describes the evolution of WEC modeling, highlighting advancements in hy-
drodynamic models. These models use potential flow theory to describe the interaction
between waves and the device’s body. The section explains how these models have be-
come increasingly sophisticated, incorporating various physical processes to improve
accuracy.
Section 5.4 delves deeper into hydrodynamic models, describing how potential flow the-
ory is used to simulate wave-body interactions. It explains the concepts of incident,
diffracted, and radiated wave fields, and how these are utilized in Boundary Element
Methods (BEM) to calculate the response of Wave Energy Converters (WECs) based on
wave forces.
Section 5.5 introduces the Wave RES platform, developed to support the analysis of wave
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energy resources and evaluate the productivity of a portfolio of WECs. The platform pro-
vides various tools and visualizations to help users evaluates the energy potential and
productivity of different WECs at specific sites.

Chapter 6 describes the operating principles and geometric characteristics of the
PeWEC, analyzing the performance of the device under various wave scenarios. The
main contributions include evaluating the efficiency of the WEC by considering the mul-
tidirectional interaction of the waves and analyzing the response of the device as a func-
tion of the wave incidence direction with reference to the hull orientation. The chapter
is composed as follows:
Section 6.1 describes the case study, emphasizing the need to analyze the complexity of
sea waves, especially for multimodal sea states, through a multidirectional analysis of
wave-device interaction.
Section 6.2 introduces the PeWEC and its operational principles. The PeWEC is a floating
device that harnesses wave energy through the movement of a pendulum inside its hull.
This section details the geometric and dynamic characteristics of the device, highlighting
its innovative design tailored for efficient wave energy conversion in the Mediterranean
Sea.
Section 6.3 discusses the dynamic equations governing the PeWEC’s motion. It explains
how these equations are derived and used to model the device’s response to wave ex-
citation forces. Additionally, wave excitation forces and Response Amplitude Operators
(RAOs) for PeWEC are presented. Finally, the performance of PeWEC under various wave
scenarios is investigated. The analysis compares monodirectional and multidirectional
wave assumptions, highlighting the impact of directional spreading on energy capture
efficiency as well as the angle of incidence of the waves with respect to the orientation of
the device.

Chapter 7 aims to evaluate the performance of PeWEC in Pantelleria using different
data sources and spectral approximations, analyzing the errors based on monodirec-
tional and multidirectional data. Contributions include comparing the performance of
PeWEC based on different data sources (in-situ, global and local models) and demon-
strating the importance of considering spectral complexity for precise energy conversion
estimates. Furthermore, the inherent error in evaluating the performance of the WEC
through the power matrix is addressed and quantified for the case study. The chapter is
composed as follows:
Section 7.1 introduces the overall objective of the chapter, which is to systematically an-
alyze the performance of the PeWEC using various data sources and different wave ap-
proximations and assumptions.
Section 7.2 delves into specific investigations aimed at understanding the errors in per-
formance estimation based on different assumptions. This includes examining discrep-
ancies in PeWEC’s performance based on the wave data sources used, investigating dif-
ferences between in-situ measurements, a global numerical model (i.e. ERA5), and a
local numerical model (i.e. SWAN).
Further analysis is carried out to assess performance estimation errors based on monodi-
rectional and multidirectional spectra reconstructed from discretized synthetic param-
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eters. This involves evaluating the implications of using simplified representations and
how these influence the accuracy of energy conversion estimates.
The correlation between performance estimates based on 1D (monodirectional) and 2D
(multidirectional) assumptions is investigated. This study highlights the need to con-
sider multidirectional wave interactions to obtain a more realistic assessment of PeWEC’s
performance.
Finally, the errors in performance estimation arising from the use of multi-peak versus
single-peak spectra are addressed. This analysis explores how the complexity of wave
spectra occurring in Pantelleria, characterized by multi-modal sea state, influences the
accuracy of performance predictions. The results suggest that incorporating the full
spectral complexity is crucial for precise energy conversion estimates.
Section 7.3 shifts the focus to the practical application of these findings by evaluating
the energy conversion potential of PeWEC in Pantelleria. This section integrates the in-
sights from previous analyses on the error related to the monodirectional assumption to
provide a holistic view of how PeWEC performs under real conditions, considering the
unique wave climate of the Mediterranean region.
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2
OCEAN WAVES ANALYSIS

2.1. INTRODUCTION

T HE types of waves that occur in the oceans and along the coasts are numerous and
diverse. All these waves can be categorized by referencing their period, as proposed

in [23] and described in Fig. 2.1. Later in this chapter, we will explore the meaning of this
parameter in more detail, for now, a general classification can be made considering the
wave period as the time wave takes to complete one full cycle, from trough to trough or
from crest to crest.

Figure 2.1: Normalized energy and wave period for the main ocean waves categories [24]

Among the different types of waves, tides are notably significant. They are generated by
the interaction between the ocean’s water mass and the sun and moon and their periods
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generally range between 12 and 24 hours. Storm surge is another type of wave having a
period of one or two days. The term storm surge describes a large-scale rise in sea level
caused by a combination of high wind speeds and low atmospheric pressure. When a
storm surge occurs near the coast, the risk of flooding is high. Another type of wave that
can cause significant damage is the tsunami. These waves are generated by earthquakes
or submarine landslides that displace large masses of water. Their periods can range
from a few minutes to an hour. A further potentially dangerous type of wave is the seiche,
which is a standing wave that develops in enclosed or semi-enclosed bodies of water,
such as harbours, lakes, or partially enclosed seas, due to resonance in the disturbed
water body. In the case of an harbour, the wave can be high enough to flood the docks
and break mooring lines. These waves are usually generated by waves from the open sea
and have periods of less than an hour. Surf beat, instead, typically occurs in the surf zone
near beaches, caused by the overlapping of groups of wind-generated waves and having
periods of a few minutes. Finally, there is the category of wind-generated waves, which
generally have periods of less than 30 seconds. This last category is the focus of this
thesis since it is the primary wave that interactes with WECs, enabling the conversion of
its energy into electrical one. When these waves are generated by local wind, they are
called wind waves and are characterized by high irregularity and short crests [25]. When
wind waves leave their area of generation, they exhibit a more regular behaviour and are
called called swell, characterized by a long crest[26].
In the following sections, an in-depth description of the statistical methodologies used
to derive necessary synthetic parameters for WECs and coastal design is presented, with
a particular focus on the analysis of wind-generated waves.

2.2. WAVE ANALYSIS

T HE short-term statistical analysis of ocean waves is a crucial step for understanding
and analyzing the temporal evolution of sea states occurred at a site of interest [27].

Through this analysis, it is possible to determine synthetic parameters that represent
and describe each sea state.
In the field of renewable wave energy, knowing the characteristics of the waves is fun-
damental for designing and optimizing WECs. In particular, both the device geometric
and operational attributes can be set-up to maximize energy production based on the
waves occurring at the installation site [28]. However, the analysis of waves cannot be
limited to short-term statistical analysis alone. Through long-term statistical analysis,
environmental conditions that may be considered dangerous in terms of the survival of
the device and its mooring system must be identified [29]. This statistical analysis en-
ables the identification of the design wave associated with the expected lifetime of the
device itself [30].
In this thesis, the focus is on short-term statistical analysis, as the emphasis is placed on
the device’s performance under operational conditions, achievable by short-term analy-
sis, rather than in extreme wave conditions, object of the long-term analysis. In particu-
lar, the WEC’s energy conversion efficiency is evaluated considering different wave data
sources and wave analysis techniques.



2.2. WAVE ANALYSIS

2

13

The starting point for short-term statistics is the measurements of the sea surface
elevation. These measurements, commonly conducted with in-situ instruments, must
consider two fundamental aspects: the sampling interval and the duration of the record-
ing. Specifically, the measuring instruments provide discrete measurements, and the
sampling interval corresponds to the time between two consecutive measurements. This
interval must be sufficiently small to capture the wave behavior [31]. The typical interval
for in-situ instruments is 2 Hz, corresponding to 0.5 seconds [32]. Regarding the dura-
tion of each single measurement, it must be short enough to consider the waves as a
stationary phenomenon and long enough to obtain a robust statistical sample. A com-
promise between these two temporal requirements is to use a recording duration of 15
to 30 minutes. Finally, each measurement window should be conducted at most every
three hours to capture the temporal evolution of the diffetent sea states.
Once in-situ measurements are recorded, the evolution of sea states and their analysis
can be determined using the zero-crossing or spectral analysis.

2.2.1. ZERO-CROSSING ANALYSIS
The zero-crossing method is based on the identification and analysis of apparent waves,
i.e. the waves identified by two consecutive crossings of the mean sea level which occur
strictly in the same direction [33, 34]. To apply the method it is necessary to define a
reference level equivalent to the average level of the free surface elevation. The method
involves identifying all (upward or downward) crossings of the sea elevation with respect
to the average level. Using upward crossings, the analysis is called upward-zero cross-
ing, using downward crossings, it is called downward-zero crossing. The downward-zero
crossing analysis is the most used one, however, the basic methodology is similar in the
case of the downward-zero crossing one. Then, the apparent waves are identified within
two successive crossings of the mean level downwards. The Fig. 2.2 provides a represen-
tation of the of the two versions of the method.

For each wave, the wave height (H), which is the vertical distance between the high-
est and lowest surface elevation in a wave, can be determined. The wave period (T ), on
the other hand, is defined as the time interval between two successive crossings. The
statistical sample of the apparent waves therefore becomes the set of N pairs of H and T
values. To statistically evaluate the sea state, it is necessary to sort the sample of waves
by height in decreasing order, keeping each corresponding period associated. Then the
significant wave height (H1/3) is defined as the arithmetic mean of the heights of the
highest waves, representing 33% of the record. Its formulation is:

H1/3 = 1
N /3

∑N /3
j=1 H j (2.1)

where N /3 corresponds to the total share of 33% of highest waves and j is the index of
these waves.
The value of H1/3 does not represent the height of any wave observed, but represents a
statistical measure that reflects the severity of the sea state. Consequently, WECs are de-
signed not to operate with respect to individual waves but to address a sea state defined
by such statistical analysis.
The significant wave period (T1/3) is defined as the average period of the highest one-
third of waves, emphasizing the direct relationship with the significant height, and it
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Figure 2.2: The "wave" definition based on a time record of surface elevation using the downward (top panel)
or upward (bottom panel) zero crossing method [24]

reads:

T1/3 = 1
N /3

∑N /3
j=1 T j (2.2)

These two parameters, H1/3 and T1/3, are among the most important ones for describ-
ing ocean conditions. Additional parameters, but less important, are Hmax and Tmax ,
i.e. the maximum wave height and the maximum wave period among the recorded
waves, respectively. Hm and Tm are the mean wave height and the mean wave period
over the recorded waves, respectively. Further parameters describing the directional in-
formation of the sea are not obtainable from this method and the spectral analysis is
required. These directional parameters are especially important for WECs having a pre-
ferred axis for energy capture. Specifically, two aspects are crucial in the conversion of
energy from waves. Firstly, some devices have a preferred operational direction and cap-
ture maximum energy when the wave direction aligns with this operational orientation
[35]. Secondly, although waves have a dominant direction of propagation, not all wave
energy follows this direction [36]; this characteristic is the basis of the directional spread-
ing concept. These two aspects will be explored and discussed in detail throughout the
thesis.

2.2.2. SPECTRUM ANALYSIS
Describing ocean waves using a spectrum analysis allows the sea surface to be repre-
sented as a stochastic process [37]. The elevation of the free surface of the sea can appear
extremely irregular, however, this can be analyzed through a random-phase/amplitude
model, considering the surface elevation as resulting from the combination of an infi-
nite number of monochromatic sine waves, each with its own frequency, amplitude and



2.2. WAVE ANALYSIS

2

15

Figure 2.3: An example of a sine wave [38]

direction [38].
In particular, each sine wave can be described by its frequency ( f ), expressed in hertz,

which represents the number of crests that pass through a fixed point in one second and
corresponds to the inverse of the wave’s period (T ), stated in seconds. The amplitude (a),
measured in metres, indicates the maximum displacement from mean sea level, equiv-
alent to half of the wave height. Fig. 2.3 graphically illustrates the parameters described
above.
Each frequency and direction that characterizes a sinusoidal component is associated
with an amplitude and a phase. The phase of a wave (ϕ), measured in degrees or radi-
ans, specifies the position of the wave in its oscillation cycle at a given time, identifying
the wave’s progress through its complete cycle. Using Fourier harmonic analysis [39], it
is possible to approximate a real wave with the sum of sine waves. For surface elevations
that vary over time and with components moving in the same direction, the model reads:

η(t ) =
N∑

j=1
a j sin(2π f j t +ϕ j ) (2.3)

Fig. 2.4 describes the concept of irregular wave generated by the linear superposition of
regular waves.
From Fourier analysis, the energy distribution associated at each sea state is obtained.
In particular, two distributions can be deduced, depending on whether directional infor-
mation is considered or not. The distribution of energy over the frequency is known as
frequency spectrum, denoted as S( f ), while the distribution that combines frequency and
directional information is called frequency-directional spectrum, indicated by S( f ,θ).
Depending on the circumstances, it may be advantageous to express the spectrum as
a function of the angular frequency ω according to the following relations

S(ω) = S( f )

2π
(2.4)

S(ω,θ) = S( f ,θ)

2π
(2.5)

where
ω= 2π f (2.6)

The effect of high-frequency components is typically negligible, and establishing a thresh-
old of N sine wave is a feasible compromise that does not sacrifice reliability. Phases and
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Figure 2.4: An example of an irregular wave generated by the linear superposition of sine waves [40]

amplitudes, being random variables, are completely characterized by their respective
probability density functions. In this model, the phase distribution is assumed uniform
over [0, 2π], while the amplitude for each frequency follows the Rayleigh distribution
and can be computed following:

a j l =
√

2S(ω j ,θl )∆ω∆θ (2.7)

where ∆ω and ∆θ are the frequency spectrum and directional resolution, respectively.
The indices j and l correspond to the j − th and l − th frequency and direction of the
wave, respectively.

Despite the irregularity of the waves, both the frequency spectrum and the frequency-
directional spectrum present a relative uniformity, evolving slowly in space and time.
This coherence, in contrast to the apparent chaotic movement of the sea surface, allows
precise and reliable analysis of sea states.

FREQUENCY SPECTRUM
The frequency spectrum describes the distribution of total energy in a sea state over the
frequencies. Since a WEC typically is a resonant oscillator device, tailoring a WEC to the
frequency spectrum is critical for efficient energy capture.
Wave spectra are typically represented as continuous curves joining discrete points ob-
tained from Fourier analysis. These curves tend to have a general shape, like the one il-
lustrated in Fig 2.5. However, the curve is not always smooth. Irregular seas can generate
broad spectra that show multiple peaks, which may be clearly separated from each other
or merged into a very broad curve with different reliefs [41] (Fig. 2.6). This occurs when
different sea states, such as wind waves and one or more swells, propagate simultane-
ously in the same marine area. These sea states are called multi-modal. On the contrary,
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Figure 2.5: Typical frequency spectrum shape for a single system of wind-generated waves [38]

Figure 2.6: Typical frequency spectrum shape for a double system of wind wave and swell

the wave motion resulting from the only swell produces a very narrow spectrum, con-
centrating the energy in a narrow range of frequencies around a peak value [24].

Through frequency spectral analysis it is possible to obtain a series of synthetic pa-
rameters useful to describe the sea states. Indeed, the wave spectrum is a statistical
distribution and many of the parameters derived from it are expressed in terms of the
moments of the distribution. The n-th moment of order n of the frequency spectrum is
defined by the following equation:

mn =∫∞
0 f nS( f )d f (2.8)

The spectral wave height parameter, Hm0, derived from the spectrum, closely ap-
proximates the significant wave height H1/3 derived directly from the wave record [42].
It reads:
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Hm0 = 4
p

(m0) (2.9)

The energy period (Tm−10 or Te ), so-called for its role in computing wave power, de-
scribes the energy in the irregular wave train and gives an indication of how a WEC might
perform in sea conditions. It reads:

Tm−10 = m−1
m0

(2.10)

The peak period (Tp ) describes the dominant wave system in a given sea state corre-
sponding to the value of the period at the peak of the spectrum. Accordingly, the follow-
ing condition must be verified:

S( fp ) = max(S( f )) (2.11)

where the parameter fp corresponds to the peak frequency and, consequently, is equiv-
alent to the inverse of Tp .

The parameter Tm01 is the wave period theoretically equivalent with mean period
computed through the zero-crossing analysis.

Tm01 = m0
m1

(2.12)

The relative spreading of the energy over the frequency, ϵ0, often called the spectral
width, can be defined as the standard deviation of the frequency spectrum, as suggested
in [43]. This measure is normalized by the energy period, which provides a relative mea-
sure of the spread of energy across the frequency. It reads:

ϵ0 =
√

m0m−2

m2
−1

−1 (2.13)

It is important to understand that, under the principle of linear superposition, the
power of each individual wave can be assessed independently and then aggregated to
determine the total average wave power density. Therefore, when analyzing a single sine
wave component, the wave power can be calculated by:

P ( f ) = ρg S( f )cg ( f ) (2.14)

where cg is group velocity, that is the velocity at which the energy is propagating [44] and
is given by:

cg ( f ) = π f
k

(
1+ 2kh

sinh(2kh)

)
(2.15)
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where h is water depth and k is the wavenumeber, providing a cyclic measure of the
number of crests per unit distance.
Under linearity assumption, the mean wave power can be determined by integrating of
the wave power of each individual sine component:

P =∫∞
0 ρg S( f )π f

k

(
1+ 2kh

sinh(2kh)

)
d f (2.16)

Corresponding to

P = ρg 2

64π H 2
m0Tm−10 (2.17)

This formulation is generally approximated [38] with

P = 0.49H 2
m0Tm−10 (2.18)

Typically, a wave field consists of various wave systems, and its spectrum features several
peaks. These formulations are only valuable in uni-modal sea state conditions, when
only one wave train occur. When sea states are bi-modal or multi-modal, it would be
essential to pre-process the spectral information partitioning the spectrum in order to
isolate the different sea state components. This spectrum partitioning is addressed in
the 2.4 section.

FREQUENCY-DIRECTIONAL SPECTRUM
To describe the three-dimensional moving waves, the frequency-direction spectrum S(f,
θ), also known as the multidirectional wave spectrum, must be used. It describes how
the wave energy is distributed over the frequency ( f ) and the propagation direction (θ)
(Fig. 2.7).

Figure 2.7: Typical frequency-directioanl spectrum shape for a single system of wind-generated waves
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When the wind begins to blow, at first short waves are generated. These quickly grow and
the wave system formed consists of waves of various heights, periods and directions. As
the wind diminishes, or as waves move into regions with significantly lower wind speeds,
they transform into swell. The shorter waves dissipate, while the swell waves persist and
travel until they reach a coastline. If the wind direction changes significantly, again the
existing wave system becomes swell, and a new wave system forming over it. Only the
frequency-directional spectrum provides a complete statistical description of the uni-
modal and multi-modal sea states.
The frequency and frequency-directional spectra are linked by a simple relation:

S( f ,θ) = S( f )D( f ;θ) (2.19)

where D( f ;θ) is the directional distribution, that is a frequency-dependence and nor-
malized function such that its integral over the direction is unity. This establishes that:

∫2π
0 D( f ,θ)dθ = 1 (2.20)

The condition of Eq. 2.20 is easily verified:

∫2π
0 D( f ,θ)dθ =∫2π

0
E( f ,θ)
E( f ) dθ =

∫2π
0 E( f ,θ)

E( f ) = E( f )
E( f ) = 1 (2.21)

It should be emphasized that each frequency can have a different directional distribu-
tion. This variability highlights the complex dynamics of wave behavior.

Through the frequency-directional spectrum it is possible to obtain synthetic pa-
rameters that completely describe the sea state. Unlike the frequency spectrum, in fact,
in addition to the spectral significant wave height and different period variables, direc-
tional information can also be deduced. This feature is very important since, for most
oceanographic applications, it is inconvenient to describe a sea state by only two vari-
ables. In the case of frequency-directional spectrum, the formulation for the n-th mo-
ment spectral becomes:

mn =∫∞
0

∫2π
0 f nS( f ,θ)d f dθ (2.22)

Consequently, Hm0, Tm−10, Tm01, and ϵ0 can be calculated on the basis of Eq. 2.9, 2.10,
2.12, and 2.13, respectively, and considering n-th moment provided be Eq. 2.22
The peak period, similarly to the case of frequency spectrum, can be deduced as the
period corresponding to the peak of the spectrum S( f ,θ). Then the following condition
must be verified:

S( fp ,θ) = max(S( f ,θ)) (2.23)

Among the main directional parameters there are the mean wave direction, the direc-
tional spreading and the peak direction. The mean wave direction (θm), as proposed by
Kuik in [45], may be obtained from the frequency-directional spectrum by:
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θm( f ) = arctan

( ∫2π
0 sin(θ)S( f ,θ)dθ∫2π
0 cos(θ)S( f ,θ)dθ

)
(2.24)

The directional spreading, as defined in [45], corresponds to the standard deviation
of the spectral width and it reads:

σθ( f ) =
√√√√2

⌊
1−

√(∫2π
0 cosθS( f ,θ)dθ

)2 +
(∫2π

0 sinθS( f ,θ)dθ
)2

⌋
(2.25)

Moreover, the frequency-directional spectrum can be used to calculate directionally
resolved wave power density Pθ, whitch is a key parameter defining the wave power prop-
agation in a particular direction. It has the form:

Pθ = ρg
∫+π
−π

∫∞
0 S( f ,θ)cg ( f )cos(θi nv −θ)δdθd f (2.26)

where θi nv is the direction investigated, object of analysis, and δ is a parameters to state
that only wave power with a positive contribution to the directionally resolved wave
power, according to [46]. It is reads:

δ=
{

1 for cos(θi nv −θ) ≥ 0

0 for cos(θi nv −θ) < 0
(2.27)

The direction θi nv for which the maximum value of Pθ (PθJmax
) is obtained should be

considered as the direction of the maximum directionally resolved wave power (θPmax ).
This value can therefore be calculated by varying the parameter θi nv within [0,2π] and
identifying its maximum value.

It is important to restate that these formulations, as in the case of the frequency spec-
trum, are only valid for uni-modal sea states. In situations where there is an overlap
of different sea states it is necessary to pre-process the spectral information to obtain,
through the partitioning process, the spectra corresponding to each single coexisting
sea state. The treatise of the partition of spectra is discussed in the 2.4 section.

2.3. SPECTRUM MODELS FOR UNI-MODAL AND MULTI-
MODAL SEA STATES

M ULTI-MODAL sea states describe intricate oceanographic scenarios in which vari-
ous wave systems coexist and interact within the same maritime region. In fact,

wave formations often derive from the interaction of locally generated wind waves with
swell originating from one or more distant locations.
According to [47, 48], a bi-modal maritime state could synthesize the most challenging
marine conditions encountered by sea defenses, beaches, offshore structures, small ves-
sel operations, and naval passages near port entrances.
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Several studies [49, 50, 51] have indicated that the probability of encountering bi-modal
spectra varies between 10% and 30%. However, this frequency may increase depending
on specific sea conditions and measurement locations.
In this context, data combining wind wave and swell characteristics are represented
through a frequency-directional spectrum, showing double-peaked waves. This phe-
nomenon is described by the following equation:

S( f ,θ) = Swi nd w ave ( f ,θ)+Sswel l ( f ,θ) (2.28)

By analyzing exclusively the frequency spectrum the situation is simplified and the
one-dimensional spectrum can be expressed as:

S( f ) = Swi nd w ave ( f )+Sswel l ( f ) (2.29)

In this scenario the spectrum includes the sum of the frequency components of the wind
waves and swell, without considering their respective directional information. This ap-
proach is useful in analyzes where wave directionality is of lesser relevance or difficult to
determine.
Numerous studies have focused on determining typical shapes of frequency and frequency-
directional spectrum. The objective was to estimate of the entire wave spectrum from
known values of a limited number of parameters such as the significant wave height and
wave period.

If the sea state is bi-modal, it is possible to reproduce its frequency spectrum directly
through mathematical formulations. Alternatively, in the case of bi-modal or multi-
modal spectra, it is possible to deduce the frequency-directional spectrum by summing
the frequency-directional spectra relating to the different sea states. This technique al-
lows us to obtain an accurate representation of the distribution of sea wave energy as a
function of direction and frequency. Combining the directional spectra of various sea
states allows complex marine conditions to be precisely modeled, providing a detailed
view of the wave characteristics present in a given area. Furthermore, analysis of bi-
modal or multi-modal spectra can help identify and distinguish the influences of differ-
ent wave systems, such as waves generated by local wind and swell waves from distant
storms, improving the understanding of ocean dynamics.

2.3.1. FREQUENCY SPECTRUM MODEL FOR UNI-MODAL SEA STATES
Numerous models have been proposed to reconstruct the frequency spectrum for uni-
modal maritime states. These models aim to capture the distribution of wave energy
over different frequencies in scenarios where the sea state is predominantly character-
ized by a single wave mode. Uni-modal maritime states are those in which a dominant
wave system prevails, while the other wave components are relatively minor in compar-
ison. Such models can be applied to determine fully developed sea states or waves in a
growing phase.
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The Pierson and Moskowitz [52] proposed an empirical form for the entire spectrum,
based on fully developed sea states. The empirical formulation reads:

SPi er son−Moskowi t z ( f ) =αP M g 2(2π)−4 f −5exp
[
− 5

4

(
f
fp

)−4]
(2.30)

where αP M is the energy scale parameter.

The Bretschneider spectrum [53], also know as ISSC or Modified Pierson-Moskowits
(MPM) spectrum, is used for open seas without limits of fetch, i.g. the portion of the sea
over which the wind is blowing, or wind blow duration [54], as the Pierson-Moskowitz
one.

SBr et schnei der ( f ) = 5
16 H 2

S f 4
p f −5exp

[
− 5

4

(
f
fp

)−4]
(2.31)

It was soon realized that at in fetch-limited conditions, i.e. where wave growth under
a steady offshore wind was limited by the distance from the shore, the spectral shapes
can differ significantly [55].
The JONSWAP (Joint North Sea Wave Project) [56] spectrum is often used to describe
waves in a growing phase. Data were collected during a meteorologial experiment in the
North Sea and from these observations gave a bit of different description of the wave
spectra shape. A peak enhancement paramter was added to the Pierson-Moskowitz for-
mulation, obtaining:

S JON SW AP ( f ) =αP M g 2(2π)−4 f −5exp
[
− 5

4

(
f
fp

)−4]
γ

exp[− 1
2 (

f / fp−1
ϵ0

)2] (2.32)

The parameter ϵ0 corresponds with the spectral width over the frequency, γ is the peak
enhancement parameter which regulates the degree of energy concentration around the
peak frequency and Aγ is a normalizing factor. The γ formulation follows:

γ=



5 for
Tpp
Hs

≤ 3.6

exp
(
5.75−1.15

Tpp
Hs

)
for 3.6 < Tpp

Hs
< 5

1 for 5 ≤ Tpp
Hs

(2.33)

and

Aγ = 1−0.287ln(γ) (2.34)

If γ is equal to 1, then the spectrum is a Pierson-Moskowitz spectrum, otherwise, for
high values of γ (> 3.3) indicate very narrow spectra, in which most of the wave energy is
concentrated around the peak frequency. On the contrary, lower values of γ (< than 3.3)
represent sea states with greater variability in wave frequency.
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2.3.2. FREQUENCY SPECTRUM MODEL FOR BI-MODAL SEA STATES
Because oceans and seas are characterized by a wide range of dynamic and changing
conditions, it is common to encounter sea states that are not limited to a single wave
mode, but can be bi-modal or even multi-modal.
Given the complexity of such situations, several formulations and methodologies have
been proposed to model and analyze wave spectra more accurately and in detail.

Ochi and Hubble [57] provide the most probable spectrum with a 95% confidence
limit for a given significant wave height [58]. They formulated a double-peak spectral
model where the resulting spectrum is represented as the sum of two distributions, each
corresponding to a sea state:

SOchi−Hubble ( f ) =
2∑

j=1

H 2
s j

Tp j (λ j +0.25)λ j

4Γ(λ j )T
(4λ j +1)
p j

exp

(
−λ j +0.25

T 4
p j

f 4

)
(2.35)

where Γ(.) is the gamma function and the j is an index used to define the sea state sys-
tem. For j = 1 we are referring to swell sea system and for j = 2 we are referring to wind
sea. The calculation of this spectrum requires the knowledge of three parameters: signif-
icant wave height (Hs ), spectral peak period ( fp ), and the shape factor (λ). In particlular,
λ corresponds to:

λ j =
{

3 for j = 1

1.54exp(−0.062Hs ) for j = 2
(2.36)

2.3.3. DIRECTIONAL SPECTRUM MODEL FOR UNI-MODAL SEA

STATES
Similar to frequency spectra, various studies have been conducted to develop mathe-
matical formulations that can provide directional spectra in the absence of direct mea-
surements, using only synthetic parameters instead.
The analytic shapes of the directional spectrum are grounded in the principle that di-
rectional distributions can be treated as probability distributions of an angular variable,
applying theories used for angular probability distributions [59]. Since waves take en-
ergy from the wind, it is usually supposed that this distribution has a maximum in the
wind direction and that it falls off gradually to the offwind directions.

Mitsuyasu [60] proposed a formulation for directional distribution based on mea-
surements of directional wave spectra recorded at offshore locations in the Japan Sea
and the Pacific Ocean. From the collected data, the directional distribution was esti-
mated. The Mitsuyasu’s directional distribution takes the following form:

D( f ,θ)Mi t suy asu = A(s)cos2s
(
θ−θm

2

)
(2.37)

where the parameter A, depending on s, is the directional dispersion parameter that cor-
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responds to the normalization factor that guarantees that Eq. 2.20 is satisfied. It reads:

A(s) = Γ(s +1)

Γ(s + 1
2 )2

p
π

(2.38)

To determine the parameter s the Mitsuyasu’s formulation proposes the following
parametrization:

sMi t suy asu =
 sp

(
f
fp

)5
f < fp

sp

(
f
fp

)−2.5
f ≥ fp

(2.39)

where the parameter sp is given by:

sp = 11.5
(

U10
cp

)−2.5
(2.40)

U10 corresponds to the value of the wind speed at 10 m above sea level and cp is the deep
water phase speed at the spectral peak and it reads:

cp = g
2π fp

(2.41)

From the analysis of data recorded during the JONSWAP experiment, Hasselmann
[61] used the measurements obtained from in-situ campaign to propose an expression
for s, which reads:

sH assel man =
6.97

(
f
fp

)4.06
f < 1.05 fp

9.77
(

f
fp

)µ
f ≥ 1.05 fp

(2.42)

where the parameter µ is dependent on the age of the waves as follows:

µ=−2.33−1.45
(

U10
Cp

−1.17
)

(2.43)

A further formulation of the directional distribution is given by Donelan [62], also
based on recorded data. Unlike the measurements made by Mitsuyasu and Hasselmann,
the data used by Donelan came from waves recorded in Lake Ontario and from an exper-
imental campaign performed in the laboratory. The directional distribution proposed by
Donelan is:

DDonel an( f ,θ) = 1
2βsech2

⌊
β(θ−θm)

⌋
(2.44)
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where

βDonel an =


2.61

(
f
fp

)1.3
0.56 ≤ f

fp
< 0.95

2.28
(

f
fp

)−1.3
0.95 ≤ f

fp
< 1.6

1.24 1.6 ≤ f
fp

(2.45)

Banner [63] suggested an alternative formulation for the parameter β proposed by
Donnelan, assuming that it varies also when the ratio between f and fp is less than 1.6.
The Donelan–Banner distribution consists of the Donelan distribution and the Banner
definition for β, which reads:

βB anner =


2.61

(
f
fp

)1.3
0.56 ≤ f

fp
< 0.95

2.28
(

f
fp

)−1.3
0.95 ≤ f

fp
< 1.6

10

(
−0.4+0.8393exp

⌊
−0.567ln

(
f

fp

)2
⌋)

1.6 ≤ f
fp

(2.46)

2.4. WAVE SPECTRUM PARTITIONING TECHNIQUES

A CCURATELY understanding and modeling the various components of waves is fun-
damental to improving the design and management of maritime and coastal struc-

tures, thus strengthening their safety and effectiveness in the complex marine dynamics.
To this end, it is essential to use partitioning techniques, delineating the components re-
lated to wind waves from those of swell. These spectral analysis techniques are generally
classified into one-dimensional (1D) and two-dimensional (2D) approaches.

2.4.1. ONE-DIMENSIONAL PARTITIONING TECHNIQUES
The 1D approach, due to its practicality, is the most widespread and involves the parti-
tioning wave spectrum based on the frequency. This entails associating lower frequen-
cies with waves generated by swell and higher frequencies with wind waves. Such meth-
ods can rely solely on the wave frequency spectrum or incorporate wind speed data,
offering a more comprehensive analysis.

Earle [48] proposed a method for partitioning the spectrum based on the idea that
wind waves and swells are characterized by different energy distribution over the fre-
quencies, with wind waves having a higher frequency range and swells lower frequency
range. The partition is then based on the partitioning frequency ( fs ) parameter as fol-
lows:

fs = 0.8 fP M (2.47)
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where fP M is the peak frequency of the Pierson-Moskowitz spectrum and corresponds
to:

fP M = 0.13 g
U10

(2.48)

Based on the wave frequency spectrum observed by in-situ instruments, Wang and
Hwang [64] derive a formulation based on the wave steepness, defined as the ratio be-
tween the significant wave height and the wavelength. The frequency value used for the
partitioning is mainly influenced by shorter waves, on the contrary, the contribution of
the swell components, characterized by longer wavelengths, is almost negligible [65]. As
a result, the peak of the wave steepness function aligns closely with the peak of the wind
sea. This offers a practical means of delineating wave and wind components without
relying on wind data. It reads:

fs = 4.112 f 1.746
m (2.49)

where fm is the peak of the steepness function α( f∗) at frequency f∗, having the follow-
ing formulation:

α( f∗) = 8π
[∫ fmax

f∗ f 2S( f )d f
]

g
[

(
∫ fmax

f∗ S( f )d f
] 1

2
(2.50)

whit fmax as upper frequency limit of the spectrum.

Portilla et al. [66] formulated the spectrum partitioning model on the basis of the
depression existing between the two adjacent peaks in the spectrum, considering this
depression as the boundary of the wave systems. In this way, the wind wave and swell
could be separated. The proposed partitioning technique is based on the value assumed
by the coefficient λ. Its formulation is:

λ= S( fp )
SP M ( fp ) (2.51)

where S(.) is the measured wave spectrum and SP M (.) is the Pierson-Moskowitz spec-
trum, both calculated at the peak frequency fp .
In particular, the technique suggests that the wave system is a wind wave when λ >1,
otherwise the wave system is a swell. The assumption underlying the formulation is that
the wind wave spectrum will exceed the corresponding PM spectrum before reaching
the fully developed state.

2.4.2. TWO-DIMENSIONAL PARTITIONING TECHNIQUES
The first 2D partitioning algorithm was presented by Gerling in [67], offering greater ac-
curacy than the 1D approach. This method simultaneously exploits wind vector infor-
mation and wave frequency-directional spectra to discriminate between wind waves and
swell. Among the algorithms proposed below, Komen’s [68] appears to be one of the most
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widely adopted.

The two-dimensional partition technique proposed by Komen et al. [68] relies on
both the wind vector and the wave directional spectrum, which provides a comprehen-
sive representation of the internal structure of ocean waves in both frequency and direc-
tion domains. The formulation established that the wave component can be identified
as purely wind-driven, then a wind wave, when the following relationship holds true:{

ηU10
c cos(θ−ψ) > 1∣∣θ−ψ∣∣< π

2
(2.52)

where c is the phase speed, θ is the wave direction, ψ corresponds to the wind direction
and η is a constant equal to 1.3.
Despite its increased accuracy, the practical application of this 2D technique remains
limited mainly due to difficulties in acquiring simultaneous measurements of wind vec-
tors and wave directional spectra.

A methodological alternative more suitable for practical applications is represented
by the WavSEP method, proposed in [69]. This method partitions the spectrum in the
first phase and subsequently categorizes the partitions as wind waves or swells in a sec-
ond phase. In particular, during the categorization phase, different methodologies can
be used, including one that does not require knowledge of the wind speed.
The WavSEP method is based on the idea that the frequency-directional spectrum has
a behavior similar to that of topographic surfaces, allowing a partition to be applied by
processing the spectral trend as if it were a topographic surface. In particular, the par-
tition is based on a digital watershed image processing algorithm proposed by Vincent
and Soille [70], whose applicability for wave analysis is demonstrated in [71]. The spec-
tral frequency-directional surface is then inverted, with the peaks corresponding to the
watersheds of the topographic surfaces. In this case, the partition boundaries coincide
with the watershed lines derivable using the approach proposed in [70]. In particular, the
approach consists in imagining progressively filling the river basins and building dams
at the watershed points, i.e. at the points that separate two adjacent river basins. Apply-
ing this procedure, each minimum is completely circumscribed by dams that delimit the
associated catchment area. The subdivision of the different river basins, here assumed
as the subdivision of the spectra, is made up of the dams themselves.
Subsequently, each partition can be categorized as wind wave or swell based on the par-
titioning frequency ( fs ) parameter according to [48] or [64].
This algorithm is implemented in the Wavewatch III numerical wave propagation model
code [72] to perform spectrum partitioning and a set of Matlab functions are delivered
through GitHub with a free GNU General Public License [73].

2.5. DICUSSION

T HIS chapter establishes a solid theoretical basis for ocean wave analysis, highlighting
the importance of a detailed understanding of wave characteristics for the efficient

design of WECs. The statistical and spectral analysis techniques described are crucial
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to accurately evaluate the energy potential of waves and reduce levels of uncertainty
in device design. In particular, the short-term statistical analysis of sea waves repre-
sents a fundamental step to understand the temporal evolution of sea states in the site
of interest. The determination of synthetic wave parameters allows each sea state to
be described, proving essential for the design and optimization of WECs. However, it is
equally important to consider long-term statistical analysis to identify extreme environ-
mental conditions that could affect device survivability.
The zero-crossing method and spectral analysis emerge as fundamental techniques for
wave analysis. The zero-crossing method, although useful for determining synthetic pa-
rameters such as significant wave height and energy period, does not provide directional
information. Spectral analysis, on the other hand, allows a more advanced description
of ocean waves as stochastic processes, decomposing them into sinusoidal components
characterized by frequency, amplitude and direction.
The spectral models discussed in the chapter offer tools for reconstructing the frequency
and directional spectrum of waves based on synthetic parameters. Spectrum partition-
ing techniques, both one-dimensional and two-dimensional, are essential to distinguish
between wind waves and swell waves, improving the understanding of the sea states that
occur at the site of interest.
These concepts are fundamental for the continuation of the study, which aims to evalu-
ate the performance of the PeWEC in different and complex sea conditions.

2.6. CONCLUSION

T HE chapter provides the theoretical and methodological foundations necessary for
the analysis of ocean waves, demonstrating that a detailed understanding of wave

characteristics is complex and a multitude of approaches are possible.
From this chapter it emerges that the short-term statistical analysis of waves is crucial to
determine the synthetic parameters necessary for the description of sea states. However,
long-term analysis is equally important to identify extreme environmental conditions
that could affect the durability of WECs. Furthermore, spectral analysis is more accu-
rate and versatile than the zero-crossing method, providing a more detailed description
of the waves. In particular, the directional variability of the different wave components
that constitute the sea states is described in detail through the directional spreading pa-
rameter.





3
OCEAN WAVES DATA SOURCES &

WAVE ENERGY ASSESSMENT

STANDARDS

3.1. INTRODUCTION

M ANY stakeholders are associated with ocean observation services who benefit from
this information, for example in planning, scientific understanding of the ocean,

protection of the marine environment, safety of navigation and evaluation of economic
gains. Although each stakeholder has different interests and objectives, the acquisition
of marine and environmental parameters is fundamental to their activities. The impor-
tance of the available data influences both the methodological approach in wave anal-
ysis and the quality of the results obtained. In general though, it is essential that wave
data meets several requirements to be considered reliable and useful in the long term.
These requirements include:

• High information content: this implies that the data should provide a wide range
of detailed information, allowing the analysis and extraction of all relevant param-
eters to understand the wave phenomena. This includes not only information on
wave heights and frequencies, but also on wave directions and directional spread-
ing [74, 75].

• Reliability and precision: data must be accurate and reliable, ensuring that mea-
surements are consistent and truthful over time. This is essential to plan, design
and operate in the marine field safely and effectively [75].

• Good temporal coverage: it is important that the data covers a sufficiently long pe-
riod of time to capture the natural variability of the wave motion in the site under
consideration. Adequate temporal coverage allows us to observe and analyze sea-
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Figure 3.1: The six degrees of freedom of a floating body [77]

sonal variations, extreme events and long-term trends in wave behavior, also due
to the effects of climate change.

• Geographic representativeness: the data must be relevant and representative for
the specific geographical area in which the wave study is conducted. This means
that data should be collected from stations or devices strategically placed and rep-
resentative of site conditions, ensuring that the information obtained is relevant
and useful for local wave analysis.

Often no single data source can meet all of these criteria at once. Consequently, it
is a common practice combining different data sources, comparing and integrat-

ing them, to obtain a complete and reliable overview of the wave phenomenon.

The in-situ measurements represent the most accurate and reliable methodology but
have the disadvantage of being subject to technical problems and requiring bureaucratic
permits for their installation. Furthermore, they are expensive to install and maintain
due to harsh marine weather conditions. This data gathering method also affects the
total energy cost in offshore renewable energy projects [76]. For these reasons, in-situ
instrumentation is sparse in space and, when available, the number of years recorded
is often very limited. Furthermore, they describe the environmental conditions and sea
states only of the specific installation site and therefore may not provide useful informa-
tion even at close range. In-situ instruments encompass a variety of operating principles,
many of which depend on the wave-induced movements of the device. The movements
of a rigid body are described by six degrees of freedom: three translational movements
known as surge, sway, and heave, and three rotational movements called pitch, roll, and
yaw (Fig. 3.1). Understanding these specific types of motions is crucial for comprehend-
ing how sensors that operate on movements, such as those functioning in pitch-heave-
roll motion, work effectively.
As for visual measurements, although they can be useful for observing and evaluating
wave motion from ships at sea in sites where there are no instruments [24], they have
little use in the design of Wave Energy Conversion devices (WECs). This is due to the fact
that visual observations produce poor dataset, discontinuous in space and time and are
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not always compatible with those obtained through instrumental measurements. Visual
observations, although simple to make, tend to be approximate compared to instru-
mental data [38]. For example, visual observations of wave height tend to correspond
to significant wave height, but observations of wave period are much less reliable than
instrumental ones. Although seafarers are considered expert observers and are able to
distinguish multiple wave trains, estimate the height and period of each train, and pro-
vide directions of travel of the waves, observations from ships can be affected by location
and movement of the ship itself, and therefore may be subject to a certain variability.
Finally, satellite data are not yet fully exploited but are generally used for the calibration
and validation of numerical wave models [78, 79, 80]. The small number of measurable
parameters, the complexity of access and processing, as well as the discontinuous spa-
tial and temporal availability [81], make satellite data particularly promising but not yet
fully exploited. In fact, through this observation technique it is possible to collect the
significant height of the waves, and other parameters, all over the world, even in areas
where the installation of instruments would be unfeasible [82].
It must be notice that, when the measured data are not sufficient or when it is necessary
to extend the temporal coverage of the available datasets, the use of numerical models
represents a valid and widely adopted alternative. These models allow to accurately sim-
ulate waves propagation.

3.2. IN-SITU TECHNIQUES

I N situ instruments, so named because they can be installed directly on or beneath
the sea’s surface, or even drill into the surface itself, form an essential part of oceano-

graphic monitoring efforts and wave research. These instruments vary in their configu-
ration and positioning, allowing a wide range of possibilities to choose the appropriate
sensor for each case study.
One of the most common types of in situ instruments are floating buoys. Positioned di-
rectly on the sea surface providing crucial data on wave patterns. Some buoys can be
equipped with additional sensors to also measure other environmental variables, such
as temperature, salinity and surface currents.
Other sensors pierce the sea surface, such as wave probe rods. These rods extend from
the surface to a point below the surface of the sea.
Other in situ instruments can be mounted on the seabed, such as Acoustic Doppler Cur-
rent Profilers (ADCPs) providing an accurate assessment of wave characteristics along
the vertical water profile.

3.2.1. WAVE BOUYS
One of the most commonly used instruments for open-sea wave measurement is the
surface buoy (Fig. 3.2). Typically, a buoy data is processed onboard, and both raw and
processed data can be stored or transmitted to shore via radio or satellite link [24]. While
buoys generally perform well, they may underestimate short waves and resonate at their
natural frequency due to their finite mass and dimensions. Additionally, spherical buoys
tend to avoid steep wave parts by rotating around the wave crests, while flat-hulled buoys
may even capsize in steep waves [32]. Despite these limitations, buoys are widely used
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and perform effectively overall.
Special attention must be paid to mooring design to allow the buoy’s free movement
without impeding its function. Mooring design should consider the water depth, cur-
rents, and wave climate of the deployment site. Typically, at least one section of the
moorings is made of elastic material to facilitate the buoy’s free movement. Double-
anchor mooring configurations may be necessary if the buoy is to be deployed in an area
subject to high tidal range and strong currents. A distinction can be made depending on
whether the buoy is directional or not.

Figure 3.2: An example of wave buoy technique

NON-DIRECTIONAL WAVE BUOY
Non-directional surface instruments are the accelerometer buoys, record only the heave
motions, representing vertical displacements. By integrating the vertical acceleration
twice, these buoys derive the vertical movement and thus the sea surface elevation over
time. The most successful non-directional wave buoy is the Datawell Waverider [83],
which measures its vertical acceleration on a gravity-stabilized platform.

DIRECTIONAL WAVE BUOY
As for directional surface buoys, two sensors have been developed: the pitch-roll-heave
(PRH) buoys and the Displacement buoys.
PRH buoys were first used in the 1960s [84]. They track the slope of the sea surface by
measuring the time series of vertical acceleration (heave) and two orthogonal compo-
nents of the surface slope (pitch and roll). This requires the inclinometer sensors to
detect the inclination of the buoy in two orthogonal directions and a sensor to monitor
the direction towards true north. The Oceanor Wavescan [85] is the most widely used
PRH system. It provides directional wave parameters, sea surface temperature, salinity
profiles, and surface current parameters, and it is particularly suitable for measurements
in deep waters and areas with strong currents.
Displacement buoys, record their horizontal motion (surge and sway) to identify the di-
rectional information. An example of such buoy is the Directional Wavereider by Datawell
[83], which employs the Earth’s magnetic field to measure the surge and sway motions.
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Wave heights and periods can be determined from the analysis of the vertical motion of
the buoy, while directional information is obtained from the horizontal displacement of
the buoys.

3.2.2. WAVE PROBES
Wave probes are made up of one or more stainless steel rods that exploit the measure-
ment of electrical conductance or capacitance. They are mounted vertically on a fixed
platform above water level up to a certain level below the water surface (Fig. 3.3). The
level to which the instruments must be submerged is such that one end is always sub-
merged. The wave probes record the temporal evolution of the water surface moving
along the measuring rod.

Figure 3.3: An example of resistive wave gauge technique

There are a number of advantages gained by using this device since the probes are ro-
bust, easy to calibrate and use [32]. Furthermore, the measurement errors of such in-
struments are generally small. They depend on the presence of a thin film of water that
remains on the rod when the wave attenuates. The water surface is therefore recorded at
a slightly higher altitude than the elevation. Like non-directional buoys, these measure-
ment techniques do not provide direction data but it can be otain using an array of wave
probes [86]. In this regard, three rods can be positioned in a triangular pattern to obtain
information about the direction of the waves.
As a weaknesses there is a decrease in performance in the presence of material on the
surface of the water, such as contaminants and oil, which can compromise measure-
ments.
Commonly utilized in experimental campaign, these instruments are less frequently em-
ployed in marine environments due to the need for a stable platform and caused by the
harsh environments.

CONDUCTANCE WAVE PROBES
The conductance probes record the conductance of the exposed part of the rod. In prac-
tice, two rods or a rod with a series of electrodes that short-circuit on the surface of the
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water are used [32]. These probes are designed on the principle that the electrical con-
ductivity of a medium changes with its composition and ion concentration, which in
turn can be used to infer other properties, such as water level.
In typical configurations, conductance probes consist of two rods or a single rod equipped
with an array of electrodes. These electrodes are strategically placed along the length of
the rod and work by creating a short circuit when they come into contact with the sur-
face of the water. The basic idea is that when the water level reaches the electrodes, an
electrical circuit closes between them.

CAPACITIVE WAVE PROBES
The capacitive probes measure the electrical capacity of two parallel electrical rods. These
probes work on the principle of capacitance, which is the ability of a system to store an
electrical charge [32]. Specifically, capacitive level measurement involves two parallel
rods that act as electrodes. When the rods are immersed in water, they form a capacitor
with the material acting as a dielectric medium between them. The basic principle is
that the capacity of this system varies depending on how much the rods are submerged.

3.2.3. ACOUSTIC DOPPLER CURRENT PROFILER
Acoustic Doppler Current Profilers (ADCPs) are instruments used to measure the char-
acteristics of sea waves by emitting sound pulses towards the sea surface and measure
the time it takes for the sound to return (Fig. 3.4). By analyzing these travel times and
changes in the frequency and amplitude of the reflected sound, the characteristics of the
waves can be determined.

Figure 3.4: An example of ADCP technique

In particular, they measure the speed of water flow through the processing of short sound
pulses of known frequency transmitted towards the water surface and by measuring the
Doppler shift of the signal reflected towards the sensors [87]. The transmission and re-
ception of acoustic signals generally occurs through 4 transistors which allow the direc-
tional spectra to be reconstructed. By means of 3 transistors the flow velocity vector is
obtained and the last one provides redundant information for error control [32]. AD-
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CPs can be installed on fixed platforms, such as seabeds, or mounted on autonomous
underwater vehicles, for more flexible measurements. In both cases they provide a mea-
surement of the flow velocity profile over the entire overlying water column.
It must be kept in mind that as the depth at which the instrument is located increases,
the precision and efficiency of the sensor decreases. Typical depth ranges vary between
a few meters to a hundred meters. Furthermore, in seas with low suspended particle
density, such as in the Tropics, the instrument may provide unreliable measurements as
not enough suspended particles are affected by the pulses. Furthermore, measurement
errors may exist in the presence of bubbles in turbulent water, such as during breaking
waves, or in the presence of schools of fish.

3.3. REMOTE-SENSING TECHNIQUES

R EMOTE sensing instruments provide wave information through measurements taken
above the sea surface. Such instruments can be installed on an offshore platform, a

ship, an aircraft or a satellite. The operating principle, similar to that of ACDP sensors,
is based on the reception of signals reflected from the sea surface. Such signals can be
visible light, infrared or radar energy. The most important operational difference com-
pared to in-situ techniques is that the recordings do not describe the wave conditions of
a fixed point, as for in-situ instruments, but that the sensors interrogate an area of sea,
called footprint, and describe its average condition.
Generally, these sensors are not installed in harsh and adverse marine environments.
In particular, they are installed in safe environments such as offshore platforms or on
satellites. This feature reduces the probability of damage and therefore data loss.

3.3.1. STEREO-PHOTOGRAPHY
Early methods for wave shape measurement relied on stereo-photography, where pairs
of synchronized photographs were analyzed to reconstruct a 3D map of the sea surface.
This technique, pioneered by Schumacher in 1939 [88], involved identifying correspond-
ing points in each image and determining their coordinates. Such images can captured
from a single platform, providing insights into localized wave features within a limited
area, typically less than 30 m x 30 m. Alternately, a broader coverage can be achieve using
pairs of aircraft (Fig. 3.5), [89], facilitating the production of comprehensive directional
wave spectra.
Despite effectiveness of this technique, a significant challenge persists due to variable
lighting conditions. To address this, alternative approaches have been explored, in-
cluding the use of infrared or polarization cameras. These advanced technologies, of-
fer promising solutions by mitigating the impact of lighting variations and enhancing
texture for more reliable correlation analysis [90].

3.3.2. HIGH FREQUENCY RADAR
High frequency radar, also called HR radar, is a system that exploits the radio wave band
with frequencies between 3 and 30 MHz and wavelengths from 10 to 100 meters [32].
They were designed mainly to measure surface currents over large areas of sea but also
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Figure 3.5: An example of stereo-photography technique

allow the description of waves. This type of instrument can be installed on coasts, off-
shore platforms (Fig. 3.6) or ships and one of its main characteristics is the ability to
reach considerable distances, up to 200 km of range, allowing the monitoring of large
marine areas.

Figure 3.6: An example of HR radar technique

Furthermore, thanks to the triangulation between two or more distant stations, it is pos-
sible to generate detailed maps of marine currents and directional spectra.
Although HF radar installations require a significant initial investment to purchase and
install, operation and maintenance costs are generally lower than offshore operations
[32]. Furthermore, thanks to the permanent connection to electrical and communica-
tions networks, HF radars are generally more reliable than marine alternatives.

3.3.3. SATELLITE
While traditional wave recorders retain an important role for detailed short-term obser-
vations in specific coastal or shallow water areas, satellite technology offers broad spa-
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tial coverage and valuable long-term data. Indeed, wave measurement through satellite
technologies represents a notable advance compared to traditional methods, as it offers
global spatial coverage [91].

The first satellite in orbit, Sputnik I [92], was successfully launched on October 4,
1957, marking the beginning of the space age. Since then, numerous space missions
have been completed with the support of governments through their space research or-
ganizations, such as NASA (National Aeronautics and Space Administration) [93], ESA
(European Space Agency) [94], Roscosmos (Russian State Corporation for Space Activ-
ity) [95] and CNSA (China National Space Administration) [96].
Satellites typically carry one or more instruments on board and operate across different
bands of the electromagnetic spectrum, from visible to microwave wavelengths. This en-
ables simultaneous measurement of a multitude of environmental parameters through
various sensors.
A key distinction from traditional wave recorders, which monitor the temporal move-
ment of the water surface at a fixed point, lies in the fact that satellite sensors interrogate
a larger zone, providing measurements of average conditions over an entire area (Fig.
3.7).

Figure 3.7: An example of active radar sensor technique

Various satellite instruments are employed to observe the ocean surface and measure
wave characteristics. These instruments utilize different techniques and technologies
to gather valuable data for oceanographic research. In particular, active radar remote
sensing systems are advanced instruments that play an essential role in acquiring in-
formation about wave characteristics. These systems operate by sending a signal and
receiving its echo, allowing for the detection and mapping of various attributes of the
observed environment. The most significant advantage of these radars is their ability
to operate effectively at any time, both day and night, and under any weather condi-
tions, overcoming the limitations of other observation methods that may be impeded by
clouds or other adverse weather conditions.
Active radars that measure waves are divided into two main categories: Synthetic Aper-
ture Radar (SAR) and altimeters. SAR devices are imaging systems that perform two-
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dimensional (2D) measurements. These systems produce reflectivity images that enable
detailed mapping of the sea.
On the other hand, altimeters are typically used to measure the distance from the land or
sea surface to the satellite, providing a one-dimensional (1D) reflectivity profile. Lastly,
SAR altimetry, also known as delay-Doppler altimetry, is a recent data processing tech-
nique in altimetry used to achieve improved spatial resolution in the direction of the
satellite’s trajectories.

SYNTETIC APERTURE RADAR
The Synthetic Aperture Radar (SAR) represents one of the most versatile and useful satel-
lite sensors in the field of oceanography, allowing the measurement of the directional
characteristics of ocean wave fields [97]. This instrument is capable of producing high
resolution images, from which directional spectra can be derived.
Such images are not direct representations of the surface, but rather raw data that re-
quires complex processing to extract ocean wave information [98]. However, the obser-
vation capacity of SAR is limited by a spatial resolution that only makes observations
possible on waves with lengths greater than about 50 meters, corresponding to swells
[97]. Limitations of spatial resolution can compromise the reliability of measurements,
especially in closed seas where waves are shorter and more complex.
The principle of SAR, proposed by Wiley in 1951 [99], exploits the Doppler information
coming from the returning echoes in a coordinated manner [100]. In practice, as the sen-
sor moves, it continues to observe the same area from different positions. This method
allows the area of interest to be viewed from multiple angles, and the various observa-
tions are then combined in a coherent manner to create a composite image. This image
offers a detailed and accurate representation of the monitored surface. The use of this
principle is particularly effective in oceanography for measuring wave height, as it allows
obtaining high-resolution images that show the dynamics of sea surfaces. It is important
to note that the specific method used, known as stripmap, means that the radar antenna
remains fixed, without orienting itself during data collection. As a result, the angle at
which sensor view the target remains constant during the detection process.
Despite spatial and temporal challenges, SAR remains a valuable tool for studying ocean
waves in the open ocean, where its ability to detect directional spectra can provide cru-
cial information on sea dynamics. However, the enormous amount of data produced
and the costs associated with their processing and transmission still represent signifi-
cant limitations to the widespread use of SAR for ocean wave observation.

RADAR ALTIMETER
The radar altimeters measure the distance from the satellite to the sea surface with an
accuracy of a few centimeters [101, 102], allowing the significant height of waves within
of the area interrogated by the sensor, i.e. the footprint.
In contrast to other observing systems, the significant wave height is determined directly,
without the need for spectral analysis or zero-crossing analysis. Specifically, this tech-
nique describes the average marine conditions of the footprint, generally having a foot-
print radious between 2km and 15km with a spatial resolution between two consecutive
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footprint of 7 km [103].
The typical setup involves a radar antenna looking down, at the nadir, towards the sea
surface. The operating principle is based on determining the distance, usually referred
to as range, which is determined by the delay of a radar pulse traveling from the trans-
mitting antenna to the target and back to the receiving antenna [104]. The radar receives
echoes first from the crests of the waves and then from the troughs: this difference in
travel time between crests and troughs distributes the echoes over time and determines
the waveform, i.e., the evolution of the received power over time. The significant wave
height is estimated from the leading edge slope of the waveform [105].
It should be noted that for coastal data, validity is not always guaranteed as echoes hit-
ting the mainland compromise the precision and reliability of the measurements. This
phenomenon, known as signal contamination, can lead to distortions in the data and
make it difficult to correctly interpret marine conditions in coastal areas [106].
Moreover, an innovative application of altimetry was developed to overcome the limita-
tions of traditional altimetry. SAR altimetry [107], or delay-Doppler altimetry, was first
used in 2010 during the CryoSat-2 mission [108]. It processes altimetric data by exploit-
ing the Doppler effect, which is generated by the relative movements between the satel-
lite and target. This technique allows the spatial resolution of the collected data to be
improved, especially in the direction of the satellite’s movement, i.e. along-track, reach-
ing 300 m. The transversal resolution, however, remains unchanged. Another advantage
concerns the improvement in the precision of the estimated geophysical parameters,
higher than conventional altimetry. Furthermore, signal contamination due to proxim-
ity to the coast is reduced due to the reduction in spatial resolution. Using SAR altimetry
therefore provides a better noise reduction capability in coastal areas.

3.4. NUMERICAL MODEL TECHNIQUES

T HE origins of weather forecasting can be traced back to the military needs high-
lighted during the Crimean War, where a devastating storm led to 38 ships and 3

warships were thus sunk [109]. This induced astronomer Urbain Le Verrier, under the
commission of Napoleon III, to explore the potential for predicting such meteorological
events. Le Verrier’s research laid the groundwork for applying the principles of fluid dy-
namics and thermodynamics to forecast weather patterns.
Further advancements occurred during World War II when Sverdrup and Munk con-
ducted studies on wave prediction based on statistical analysis of wave heights [110].
However, significant progress in meteorological research awaited the introduction of the
wave spectrum concept by Pierson and Marks [111] and the subsequent development of
computational technology.
These advancements were not solely aimed at predicting wave conditions but also in-
volved generating statistical data on wave climate. Early spectral models and the first
and second-generation models were limited in their interactions and physical terms they
accounted for and were based on Miles theory [112]. By the late 1980s, third-generation
models were developed [113], offering a comprehensive description of wave physics.
Today, these third-generation numerical wave models continue to be essential for both
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hindcasting and forecasting purposes. A well-calibrated and validated wave model is
crucial for minimizing uncertainties in assessing both long-term and short-term marine
resources. Numerical models remain at the forefront of understanding wave climatology,
whether for a specific site, a regional area, or an entire ocean basin. This understanding
is crucial for supporting a wide array of activities, including the design and operation
of ports, coastal erosion and sediment transport analysis, and the evaluation of wave
energy potential. In modeling WECs, knowledge of a long, gap-free, time series is funda-
mental and the use of modeled data is widely used to meet this need. In fact, sea state
information should cover a period of at least 10 years, in order to capture the variability
of the resource and conduct statistically robust analyses [114].

All information about the sea state is contained in the energy density spectrum (E(σ,θ)),
distributing wave energy over radian frequencies (σ) and propagation directions (θ). The
third-generation models determine the evolution of the action density in space and time,
represented as N (σ,θ)=E(σ,θ)/σ, because, in contrast to energy density, the action one
is conserved during propagation along its wave characteristic in the presence of ambient
current [115]. Action balance equation, in a non-stationary condition and with spherical
coordinates, has the following expression [116]:

∂N

∂t
+ ∂cλN

∂λ
+ cos−1ϕ

∂cϕcosϕN

∂ϕ
+ ∂cσN

∂σ
+ ∂c̃θN

∂θ
= Stot

σ
(3.1)

where λ is the latitude, ϕ is the longitude.
The term Stot summarizes the non-conservative source/sink component, encom-

passing all physical processes that influence the generation, dissipation or redistribution
of wave energy at a specific point.

Numerical wave models can be categorized into ocean or coastal models. This dif-
ferentiation is not deterministic, in fact, each model can be used in a variety of contexts,
but it is their computational capacity, efficiency and precision that determine their suit-
ability for specific applications. For example, ocean models are generally designed to
handle large areas and open marine conditions, where interactions with the seafloor
are less critical. These models, such as the WaveWatch III (WW3) [117] and the WAve
Model (WAM) [118], are optimized to simulate large-scale wave dynamics, using global
weather data to predict wave movements across entire oceans. For coastal environ-
ments, popular models include Simulation Waves Nearshore (SWAN) [116] and MIKE21
[119]. These coastal models are specifically designed to analyze wave dynamics near
shorelines, where phenomena such as refraction, diffraction and interaction with struc-
tures such as seawalls and reefs play a key role. SWAN, for example, is able to consider
the complexity of coastal geometries and the effect of variable seabed. Aside from the
MIKE21, most wave models are available in open source format. A complete and de-
tailed overview of the third generation models is available in [120].

3.4.1. WAM
The WAM model, available in open source, specializes in simulating frequency-directional
spectra in spherical coordinates, making it ideal for predictions on a global scale or
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across large geographical areas. This model considers various phenomena, including
the generation of waves by the wind, their propagation and the non-linear interactions
between them. Coastal dynamics, however, are examined through a simplified modeling
approach.
The current version of WAM is the result of collaborative work carried out by the WAMDI
Group [113], an international consortium of researchers in the field of ocean waves.
The model is currently used by several international organizations and agencies, among
which the European Center for Medium-Range Weather Forecasts (ECMWF) stands out.
The latter developed a customized version of the model, called ECMWAM [121], based
on the original WAM structure.

3.4.2. SWAN
The SWAN (Simulating WAves Nearshore) model [122], developed at Delft Technical Uni-
versity in 1999, is an advanced open-source third-generation wave model. This fully
frequency-directional spectral model performs simulations of wave generation processes
by solving the action balance equation on a nodal grid. It considers crucial factors such
as energy transfer from wind to waves, nonlinear interactions between waves, energy
dissipation due to breaking, friction with the seabed and other complex physical aspects.
SWAN stands out for its ability to specifically analyze interactions with the seabed and
for its adaptability to high resolutions, necessary to take bathymetric variations into ac-
count. These characteristics make it particularly effective in coastal environments where
variable depth leads to breaking waves and the consequent loss of energy.
For its implementation, SWAN involves the definition of a basic grid that represents the
bathymetry of the study area. The flexibility in the choice of grids, both in terms of res-
olution and orientation, allows a detailed approach to physical studies of the interested
domain. Nested grids can be used within a coarser main grid to reduce computational
load without sacrificing detail and accuracy. These secondary grids use the wave values
calculated on the main grid as boundary conditions.
Alternatively, the use of an unstructured grid offers the possibility to adapt the mesh res-
olution based on the specific geometry of the area, making it ideal for wave propagation
near irregular coasts, islands or areas with significant bathymetric variations. Finally,
SWAN is applicable in both stationary and non-stationary conditions, using Cartesian
coordinates for small scales or spherical coordinates for larger studies.

NUMERICAL MODEL DESCRIPTION

In the SWAN model, the evolution of the action density over space and time is analized
and the action balance equation under non-stationary conditions and within spherical
coordinates follows the Eq. 3.1.

The non-conservative source/sink term (Stot ) is mathematically represented as:

Stot = Si n +Snl3 +Snl4 +Sd s,w +Sd s,b +Sd s,br (3.2)

here, Si n represents the transfer of wind energy to the waves, Snl s is associated with triad
wave-wave interactions, Snl4 corresponds to quadruplet wave-wave interactions, Sd s,w

accounts for whitecapping dissipation, Sd s,b relates to bottom friction dissipation, and
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Sd s,br pertains to depth-induced breaking dissipation. Below are detailed specifications
of the mathematical formulations and assumptions used in the SWAN model.

Prognostic interval
The SWAN model discretizes propagating spectral information within the computational
mesh, employing a constant directional resolution and a non-constant resolution for
frequency, which adheres to a logarithmic distribution [123]. Regarding frequency dis-
cretization, it is imperative to define a cut-in frequency, established as the minimum fre-
quency ( fmi n), and a cut-off frequency, which corresponds to the maximum frequency
( fmax ): these values delineate the prognostic interval of the spectrum within the fre-
quency domain. Within this interval, spectral density can evolve without constraints.
Beyond this prognostic range exists the diagnostic range, in which the spectrum is de-
termined by setting frequencies below the cut-in frequency to 0 Hz and introducing a
diagnostic tail ( f −m) beyond the cut-off frequency. The power of high frequency tail (m)
assumes a default value equal to 4 or 5 according to the formulation of physics adopted
[124]. Using the Discrete Interaction Approximation (DIA) of Hasselmann [125] the fre-
quency discretization is described by

fi =


1.1 fi−1 fmi n ≤ fi ≤ fmax

0H z fi < fmi n

f −m fi > fmax

(3.3)

Fine-tuning the spectral resolution can significantly influence result accuracy con-
tributing to achieving favourable outcomes. In SWAN, the cut-in ( fmi n) and cut-off
( fmax ) frequency values are requested as input and subsequently they are transformed
into radian frequency (σmi n and σmax , respectively).

Whitecapping
The primary mechanism for dissipating wave energy in open and deep oceans is white-
capping. As waves grow, their slope increases until reaching a critical point where they
break. This process is highly nonlinear and limits wave growth. In third-generation wave
models, such as SWAN, whitecapping is represented as a sink term in the energy balance
equation and formulations are typically grounded in a pulse-based model of Hasselman
[126], with Komen [68] and Janssen [127] parametrization. The formulation based on the
pulse-based model reads

Sd s,wH assel man
(σ,θ) =−Γσ̃k

k̃
E (σ,θ) (3.4)

here, Γ is a steepness dependent coefficient, k is the wave number, σ̃ and k̃ denote a
mean radian frequency and a mean wave number, respectively. Where

Γ=Cd s

⌊
(1−δ)+δk

k̃

⌋(
s̃

s̃P M

)p

(3.5)

here Cd s is the coefficient for determining the rate of whitecapping dissipation, δ de-
termines the dependency of the whitecapping on wave number, p is the power of wave
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number normalized with the mean wave number, s̃ is the overall wave steepness and
s̃P M corresponds to the value of the wave steepness for a Pierson-Moskowitz spectrum.
The coefficients Cd s , δ and p are tunable and the parametrization provides by Komen
establishes Cd s = 2.36×10−5, δ = 1 and p = 4, while Janssen imposes Cd s = 4.10×10−5,
δ= 0.5 and p = 4.

Alternatively, multiple formulations for whitecapping are suggested to enhance the
precision of SWAN. Rogers [128] introduced a two-stage whitecapping dissipation for-
mulation, which is rooted in intrinsic breakdown related to wave instabilities, expressed
by T1 term, and the dissipation of shorter waves triggered by longer breaking waves, de-
scribed by T2 term. The formulation is given as

Sd s,wRog er s (σ,θ) = T1 (σ,θ)+T2 (σ,θ) (3.6)

where

T1 (σ,θ) = a1 A (σ)
σ

2π

⌊
E(σ)−ET (σ)

Ẽ(σ)

⌋p1

E (σ,θ) (3.7)

and

T2 (σ,θ) = a2

∫σ

σmi n

A(σ)

2π

⌊
E(σ)−ET (σ)

Ẽ(σ)

⌋p2

dσE (σ,θ) (3.8)

here a1 and a2 are coefficients for calibrate the local dissipation term T1 and cumulative
dissipation term T2, respectively. A(σ) is a measure of the narrowness of the directional
distribution at radian frequency (σ). ET (σ) is a threshold spectral density, Ẽ(σ) is a nor-
malization generic spectral density, which can be either E(σ) or ET (σ). The first prog-
nostic radian frequency is σmi n , while p1 and p2 are the power coefficients controlling
strength of dissipation term T1 and T2, respectively.

The Westhuysen method [129] represents whitecapping without the dependencies
on mean spectral steepness and mean wavenumber, which can be problematic in con-
ditions involving mixed wind sea and swell. This approach is based on experimental
results showing that whitecapping is associated with nonlinear hydrodynamics within
wave groups. The formulation reads

Sd s,wW esthuy sen
(σ,θ) =−Cd s

⌊
B(k)

Br

⌋ p
2 ⌊t anh(kh)⌋

2−p0
4

√
g kE (σ,θ) (3.9)

here the whitecapping parameter Cd s accounts to 0.50 × 10−4, d and g are the water
depth and the gravitational acceleration, respectively. B(k) is the azimuthal-integrated
spectral saturation, correlated with the probability of wave group-induced breaking, and
Br corresponds to the threshold saturation parameter, while p and p0 are calibration
exponents.

Exponencial wind growth
SWAN provides different formulations for exponential wind grow phenomenon. In gen-
eral, the process of wind energy transferring to waves is explained by the feedback mech-
anism as proposed by Miles [112]. This mechanism is exponential and is based on the
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concept that wind causes the water surface to descend as the wave crest moves forward
and to rise as it moves backward. Consequently, when the sea surface oscillates, pres-
sure variations follow these movements, thereby transferring energy to the wave. This
transfer of energy is more effective as the wave amplitude increases. Building upon this
mechanism, Janssen [127] explicitly incorporates the interaction between the wind and
waves, taking into account roughness length of the sea surface and atmospheric bound-
ary layer effects. The formulation is given as

Si n,exp Janssen (σ,θ) = max ⌊0,cos(θ−θw )⌋2β
ρa

ρw

(
U∗
cph

)2

σE(σ,θ) (3.10)

here θ and θw depict wave and wind direction, respectively. β is the Miles constant, while
ρa and ρw are the density of air and water. The friction velocity is expressed by U∗ and
cph corresponds to the phase speed.

Komen [68] relies on Snyder experimental results [130] and scales this formulation
with respect to friction velocity.

Si n,expK omen (σ,θ) = max

⌊
0,0.25

ρa

ρw

(
28

U∗
cph

cos(θ−θw )−1

)⌋
σE(σ,θ) (3.11)

Alternatively, Yan [131] formulation combines the Komen expression with that of
experimental results of Plant [132], indicating that the wind-induced wave growth rate
varies quadratically with the ratio between friction velocity (U∗) and the phase velocity
of waves (cph). It has the form

Si n,expY an =
⌊

D

(
U∗
cph

)2

+E

(
U∗
cph

)
+F

⌋
cos(θ−θw )σE(σ,θ)+HσE(σ,θ) (3.12)

The parameter values implemented in SWAN are slightly different from those proposed
by Yan and they correspond to D = 4.0× 10−2, E = 5.52× 10−3, F = 5.2× 10−5 and H =
−3.02×10−4.

Finally, Rogers [128] provides observation-based formulation with three main char-
acteristics: a physical constraint is applied to the total stress, the wind drag coefficient
is tunable and the spectral saturation is expressed in terms of wavenumber rather than
wave frequency. The formulation assumes the form

Si n,expRog er s (σ,θ) = ρa

ρw
G

√
Bn(σ)σW (σ,θ)E(σ,θ) (3.13)

here G represents the sheltering coefficient, which factors in the decrease in momentum
transfer from the atmosphere to the waves caused by complete airflow separation. Bn(σ)
corresponds to the spectral saturation and W (σ,θ) describes the wind input. Specifi-
cally, the formulation takes into account a negative wind input component, which mit-
igates wave growth in the portion of the spectrum subject to adverse wind stress. Fur-
thermore, W (σ,θ) is a function of the friction velocity (U∗), which, in turn, depends on
the wind drag coefficient (Cd ) according to the formula
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U∗ =
√

CdU10 (3.14)

here U10 is wind speed at 10 m a.s.l. while Cd assumes varying expressions contingent
on the chosen formulation. In accordance with Hwang [133], the wind drag coefficient
is only a function of wind speed and is described as

CdH w ang = 10−4 (
8.058+0.967U10 +0.016U 2

10

)
(3.15)

Alternatively, in Fan [134] Cd is provided as

CdF an = 10−3
(
0.021+ 10.4

R1.23
w +1.85

)
(3.16)

here Rw as a dimensionless parameter

Rw = ln

(
zg

0.2
p
αuz

)
(3.17)

here z corresponds to the heigth above the sea level, uz is the wind speed at a specific z
and α represent the high-frequency energy level.

Finally, the ECMWF formulation [113] is given as

CdEC MW F =
{

1.2875×10−3 U10 < 7.5 m
s

(0.8+0.065U10)×10−3 U10 ≥ 7.5 m
s

(3.18)

Linear wind growth
Linear wind growth of waves refers to the process of wave generation, from a sea surface
flat, in response to wind. In SWAN, Cavaleri and Malanotte-Rizzoli formulation [86] is
implemented and it is based on the resonance mechanism suggested by Phillips [135]
for which waves are generated by resonance between propagating wind-induced pres-
sure waves at the water surface. In particular, if the harmonic pressure waves of wind
remains in phase with a free harmonic surface wave, then the wind energy is transferred
from the pressure wave to the surface wave. The energy input by this mechanism, which
contributes to the initial stages of wave growth, varies linearly with time. The formula-
tion is given as

Si n,l i nC al aval ler i
= 1.5×10−3

2πg 2 U 4
∗max ⌊0,cos(θ−θw )⌋4 H (3.19)

The formulation incorporate the H filter parameter to eliminate wave growth at frequen-
cies lower than the Pierson-Moskowitz frequency [136]

H = exp

{
−

(
σ

σ∗P M

)−4}
(3.20)

here σ∗P M is the peak radian frequency of the fully developed sea state according to
Pierson and Moskowitz [52], reformulated in terms of friction velocity.



3

48 3. OCEAN WAVES DATA SOURCES & WAVE ENERGY ASSESSMENT STANDARDS

Bottom friction
Bottom friction pertains to the resistance encountered by water waves as they interact
with the seabed in shallow water. The term bottom friction includes all dissipative mech-
anisms related to the turbulent boundary layer that occur on the bottom, created by
the wave-induced movement of the water particle. This phenomenon depends both on
the wave field itself and on the characteristics of the seabed. The default model imple-
mented in SWAN is the empirical model of JONSWAP [126], with the following expression

Sb f JON SW AP (σ,θ) =−Cb f

(
σ

g si nh(kh)

)2

E(σ,θ) (3.21)

here Cb f is the bottom friction coefficient equal to 0.038m2s−3 in the JONSWAP formu-
lation. Despite its simplicity, this method appears to perform quite effectively in opera-
tional wave models across various scenarios [24].

Triad wave-wave interaction
Triad wave-wave interaction involves the nonlinear interaction of three waves in a shal-
low water region, where the energy from one wave is transferred to others through res-
onant interactions. In very shallow water, triad wave-wave interactions transfer the en-
ergy from lower frequencies to higher ones, often resulting in higher harmonics. The res-
onance conditions for three wave components require that the sums of frequencies and
wave-number vectors of two freely propagating wave components are equal to the fre-
quency and wave number, respectively, of a third freely propagating wave component.
This triad resonance condition is not relevant in deep water but considerable in shal-
low water, where waves are non-dispersive resulting in an energy transfer and phase-
coupling between the wave components involved. The Lumped Triad Approximation
(LTA) model, introduced by Eldeberky [137], is implemented in SWAN to compute the
evolution of the energy spectrum in shallow water. This model is stochastic and based
on the Boussinesq-type deterministic equations [138]. The LTA model includes a source
term for triadic wave interactions but does not involve a biphase evolution equation:
the biphase of the waves is parameterized on the basis of laboratory observations. The
formulation reads

Snl3(σ,θ) = S+
nl3(σ,θ)+S−

nl3(σ,θ) (3.22)

The term S+
nl3(σ,θ) represents the energy received from radian frequency σ/2 and

the term S−
nl3(σ,θ) represents energy lost to radian frequency 2σ. They read as

S+
nl3(σ,θ) =Cnl3cphcg

∣∣∣si n(βσpeak )
∣∣∣E

(σ
2

,θ
)2

−2E
(σ

2
,θ

)
E (σ,θ) (3.23)

and

S−
nl3(σ,θ) =−2S+

nl3(2σ,θ) (3.24)

here cg is the group velocity and βσpeak parameterizes the self-interaction of the peak
frequency of the biphase components as a function of the local Ursell number [139].
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Since S+
nl3(σ,θ) assumes only positive values, every wave component within this

method gains energy from a component with half its frequency while simultaneously
losing energy to a component with twice its frequency. This mechanism guarantees
that, within this framework, energy is consistently shifted towards higher frequencies,
and there is no return of energy to lower frequencies.

3.5. WAVE DATA PRODUCTS

B ASED on specific needs, available time, and economic resources, it is possible to se-
lect the most appropriate data source. This choice is essential to ensure that the

collected data is suitable for the specific analysis or project. Among various options, a
stakeholder can install an in-situ instrument, which entails high costs and long installa-
tion times, as well as complex and variable bureaucratic procedures depending on the
country. Alternatively, data from pre-existing instruments installed by third parties can
be used. This second option can reduce time and costs, but the temporal coverage and
location of the dataset may not always align with the user’s needs.
Another option is to use data obtained from numerical models implemented either by
third parties or in-house. Typically, freely available modeled data offer an hourly tem-
poral resolution, but their spatial resolution is around 50 km [140, 141]. While such data
allow for robust statistical analyses based on long time series, they may not meet design
standards for accuracy, especially nearshore [142, 143]. These models are generally cali-
brated and validated using in-situ measurements and satellite observations.
Despite the high accuracy of satellite measurements [144], their reduced temporal reso-
lution, which ranges from several days (e.g. Jason-3 [145]) to a month (e.g. SARAL/Altika
[146]), limits their direct usability. Finally, numerical models with high spatial resolu-
tion can be employed using commercial data, or by developing an in-house model. This
last option allows for the definition of spatial and temporal resolutions tailored to the
specific case, as well as the desired temporal coverage of the analysis. However, also nu-
merical model implemented in house requires calibration and validation procedures to
ensure its accuracy.

Below is an overview of some of the most widely used open-access datasets from
which in-situ, satellite, and modeled data can be obtained.

3.5.1. IN-SITU DATA PRODUCTS
Two distinct open-source datasets of instrumental data are described below. Each dataset
covers different oceanographic areas, providing varying geographical coverage. This al-
lows for targeted searches to identify the presence of instrumental data in specific ar-
eas of interest. The datasets in question are INSITU_GLO_WAV_DISCRETE_MY_013_045
product and the National Data Buoy Center.

INSITU_GLO_WAV_DISCRETE_MY_013_045 PRODUCT
INSITU_GLO_WAV_DISCRETE_MY_013_045 product provides global validated in-situ
measurements [147] obtained mainly from moored buoys and some drifting buoys, i.e.
moving with sea currents.
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Data validation is carried out through automated procedures, visual inspection, and
comparison with other sources, as defined by SeaDataNet [148]. The in-situ instruments
distribution of this product are concentrated in the northern hemisphere, specifically in
Europe, North America, Japan, and India (Fig. 3.8). In the southern hemisphere, there
are some stations in South America and Australia. Coverage in European seas is high,
except for the Arctic areas, southern and eastern Mediterranean, and the Black Sea. The
time coverage of each instrument is variable and often less than 10 years.

Figure 3.8: In-situ sensors distribution of INSITU_GLO_WAV_DISCRETE_MY_013_045 data product [147]

NATIONAL DATA BUOY CENTER PRODUCT

The National Oceanic and Atmospheric Administration’s (NOAA) [149] National Data
Buoy Center (NDBC) [150] was established in 1967 to operate and maintain a network
of ocean data collection buoys and coastal marine weather stations. This data is open
source and available both in real-time and as historical records. The instruments are
mainly distributed along the American coasts and along the equatorial belt. Some other
stations are located near the North Sea (Fig. 3.9)
Real-time data undergoes an automatic quality control process before publication [151].
The primary user of NDBC’s real-time data is the National Weather Service (NWS), which
relies on this data to issue alerts, conduct analyses, make forecasts, and initialize numer-
ical models.
Historical data consists of real-time observations that have been accumulated and re-
evaluated 45 days after recording. These observations undergo a thorough quality as-
surance process, including manual review and additional quality checks, before they
are archived. Only data that has successfully passed all quality control procedures is
included in the historical dataset, ensuring high accuracy and reliability for long-term
analyses and research.
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Figure 3.9: In-situ sensors distribution of NDBC data product [150]

3.5.2. SATELLITE DATA PRODUCTS
Generally, the data products resulting from satellite observations are diverse and associ-
ated with different levels of data processing:

• Level-1 (L0): Raw data resulting from the extraction and decoding of the instru-
ment’s source package.

• Level-1 (L1): Level-0 data corrected for instrumental effects, with particular atten-
tion to date and location variables.

• Level-2 (L2): Level-1 data corrected for geophysical effects, with the parameters of
interest calculated.

• Level-3 (L3): Level-2 data calibrated and validated with in-situ instruments and
cross-calibration between different satellite observations.

Usually, only L3 data products are of interest for ocean analyses and numerical model
calibration and validation, as they provide corrected and calibrated significant wave
height values. The L2 data must be pre-processed before use as they may contain mea-
surement errors, noise and are not calibrated against other satellites and in-situ data.

Several endeavors have been undertaken to generate reliable and cohesive datasets
from various altimeter missions [152, 153, 154, 155, 156]. These efforts aim to refine the
accuracy and usability of the satellite collected data.
In general, the calibration of satellite data occurs through comparison with in-situ in-
struments or other satellite measurements recorded in the same location. The in-situ
instruments typically considered for the calibration process are positioned at least 50
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km from the coast to prevent the satellite return signal from being affected by coastal
terrain morphology, which could compromise the measurements. Moreover, satellite
measurements recorded in the surrounding area usually have a maximum distance of
100 km from the in-situ instrument and fall within a 30-minute window before and after
the in-situ data collection. This allows for comparisons of the same sea state. This pro-
cedure is known as collocation and ensures that the satellite data is spatially and tempo-
rally congruent with the in-situ data. From each collocation, a single satellite data value
must be obtained to compare with the in-situ measurements. Different techniques can
be used for this purpose. In [157], an extensive sensitivity analysis highlights the im-
pact of the temporal and spatial windows used during the collocation phase. Further-
more, three methodologies are proposed for obtaining the resulting satellite measure-
ment from each collocation. These methodologies include the arithmetic mean of the
measurements within the collocation, the linear method of inverse distance weighting
(IDW), and distance weighting calculated with a Gaussian function.
The study in [157] investigates the spatial and temporal criteria for the placement of al-
timetric data, showing that a temporal criterion of 30 minutes and a spatial criterion be-
tween 25 km and 50 km produce the best results. Specifically, applying the 25 km spatial
criterion leads to slightly better error measurements at the expense of fewer measure-
ments, while increasing the distance results in a larger collocated dataset. Furthermore,
the study demonstrates that relying on the single altimeter record closest to the buoy
location results in less accurate results than using the temporal and spatial averaging
method for collocation.

WAVE_GLO_PHY_SWH_L3_MY_014_005 PRODUCT
WAVE_GLO_PHY_SWH_L3_MY_014_005 [158] is an example of Level-3 significant wave
height data product, including several satellite altimeter missions, that are Jason-1 [159],
Jason-2 [160], Envisat [161], CryoSat-2 [162], SARAL/AltiKa [146], Jason-3 [145], and CFOSAT
[163]. The temporal resolution of the dataset varies depending on the satellite cycle
length, for example 10 days for Jason missions [164] and 35 days for SARAL [165]. The
temporal coverage of the dataset ranges from 2002 to 2020 but data availability is not
constant within this range and varies depending on the satellite considered. The cali-
bration carried forward is a cross-calibration taking the Jason-3 dataset calibrated on in-
strumental measurements [166] as the reference dataset.In particular, crossover points
for calibrations are identified as the intersections of the trajectories of different satellites.
Data from these sea areas, with a time difference of less than 3 hours, were analyzed. Fi-
nally, a network of 163 offshore buoys was used to validate the satellite data. These buoys
are located at least 50 km from the coast, to avoid the influence of the proximity of land
on the observations. Finally, the satellite observations used for buoy validation were de-
fined by identifying data recorded within 30 minutes of the buoy recording time.

AODN PRODUCT
The Australian Ocean Data Network (AODN) [79] has produced a unique satellite dataset,
representing the first consistently validated, quality-controlled, and calibrated long-duration
multimission altimeter and scatterometer dataset. Some of the additional satellites to
those included in WAVE_GLO_PHY_SWH_L3_MY_014_005 are GEOSAT [167], TOPEX
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[168], ERS-2 [169] and GFO [170].
The database contains global wind speed and wave height data obtained from all altime-
try missions flown since 1985 to present. The data are calibrated against NDBC buoy data
[150] and validated with independent buoy and crossover point measurements from
other altimetry missions. When multiple satellites are in orbit simultaneously, the in-
struments on board are cross-validated to ensure accuracy.
During the calibration process, only in-situ wave buoys located more than 50 km from
the coast were considered to avoid inconsistencies between buoy and satellite data caused
by coastal effects. Additionally, the time interval for collocating satellite measurements
with buoy data recordings are set to 30 minutes.
As observed, the procedure for positioning and calibrating follows the same method
used in WAVE_GLO_PHY_SWH_L3_MY_014_005 product.
This widely used dataset [171, 172, 173, 174] is accessible via the AODN portal, which
also provides access to all available Australian marine and climate scientific data.

3.5.3. NUMERICAL MODEL DATA PRODUCTS
Several open source numerical datasets are available to obtain wave and wind time se-
ries. These datasets are usually used in the very early stages of wave resource evaluation,
as they provide spatially coarse information, not suitable for the detailed understanding
of physical phenomena, particularly near the coast. Such datasets are useful for provid-
ing a preliminary overview of general wave and wind conditions on a regional or global
scale.

These datasets include ERA5 [175], which provides global-scale hourly reanalysis cli-
mate data at a spatial resolution of 0.5°x0.5°. Additional numerical models that provide
global wave forecasts are MERRA2 [176], ERA-Interim [177] and CFSR [178] reanalyses.
As demonstrated by several studies [179, 180, 141], the ERA5 reanalysis models generally
show better agreement with both satellite data and in-situ measurements.

ERA5 PRODUCT
ECMWF is an intergovernmental organization dedicated to generating numerical weather
forecasts and hindcasts at a global scale [181], offering support services to its Member
States and cooperating countries, and making a fundamental contribution to the inter-
national scientific and meteorological community. The Center boasts one of the most
sophisticated infrastructures in the world for supercomputing and meteorological data
storage.
Within the ECMWF, a series of interconnected models work together to produce fore-
casts. The ECWAM model, in particular, interacts closely with atmospheric models that
provide it with surface wind conditions, essential for wave modeling. The ERA5 database
[175], an integral part of ECWAM, represents the fifth generation of meteorological re-
analysis, the result of the integration of vast volumes of data observed globally via satel-
lites and in-situ sensors, processed through sophisticated meteorological models. The
ECMWF wave model has been tested and validated in a variety of locations using in-
situ data, demonstrating its reliability and accuracy [182, 183, 184] as well as on a global
scale against altimetry data [185, 186]. ERA5 provides detailed estimates of numerous
meteorological and climate variables from 1950 to the present day, offering hourly data
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with spatial resolution varying between 0.25◦, for wind data, and 0.5◦, for wave data.
Regarding the datasets provided, ERA5 offers a wide range of meteorological parame-
ters, including wind speed at 10 meters above sea level and a wide selection of wave-
related variables. These include the significant wave height, the energy period, up to the
frequency-directional spectrum. Furthermore, to facilitate detailed analysis of various
marine phenomena, wave parameters are also available in partitioned form, allowing
users to evaluate different sea states that contribute to the composition of a multi-modal
sea states [187].

3.6. WAVE ANALYSIS STANDARDS

T HE evaluation of the wave resource and the knowledge of the characteristics of the
sea states is essential for the design of efficient and safe WECs. This evaluation must

be based on the time series of the synthetic parameters and the reliability of the WECs
design itself depends on their reliability. To this end, a number of requirements must be
met so that the time series is robust and statistically relevant.
While numerical models are often indispensable due to the limited temporal coverage
of in situ instruments, the latter remain crucial for model calibration and validation.
Therefore, implementing a rigorous quality control process for instrumental recordings
becomes imperative to ensure reliable data for meaningful model comparisons.

3.6.1. IEC/TS 62600-101:2015
The International Electrotechnical Commission (IEC) [188] is a global organization that
promotes cooperation on all questions concerning standardization in the electrical and
electronic fields. The IEC has 86 member countries (e.g., China, Denmark, Netherlands,
Italy), and there are an additional 85 countries in the affiliate country program.
The IEC provides international standards, technical specifications, and technical reports
but does not itself offer any attestation of conformity. Independent certification bodies
(e.g., DNV [189]) provide conformity assessment services.
The IEC 62600-101 Technical Specification [114] is specifically designed for the wave en-
ergy sector and should be applied at all stages of site assessment, from initial investiga-
tion to detailed project design. It provides a uniform methodology to ensure consistency
and accuracy in:

• Estimations, describing the procedure for evaluating the wave energy resource

• Measurements, identifying the natural phenomena under study

• Analysis of measurements, describing the measurements characteristics

• Modeling, providing the numerical model requirements and categorizing them
into those that must be considered, those recommended, those acceptable, and
those not allowed.

• Report of results, supporting in the preparation of the final document

• Uncertainty estimation of the resource assessment, to quantify the uncertainty of
the results
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The minimum requirements and recommendations provided by the Technical Specifi-
cation vary depending on the C L ASS of resource assessment. In particular:

• CLASS 1 - Reconnaissance: This class involves characterization of the resource with
relatively low effort and high uncertainty. It is suitable for large sea areas when
determining an installation site for a WEC and there is yet no knowledge of the sea
states occurring in the investigated area.

• CLASS 2 - Feasibility: This is a characterization of the resource with moderate ef-
fort and uncertainty. It is suitable for investigating and comparing one or more
potential sites. Typically, potentially interesting spots are identified from the re-
connaissance, and through this analysis, a more detailed assessment of the energy
potential and specific environmental conditions of the sites is conducted.

• CLASS 3 - Design: This is the most advanced phase of resource characterization,
where the effort is greater and uncertainty is minimized. In this class, detailed
and specific data are collected, often by installing ad hoc in-situ instrumentation,
which allows for precise design and development plan. The data collected in this
phase are crucial to ensure the reliability and efficiency of the designed WEC sys-
tem.

DATA COLLECTION OVERVIEW
For an accurate analysis of wave resources, the IEC 62600-101 Technical Specification
requires the use of a dataset of at least ten years. This time extension is crucial to fully
evaluate seasonal and annual variations, providing a detailed and reliable view of the av-
erage conditions and extremes that may occur at the study site.
It is strongly recommended to prefer data collected via in-situ instrumentation, when
available. These instruments offer direct and highly precise measurements of marine
conditions and should have a data return rate greater than 70% to ensure the validity
and representativeness of the information collected. In cases where it is not possible
to obtain a complete ten-year in-situ dataset or in the absence of directional sensors,
the use of numerical models is permitted. However, the use of numerical datasets, usu-
ally derived from simulation models, requires rigorous validation through instrumental
data. This validation process is critical to ensuring that models accurately represent dif-
ferent atmospheric and oceanographic conditions throughout the year, avoiding signif-
icant distortions due to seasonal variations.
The validated numerical dataset can be used for the overall assessment of the resources,
to integrate any gaps in the data collected in-situ, or to provide directional details not
available through the instrumentation in use.

In the context of wave resource assessment, it is essential to carry out detailed ana-
lyzes based on the collected dataset. Some of the analyzes to be carried out are:

• Seasonal Variability: This analysis focuses on the variations in wave conditions
that occur at specific times of the year, particularly during the seasons. Under-
standing seasonal variability is crucial to predict the energy produced by WECs at
different times and to optimize the design and management of WECs to maximize
their energy efficiency throughout the year.
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• Inter-annual Variability: The analysis of interannual variability studies the fluctu-
ations in wave conditions from one year to the next. This type of analysis is essen-
tial to identify any long-term trends or cyclicality, which may be due to broad cli-
mate phenomena. An in-depth understanding of interannual variations can guide
strategic decisions related to WECs siting and energy production capacity plan-
ning.

• Prevalence of Multi-modal Wave Systems: Analyzing the prevalence of multi-modal
sea states helps to understand the complexity of the wave field in a given region.
This is especially important for directionality-sensitive WECs. These devices max-
imize energy conversion when the directions of the different wave components
are aligned with the direction of operation of the device itself. The sea state that
comes closest to this ideal situation is given by a uni-modal wave system. Also in
this case, the wave components that form the wave system have a slight variability
in the direction of propagation. In the case of multi-modal sea states, however,
wave energy is distributed among multiple wave systems, each of which can have
a different direction and origin. This energy distribution makes the design and
configuration of WEC devices more complex.

• Variability of Dominant Wave Direction: This analysis examines how the direction
of dominant waves changes over time. The direction of the dominant wave is a
critical factor for the optimal orientation of WECs and for evaluating the potential
harvesting energy. Understanding directional variability allows to predict the op-
erational efficiency of energy conversion devices and adapt installation strategies
to maximize wave energy absorption. This analysis is closely related to that on the
prevalence of multi-modal wave systems.

MEASUREMENTS
The measurements necessary for a comprehensive analysis of the wave energy assess-
ment cover a broad range of environmental factors. These factors include waves, winds,
tides, currents, and bathymetry, each of which plays a crucial role in the assessment and
development of energy projects in marine settings.

WAVE MEASUREMENTS

Regarding wave measurements, depending on the class belonging, different require-
ments have to met. In particular, only for CLASS 1 it is possible to carry out analyzes on
the basis of the synthetic parameters Hs and Te . For the other two classes, information
derived from the frequency-direction spectrum is required. In particular, the parameters
of interest are, in addition to Hs and Te , Pθ , θPmax , ϵ0 and the directionality coefficient
(d), defined as follows:

d = PθPmax

P
(3.25)

This parameter provides an indication of the directional spread of wave power as the
ratio of the maximum directionally resolved wave power to the omnidirectional wave
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power.

The wave field at a given place and time is often composed of multiple wave systems,
each originating from specific wind events that are currently occurring or have occurred
previously. The IEC 62600-101 Tecnical Specification foresees that the partitioning of
the wave spectra must be carried out in order to distinctly analyze the individual wave
systems.

WIND, TIDE, CURREND AND ICE MEASUREMENTS

Wind speed and direction are crucial elements in the numerical modeling of wave con-
ditions, essential for evaluating the climate impact on sea waves. It is essential that these
parameters are provided across the entire study domain, ensuring a spatial and temporal
resolution adequate for the specific evaluation class. In particular, the wind speed must
be referred to the standard altitude of 10 meters above sea level, as commonly adopted
in climate prediction models.
Regarding water fluctuation levels due to tides, sensitivity studies need to be conducted
to evaluate how these influence the operation of WECs. If the tidal impact is found to be
significant, these fluctuations must be integrated into the numerical model. The same
attention must be paid to marine currents and the presence of sea ice, both factors that
can significantly alter the operating conditions and effectiveness of WECs.

MODELLING
Numerical wave propagation models are a valuable resource for planning and optimiz-
ing operations in maritime sectors, including renewable energy, coastal defense and
shipping. Boundary conditions and wind forcings should be derived from more exten-
sive validated numerical models or in-situ data. The Table 3.1 summarizes the model
requirements according to the class they belong to. These requirements concern the
definition of the computational domain, the minimum characteristics of the wind forc-
ing and the boundary conditions, as well as specifics on the model setting.

3.6.2. SEADATANET
SeaDataNet [190] is a comprehensive marine data infrastructure aimed at managing an
extensive range of data collected from the seas and oceans. This initiative integrates ef-
forts from numerous professional data centers across Europe, forming a robust network
that provides high-quality standardized online databases.
The centralized portal of SeaDataNet offers seamless online access to in-situ data, meta-
data, and related products. This portal effectively interconnects the interoperable plat-
forms of SeaDataNet’s data centers, ensuring smooth data integration and accessibility
[148].
To maintain interoperability across platforms, SeaDataNet has established common com-
munication standards and adapted technologies. These measures ensure that data from
various sources are of consistent quality, compatible, and coherent. The adoption of
standardized data verification methodologies supports the preparation of comprehen-
sive regional and global statistical products from the in-situ datasets provided by Sea-
DataNet partners.
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Additionally, SeaDataNet has developed and adopted the BODC Vocabulary Dictionary
[191] to provide a standardized description of data.

DATA QUALITY CONTROL PROCEDURES
Data Quality Control procedures are crucial for identifying missing information, detect-
ing errors that occur during data transfer or reformatting, recognizing duplicate entries,
and identifying remaining outliers such as spikes or out-of-scale data. SeaDataNet’s
quality control process includes the following tests:

1. Date test: the dates of the measurements are allowable (e.g. the year is made up of
4 digits, the months are between 1 and 12)

2. Location test: The coordinates of the instrument fall within the allowable latitude
and longitude range:

i. −90◦ ≤ Latitude ≤ 90◦

ii. −180◦ ≤ Longitude≤ 180◦)

3. Allowable range test: Value parameters must have a allowable values. In particu-
lar:

i. 0◦ ≤ Di rm ≤ 360◦

ii. 0◦ ≤ Di rp ≤ 360◦

iii. 0◦ ≤ s ≤ 306◦

4. Global range test: Value parameters must fall within expected global bounds. In
particular:

i. 0m ≤ Hs ≤ 25m

ii. 1s ≤ Tm ≤ 25s

iii. 1s ≤ Tp ≤ 30s

iv. 0m ≤ Hsmax ≤ 40m

5. Regional Range Test: Value parameters must fall within expected regional ex-
tremes. In particular, for the Mediterranean Sea:

i. 0m ≤ Hs ≤ 12m

ii. 1s ≤ Tm ≤ 15s

iii. 1s ≤ Tp ≤ 20s

6. Spike test: Confidence limits are determined, and values outside these limits are
deemed inaccurate and therefore excluded from the dataset.∣∣∣vi − vi+1 − vi−1

2

∣∣∣− ∣∣∣ vi+1 − vi−1

2

∣∣∣≤ vst (3.26)
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with:

vst=


3m for Hs

4s for Tm

15s for Tp in open ocean
10s for Tp in enclosed sea

(3.27)

7. Anomalies test: Anomalies in the recordings must be eliminated.

i. 10 or more consecutive measurements with identical values must be neglected.

ii. Identify and neglect unrealistic values thought visual check.

8. Instrument comparison test: If two different sensors are placed in the same nearby
area, exposed to the same environmental conditions and the depth of their instal-
lation site is similar, their measurements can be compared to identify inconsisten-
cies.

3.7. DICUSSION

T HE chapter focuses on various data sources and their respective acquisition method-
ologies, examining the advantages and disadvantages of in-situ, remote sensing,

and numerical modeling techniques. It is emphasized that no existing data source fully
meets all the criteria of reliability and usefulness. In-situ measurements, although highly
precise and reliable, are expensive and subject to technical and bureaucratic challenges,
limiting their temporal and spatial coverage. These measurements provide data specific
to the installation site only. Satellite data, despite being promising for the calibration
and validation of numerical models, are still under-utilized due to the complexity of ac-
cess and their discontinuous availability. Numerical models, on the other hand, offer a
viable alternative to extend the temporal and spatial coverage of wave data.
The chapter also introduces various freely available wave data products, detailing their
sources, validation processes, and processing methodologies. These products, classified
into in-situ data, satellite data, and numerical model data, are particularly useful for ob-
taining wave information at specific sites.
Additionally, standards for wave analysis, such as IEC/TS 62600-101:2015 and SeaDataNet,
are presented to ensure consistency and reliability in data analysis. These standards pro-
vide guidance on critical aspects such as the spatial and temporal resolution of wave
data obtained from numerical models, acceptable types of wave boundary conditions,
and the minimum length of time series required for reliable assessments.

3.8. CONCLUSION

T HE analysis of in-situ techniques, remote sensing, and numerical models highlights
the strengths and limitations of each approach. This information is crucial for iden-

tifying the best data source that meets the specific needs of marine stakeholders.
A significant contribution of this chapter is the collection and discussion of various freely
available wave data products. These products, derived from in-situ measurements, satel-
lite observations, and numerical models, offer valuable resources for the research and
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design of WECs, as well as for the Blue Economy in general. Combining these data
sources allows for a more complete and accurate understanding of wave conditions at
a given site, thereby increasing the accuracy of analyses and extending their temporal
coverage.
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Table 3.1: IEC requirments

Requirments CLASS 1 CLASS 2 CLASS 3

Computational domain

Recommended
spatial resolution
for depth>200m

5km 2km 1km

Recommended
spatial resolution
for depth<200m

500m 100m 25m

Recommended
spatial resolution
for depth<20m

100m 50m 10m

Wind forcing & Boundary condition

Min. wind tempo-
ral resolution

3h 3h 1h

Min. wind spatial
resolution

100km 50km 25km

Paramatric wave
boundary

Acceptable Not permitted Not permitted

Spectral wave
boundary

Recommended Recommended Recommended

Specifications & Numerics of numerical model

3nd generation
spectral wave
model

Recommended Recommended Recommended

Spherical coordi-
nates

To be considered Acceptable Acceptable

Min. temporal res-
olution

3h 3h 1h

Min. frequencies
discretization

25 25 25

Min. directional
discretization

24 36 48

Recommended
frequency range

0.04Hz-0.5Hz 0.04Hz-0.5Hz 0.04Hz-0.5Hz

Minimum time se-
ries duration

10 years 10 yearsh 10 years
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4
WAVE ENERGY ASSESSMENT IN

PANTELLERIA

4.1. INTRODUCTION

A MONG the various renewable energy sources, ocean energy, and especially wave en-
ergy has the potential to make a major contribution to the supply of clean and re-

liable energy [192, 193]. In that context, the characteristics of waves must be properly
evaluated to estimate the wave energy resource, design efficient devices and conduct a
reliable cost-benefit analysis[194, 195, 114].

The island of Pantelleria is the focal point for this thesis and the evaluation of the
wave resource along its coast is analyzed for a WEC performance analysis purpose.
Pantelleria is situated in the Mediterranean Sea and is characterized by strong and con-
sistent wave patterns [196]. The Strait of Sicily, where Pantelleria is located (Fig. 4.1),
benefits from strong winds and a considerably long fetch [197]. Consequently, the is-
land is optimal for testing and developing WECs [198, 199]. Over the years, numerous
wave energy projects were initiated and tested around the island waters. The specified
installation testing site is in the same concession area of the MORE Lab (Marine Offshore
Renewable Energy Lab) [200], where in-situ instruments are installed.

4.2. WAVE DATASET AVAILABLE

M ULTIPLE data sources are availabe within the designated area of interest of Pan-
telleria. Specifically, the MOREnergy Lab research group has installed two in-situ

instruments and Level-3 satellite dataset is available. Additionally, data from the ERA5
reanalysis dataset is obtained and a SWAN model dataset is implemented through metic-
ulous calibration and validation procedures.
Subsequent sections will delve into these data sources, elucidating their attributes and
engaging in detailed discussions thereof.

65
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Figure 4.1: Pantelleria island location

4.2.1. IN-SITU DATASET
The in-situ installation site is approximately 800 m from the north-west coast at coordi-
nates 36°49’23”N and 11°55’13”E (Fig. 4.1). This site is located near Cala Modica, in the
Mursia area, with a water depth approximately of 30 m. The synthetic data obtained from
the in-situ measurements of Nortek AWAC-AST (Acoustic Wave and Currents-Acoustic
Surface Tracking) 600 KHz and Datawell Waverider DWR-G buoy underwent rigorous
quality control procedures outlined in Section 3.6.2. Through this quality controll pro-
cess, unreliable data points are identified and removed, resulting in the identification of
reliable datasets.
Fig. 4.2 provides an overview of the total coverage of the in situ recordings, as well as the
time coverage based on the quality control process described in detail below..

NORTEK AWAC-AST 600 KHZ

The Nortek AWAC-AST 600 KHz is an acoustic profiler positioned on the seabed, specif-
ically designed to monitor ocean currents and waves [201]. It is equipped with a di-
rectional wave measurement system that enables the recording and archiving of sea
wave profiles. As mentioned earlier, the instrument installation site is situated about
800 meters from the northeast coast, in waters 30 meters deep, at the exact coordinates
of 36°49’23"N and 11°55’13"E.
During monitoring operations, the Nortek AWAC-AST sensor acquired data at regular in-
tervals, recording information every hour for a period of 20 minutes with a sampling rate
of 2 Hz. This approach allowed for a representative assessment of sea states. The AWAC
frequencies range measurements is from 0.01 Hz to 1.0 Hz, covering wave periods from
1 seconds to 100 seconds.
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Datawell-2022 Available
Datawell-2022 Reliable

Figure 4.2: Overview of total in situ data coverage and time span achieved after applying the quality control
process

AWAC-AST QUALITY CONTROL

Two registration campaigns were conducted using the Nortek AWAC, one in 2015 and
the other in 2019, covering different periods of the year. Specifically, the data collected
in 2015 ranges from September 26 to December 4, while that of 2019 covers the period
from July 18 to September 16.
Tab. 4.2 provides a brief summary of the results obtained through the quality control
procedures of AWAC datasets, conducted following the guidelines provided in 3.6.2.

The dataset collected during the 2015 survey campaign includes 2073 data points,
but 2140 should have been registered. This discrepancy is due to data loss. Through the
quality control process, 99 points are eliminated due to data storage anomalies. Fur-
thermore, additional points, equal to 25, are discarded due to the presence of negative
directional values and 4 are discared in the spike test. Finally, 339 points are excluded
during the visual evaluation because they corresponded to the installation and recovery
data of the instrument. In particular, the AWAC did not have a communication system
with the mainland, therefore the data was recorded directly in the device’s memory and
subsequently extracted once the instrument was recovered from the seabed. As a result,
anomalies found in the 2015 registration period were not identified in a timely manner. A
return rate of 77.4% is obtained by considering the data reliable compared to those avail-
able. However, considering the return rate based on the data that theoretically should
have been recorded, the percentage is 75%

Regarding the 2019 measurement campaign, only 4 points are eliminated due to neg-
ative directional parameters, while only one is discared by the spike test. Throughout the
anomalies test, in particular throughout the visual evaluation, 51 points are excluded
and they corresponded to the installation and recovery operations of the sensor.
The implemented quality control process showes a return rate of 96.2% both considering
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Table 4.1: AWAC-AST datasets

Quality Control Process

Assessment 2015-Unreliable data 2019-Unreliable data

Date test 99 0

Location test 0 0

Allowable test 25 4

Global range test 0 0

Regional range test 0 0

Spike test 4 1

Anomalies test 339 51

Instrument comparison
test

No additional instruments
available

No additional instruments
available

Measurements 2015-Dataset 2019-Dataset

Theoretical 2140 1500

Available 2073 1500

Reliable 1606 1444

Return rate 2021/2022-Dataset

Reliable on theoretical 75.0% 96.2%

Reliable on available 77.4% 96.2%

the reliable data versus the reliable and theoretical ones.

DATAWELL WAVERIDER DWR-G
The Datawell Waverider DWR-G buoy [83] recorded wave sea states in Pantelleria in 2021
and 2022. Like the Nortek AWAC-AST instrument, the Datawell was also installed at the
same site, located in the center of the sea area granted under the MORELab concession.
The buoy is equipped with a Global Positioning System (GPS) module that facilitates di-
rectional wave measurements. It is equipped with a sensor package for measuring accel-
erations along the x-, y-, and z-axes, magnetic field readings along these axes, and pitch
and roll motions. Analyzing the pitch and roll angles of the buoy and its heave motion
makes it possible to characterize the incident wave fully. A disc-shaped device located
at the pivot point of the buoy’s motion is employed to determine the wave direction, fo-
cusing on the two-dimensional horizontal aspect of the wave.
The duration of data acquisition is equivalently 30 minutes and occurs every 30 minutes,
obtaining a continuous recording of sea states. Moreover, the buoy detectes frequencies
spanning from 0.01 Hz to 0.64 Hz, corresponding to wave periods between 1.6 seconds
and 100 seconds.
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DATAWELL WAVERIDER DWR-G QUALITY CONTROL

The buoy was deployed in early September 2021 with an expected operational lifespan
of 12 months. However, due to failures in the battery packs, it was decommissioned pre-
maturely at the end of February 2022 and only in June 2022 was the buoy reinstalled,
returning to record sea states until the end of August 2022. Additionally, intermittent
interruptions in communication between the transmitting and receiving antennas oc-
curred, resulting in a overall data loss.
Tab. 4.2 offers a concise summary of the outcomes derived from the quality control pro-
cedures of Datawell datasets.

Table 4.2: Datawell datasets

Quality Control Process

Assessment 2021/2022-Dataset

Date test 0

Location test 0

Allowable test 2

Global range test 0

Regional range test 0

Spike test 41

Anomalies test 28

Instrument comparison test No additional instruments available

Measurements 2021/2022-Dataset

Theoretical 17567

Available 10247

Reliable 10176

Return rate 2021/2022-Dataset

Reliable on theoretical 57.9%

Reliable on available 99.3%

The rate of return of reliable data out of those available is equal to 99.3% but is re-
duced to 57.9% if theoretical data is considered. This highlights that, although the quality
control process eliminated only a negligible percentage of points, and therefore the data
provided is accurate, the sensor is unreliable. This is because nearly half of the expected
recording time was lost due to battery failure and the time required to recover, repair and
reinstall the instrument. Importantly, recovery and installation operations involve activ-
ities such as renting a vessel, finding a qualified crew, and waiting for an adequate time
window for navigation and operations at sea, all of these activities are time consuming.
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4.2.2. SATELLITE DATASET
Satellite observations are a valuable resource in understanding global wave trends [202]
and in validating global [202, 203] or local [204, 205] numerical models. However, they
have no application in offshore design support when used alone. In fact, once a site has
been identified, the temporal resolution with which satellite observations provide infor-
mation could vary between 10 days (e.g. Jason-3 [145]) and 35 days (e.g. SARAL/Altika
[146]). Furthermore, as the distance from the coast decreases, the uncertainty and er-
ror of the data increases, consequently some measurements must be discarded because
their unreliability, further reducing the original dataset.

AODN DATASET

Among the Level-3 datasets available, the Australian Ocean Data Network (AODN) [79]
has identified as the best one for acquiring satellite data pertinent to the area of interest.
What distinguishes this dataset from others at Level-3 is its notably extensive temporal
coverage. While there are alternative Level-3 datasets accessible, they exhibit compara-
tively shorter temporal spans, thereby affirming the selected one as the preferable option
for ensuring a thorough and continuous portrayal of temporal dynamics. An example is
the WAVE_GLO_PHY_SWH_L3_MY_014_005 product [158], which has limited time cov-
erage, spanning from 2002 to 2020, and includes data from less satellites.

Various performance indicators are used to evaluate the applicability of satellite data
to the Pantelleria case study. This analysis involves assessing the accuracy of satellite
data compared to in situ measurements, considering variations in spatial criteria for the
collocation phase and methodologies for determining satellite values at each colloca-
tion.
The primary objective is to evaluate the congruence of satellite data with in situ mea-
surements, despite the instrument’s proximity to the coast and the nearby presence of
Tunisia and Sicily. Many studies validate satellite data under more favorable conditions,
typically in open ocean environments with instruments located at least 50 km from the
coast [157, 206, 79]. In contrast, this study aims to determine the feasibility of using
satellite data in less favorable conditions, such as those presented by the Pantelleria case
study. This approach seeks to demonstrate the applicability of satellite data for validat-
ing numerical models, showing that satellite data can be reliable even in challenging
coastal environments.
The ultimate goal is to obtain a satellite dataset that provides significant wave heights
during time periods when in-situ measurements are unavailable. The accuracy of the
satellite dataset is assessed by comparing satellite data with in-situ data recorded during
the same time periods. Once the reliability of the satellite data is verified, these measure-
ments can be used to fill gaps in the in-situ dataset, thereby improving the validation of
numerical models. By leveraging satellite data to supplement periods without in-situ
measurements, a continuous and comprehensive coverage of significant wave height
data can be achieved. Ensuring the satellite data’s reliability through rigorous compari-
son with in-situ measurements is a critical step in this process, as it provides confidence
in the satellite data’s applicability for model validation purposes.
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PERFORMANCE INDICATOR

The Root Mean Square Deviation (RMSD) is useful to evaluate the average error magni-
tude in the satellite dataset (xs ), and it reads

RMSD =
√∑N

n=1

[(
xs −xs

)− (
xo −xo

)]2

N
(4.1)

where N is the length of the datasets and xo correspond to the in-situ observations.

The Pearson Correlation Coefficient (CC ) measures the linear relationship between
two variables and determines the strength of the relationship between satellite and in-
situ data. It is described by

CC =
∑N

n=1

⌊(
xs −xs

)(
xo −xo

)⌋
N sdxs

sdxo

(4.2)

where sd is the standard deviation, a statistical measure that quantifies the degree of
dispersion of a dataset from the mean value. It has the form

sdi =
√∑N

n=1

(
xi −xi

)2

N
(4.3)

where i may refer to the satellite dataset (xs ) or in-situ observations (xo).

Other performance parameters used to evaluate the satellite applicability are B I AS
and the Symetric slope (S). The formulations for these parameters are as follows

B I AS =
∑N

n=1(xs −xo)

N
(4.4)

S =
√√√√∑N

n=1 x2
s∑N

n=1 x2
o

(4.5)

DATA COLLOCATION ANALYSIS

All available altimetric satellite data, for the area of interest, are obtained from the AODN
portal, resulting in 14 satellite missions. Fig. 4.3 provides a spatial overview of the distri-
bution of satellite measurements based on each satellite’s track.
As observed, Pantelleria’s position is particularly favorable, lying almost entirely at the
crossover point of the ERS-2 satellite. Additionally, the crossover point of the ENVISAT
satellite is located near the west coast of the island, and the CFOSAT trajectory bands
run along the island’s west coast.
The overall temporal coverage of the altimetric data ranges from 1985 to the present,
with a gap between 1988 and 1992 (Fig. 4.4).
Tab. 4.3 provides a more detailed overview of the individual time coverages of the differ-
ent satellite missions.
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Figure 4.3: Spatial distribution of all available altimetric satellite measurements provided by AODN

Figure 4.4: Time coverage of all available altimetric satellite measurements provided by AODN

There are several instances of temporal overlap between satellite missions, which en-
hance the continuity and reliability of significant wave height data. Currently, five satel-
lites are active and providing significant wave height information. This active fleet en-
sures a robust and comprehensive dataset, facilitating more accurate and timely analysis
of oceanographic conditions. The overlapping periods between these satellite missions
allow for cross-validation of data, improving the overall quality and consistency of the
wave height measurements.
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Table 4.3: Detailed overview of time coverage of all available altimetric satellite measurements provided by
AODN

Satellite Start mission End mission

CFOSAT [163] Oct 2018 Present

CRYOSAT-2 [162] Apr 2010 Present

ENVISAT [161] Mar 2002 Apr 2012

ERS-1 [207] Jul 1991 Mar 2000

ERS-2 [169] Apr 1995 Jul 2011

GEOSAT [167] Mar 1985 Jan 1990

GFO [170] Feb 1998 Oct 2008

HY-2C [208] Sep 2020 Jan 1990

JASON-1[159] Dec 2001 Jul 2013

JASON-2 [209] Jun 2008 Oct 2019

JASON-3 [145] Jan 2016 Present

SENTINEL-3A [210] Feb 2016 Present

SENTINEL-3B [211] Apr 2018 Present

TOPEX [212] Aug 1992 Jan 2006

The reliability analysis of the satellite data in the case study progressed by assuming a
time criterion for data collocation of 30 minutes. Regarding the spatial criterion, various
distances from the buoy installation site are analyzed, ranging from 10 km to 90 km, with
increments of 10 km. Fig. 4.5 provides an overview of the spatial extents within which
the analysis is conducted. This figure illustrates the different radii around the buoy, sys-
tematically varyed to determine the optimal spatial range for integrating satellite data
with in situ buoy data. This approach ensures a comprehensive understanding of how
spatial factors influence the congruence between satellite and buoy measurements, ul-
timately enhancing the precision of oceanographic data analysis.
Given the proximity to Tunisia, the maximum distance considered is 90 km. Further-
more, considering the installation site of the in-situ instruments, which is located 800
meters from the northwest coast, a sensitivity analysis is conducted to assess the impact
of including or excluding satellite measurements from the southeast quadrant relative
to the buoy. Taking these geographical factors into account, the study aims to evaluate
the influence of spatial orientation and distance on the reliability of satellite data. This
comprehensive approach ensures that the data integration process is robust and reliable.

Regarding the identification of the satellite significant wave height value resulting
from each collocation, two methodologies are followed. The first methodology involves
determining this value as the measurement nearest to the installation site of the in-situ
instruments for each collocation. The second methodology considers the significant
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In-situ instruments
location
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r=20km
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Figure 4.5: Overview of the spatial extents analyzed for evaluating satellite data reliability

wave height value of each collocation to be the mean value of the measurements at each
collocation.
Consequently, four different case studies are analyzed. The case defined as MDQ (Mean-
Distance-Quadrant) assigns the significant wave height value as the mean of the mea-
surements at each collocation, at varying distances r from the installation site, excluding
measurements from the southeast quadrant. The N DQ (Near-Distance-Quadrant) case
study is similar to MDQ but defines the significant wave height value as the measure-
ment nearest to the installation site. The MD (Mean-Distance) and N D (Near-Distance)
cases are analogous to MDQ and N DQ, respectively, but do not exclude measurements
from the southeast quadrant.
Fig. 4.6 illustrates the number of satellite data points obtained from the four different
cases, varying the distance from the installation site and considering the entire record-
ing period provided by the AWAC and Datawell buoy.
By grouping the different measurement campaigns, a total of 13226 in-situ data points
are obtained. In contrast, the number of satellite data points derived from collocations
with the in-situ instruments ranged from a minimum of 5 to a maximum of 206 mea-
surements. This discrepancy is primarily due to the temporal resolution of the satellite
measurements, which, as previously discussed, can vary between a few days to just over
a month. Consequently, the availability of satellite data is limited by the frequency of
satellite passes over the area of interest. As expected, the number of satellite data points
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Figure 4.6: Number of satellite data obtained by the different collocation cases in regard to the distance from
the in-situ installation site

in the MD and N D cases is overall greater than in the MDQ and N DQ cases. This dif-
ference arises because the latter cases exclude satellite data from the southeast quad-
rant of the installation site. The slight discrepancy between the MDQ and N DQ cases
is due to the methodology used for determining the significant wave height value and
the location of the resulting measurement. In the MDQ case, the location of the result-
ing measurements is defined as the centroid of the different satellite measurements for
each collocation. Specifically, this procedure involves assigning the value and position
of the significant wave height data corresponding to each collocation and subsequently
skimming for removing the resulting values within the exclusion quadrant. Conversely,
in the N DQ case, the value of the significant wave height is determined by identifying
the measurement closest to the instrument installation site, excluding in advance any
measurements within the exclusion quadrant. In this way, the identification of the mea-
surement used to assign the significant wave height is done by selecting from a pool of
pre-qualified measurements. This distinction in methodology affects the data density
and spatial representation of the satellite measurements. By excluding the southeast
quadrant, the MDQ and N DQ cases cleanse the dataset, potentially increasing its accu-
racy.
The significantly higher number of in-situ measurements provides a robust dataset for
numerical model validation. In contrast, the variability in the number of satellite mea-
surements underscores the importance of optimizing the collocation method. The goal
is to strike an optimal balance between obtaining a high number of measurements,
which can be achieved by increasing the distance from the site of interest, and main-
taining high accuracy to ensure the reliability of the dataset. This careful balance ensures
that the integration of satellite and in-situ data is both accurate and reliable, ultimately
enhancing the precision and credibility of the oceanographic analysis.

Quantile-Quantile (Q-Q) scatter plots are employed to evaluate the congruence be-
tween satellite data and in-situ data for each case study (Fig. 4.7). For this analysis, the
complete historical series of instrumental data considered reliable is used for compari-
son. This includes both AWAC and Datawell data, encompassing their full time coverage,
with only the data deemed reliable after quality control being considered. In particular,
for each in-situ measurement, the corresponding satellite measurement is identified us-
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ing the four previously described techniques. Q-Q plots are generated by comparing
pairs of in-situ and satellite measurements that represent the same sea state, allowing
for a detailed comparison of the data. This approach ensures that both datasets are tem-
porally aligned, as each satellite value is based on the crossover concept, following a
30-minute time interval criterion. The Q-Q plots reveal that at shorter distances from

Figure 4.7: Quantile-Quantile plots for comparing satellite and in-situ significant wave height data as the dis-
tance varies, for the different cases analyzed

the installation site, specifically between 10 and 30 km, there is a noticeable deviation
in the data. Specifically, it is evident that satellite data generally overestimate significant
wave heights compared to in-situ measurements. This deviation is likely attributable to
the proximity to the coast, which may have introduced noise or contamination into the
satellite measurements.
As the distance from the coast increases, the resulting satellite dataset expands, increas-
ing the probability of covering a significantly wider range of wave heights. For instance,
at a distance of 10 km, only 5 satellite data points are obtained from the collocation. At 20
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km, this number increases to 13 measurements. With a distance of 30 km from the coast,
the number reaches approximately thirty, thereby enhancing the likelihood of recording
various wave heights.
Overall, the trends observed in the Q-Q plots indicate that up to a significant wave height
of 1.5 meters, the satellite data are well-aligned with the in-situ measurements, showing
only a slight overestimation. However, for wave heights above 1.5 meters, satellite mea-
surements tend to underestimate compared to in-situ measurements. This underesti-
mation could be due to several factors. One of these is the location of the instrument in
a nearshore sea area, which leads to a greater influence of coastal conditions and physi-
cal phenomena related to seabed interactions.

Table 4.4 presents the performance parameter values for the different cases analyzed,
offering detailed information on the accuracy of the satellite data. It is important to high-
light that, in addition to the performance parameters, the number of significant wave
heights obtained from the collocation process is also reported. This inclusion provides
context for the analysis and offers insight into the size of the datasets being compared.
By considering both the performance metrics and the dataset sizes, the table enables a
comprehensive evaluation of the satellite data’s reliability and its effectiveness in captur-
ing significant wave heights.
Cases with a radius of 10 and 20 km are excluded from the performance analysis due to
the small dataset obtained and the poor adherence to the in-situ data shown in the Q-Q
plots.
The general trend observed from comparing the various performances indicates that
increasing the radius of the spatial collocation criterion improves the adherence of the
satellite data to the in-situ data. This is probably linked to the correlation between the
number of satellite data and the distance from the installation site. In fact, as the dis-
tance increases the dataset increases and more sea conditions can be compared. Fur-
thermore, when comparing the MDQ cases with the respective MD cases and the N DQ
cases with the respective N D cases, it becomes that excluding satellite data from the
southeast quadrant reduces overall performance. This unexpected result suggests the
need for further investigation. One possible explanation is that including the southeast
quadrant results in a larger dataset, which could enhance the robustness of the analy-
sis. This correlation should be further investigated using an instrumental dataset with
higher temporal coverage to increase the number of collocations. Additionally, a similar
geographical configuration should be sought to validate these findings.
Regarding the best performance among the analyzed cases, the MD case with a radius of
80 km stands out, achieving a correlation coefficient CC of 0.878% and a RMSD of 0.316
m. These results demonstrate good adherence of the satellite data to the in-situ data,
especially considering the buoy’s proximity to the coast and the fact that the study area
is a closed sea surrounded by two land masses.

In conclusion, the results demonstrate the satellite data potential even in unfavor-
able locations, and that analyzing the spatial criterion can help identify the optimal con-
ditions for performance. To further validate these findings, similar analyses in different
locations would be necessary. For the purposes of this thesis, the satellite data provided
by AODN are used as a benchmark for the validation of the SWAN numerical model. This



4

78 4. WAVE ENERGY ASSESSMENT IN PANTELLERIA

Table 4.4: Performance parameter values for the different cases analyzed

r [km] Technique N data RMSD
[m]

SI [-] BIAS
[m]

CC [-] S [-]

30

NDQ 26 0.278 0.293 0.121 0.857 0.934

MDQ 25 0.294 0.305 0.135 0.847 0.925

ND 30 0.294 0.298 0.115 0.858 0.940

MD 30 0.270 0.274 0.129 0.876 0.925

40

NDQ 42 0.341 0.333 0.028 0.815 1.021

MDQ 42 0.344 0.336 0.059 0.812 0.994

ND 50 0.343 0.334 0.042 0.812 1.001

MD 50 0.328 0.319 0.077 0.829 0.968

50

NDQ 57 0.321 0.329 0.052 0.826 0.997

MDQ 57 0.318 0.326 0.074 0.827 0.978

ND 66 0.324 0.332 0.064 0.824 0.983

MD 66 0.306 0.313 0.092 0.843 0.955

60

NDQ 99 0.342 0.320 0.070 0.856 0.994

MDQ 99 0.341 0.318 0.073 0.856 0.999

ND 120 0.341 0.318 0.071 0.859 0.992

MD 120 0.332 0.309 0.084 0.867 0.986

70

NDQ 142 0.357 0.322 0.067 0.848 0.999

MDQ 140 0.341 0.305 0.055 0.862 1.011

ND 173 0.361 0.329 0.073 0.845 0.997

MD 173 0.326 0.296 0.070 0.875 1.000

80

NDQ 153 0.374 0.341 0.066 0.829 1.001

MDQ 140 0.328 0.291 0.042 0.876 1.020

ND 193 0.374 0.347 0.080 0.827 0.993

MD 193 0.316 0.293 0.073 0.878 0.990

90

NDQ 166 0.409 0.367 0.050 0.804 1.026

MDQ 152 0.364 0.317 0.025 0.854 1.044

ND 206 0.402 0.367 0.066 0.806 1.014

MD 206 0.345 0.315 0.057 0.860 1.010

approach extends the temporal coverage of the validation beyond what is available from
the in-situ data alone. By leveraging the extended dataset from AODN, the study aims to
enhance the robustness and accuracy of the SWAN model’s predictions.
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4.2.3. NUMERICAL MODEL DATASET
The use of numerical models is particularly useful in the absence of a long time-series
provided by in-situ sensors. Additionally, these models are also employed when the
available instrumentation covers a vast time period, but the installation site differs from
the site of interest for the deployment of WECs or other offshore projects. In this context,
numerical models must be carefully calibrated and validated to optimize their perfor-
mance and accuracy. In this regard, the calibration dataset is selected from the Datawell
measurements, covering the period from September 2021 to February 2022. The remain-
ing in-situ measurements, from both Datawell and AWAC, are used together with the
satellite dataset for validation purposes.

SWAN DATASET
The ten-year numerical dataset of synthetic wave parameters and the frequency-directional
spectrum are obtained from the SWAN model. In particular, the temporal coverage of the
time series spans from 2013 to 2022, as a 30-minute temporal resolution. An innovative
calibration procedure is presented and used to identify the optimal setting in terms of
performance and computational time. Indeed, the present thesis not only delves into an
in-depth analysis of the SWAN model accuracy concerning wind inputs, whitecapping
and exponential wind growth, but also assesses the model performance across a broad
spectrum of cases. These cases encompass variations bathymetric inputs, mesh res-
olution, computational time-step, boundary conditions, and frequency discretisation.
The investigation further delves into the model’s response concerning the linear wind
growth, bottom friction, and triad-triad wave interactions. The analysis encompasses
an extensive assessment of wind drag formulation, and the calibration of physical pa-
rameters.

SWAN IMPLEMENTATION

In the setting up of SWAN model, much attention is paid to the choice of the wind input
and the models and parameters of the physical process. Many studies [213, 214, 215,
216, 217, 218, 219, 220] have carried out sensitivity analyzes of the SWAN model about
the imposed wind conditions. In particular, several wind databases are investigated, and
Table 4.5 provides an overview.

The results demonstrated that the choice of the wind field database is crucial to ob-
tain precise outputs from the wave model. In particular, [213] states that the model accu-
racy varies mainly according to the spatial resolution and less according to the temporal
resolution of the wind fields. Then, the finer spatial resolution of the wind leads to im-
proved wave model predictions. In [218] and [219] ERA5 appears to be the database that
produces the best performances in the Mediterranean Sea, respectively, compared to
ERA-Interim and CCMP for [218] and CCMPv2 [232], JRA-55 [223], MERRA 2 [229], ERA-
Interim [226], NCEP 2 [228] and NCEP FNL [233] for [219]. Generally, the implemented
models have a good prediction capability for the average wave conditions through tun-
ing but show underestimating the maximum wave conditions [218, 220].

Another common method to increase SWAN model performance is the setting of
whitecapping and exponential wind grow physics [214, 215, 234, 218, 220, 235, 236]. The
exponential wind grow pertains to the process of energy transfer from wind to waves,



4

80 4. WAVE ENERGY ASSESSMENT IN PANTELLERIA

Table 4.5: Overview of widely-used wind datasets as wind forcing for the SWAN model, with temporal and
spatial specifications and corresponding research papers references

Wind
database

Temporal
coverage

Temporal res-
olution

Spatial reso-
lution

References

ERA5 [221] 1950-present 1-hourly 0.25° × 0.25° [215, 218, 219,
220]

ERA-40 [222] 1957–2002 6-hourly 1.5° × 1.5° [213, 214]

JRA-55 [223] 1958-present 3-hourly 1.25°x 1.25° [219]

JRA-25 [224] 1979–2004 6-hourly 1.125° × 1.125° [213]

NCEP CFSR
[225]

1979–2010 6-hourly 0.34° × 0.34° [213, 216, 217,
220]

ERA-Interim
[226]

1979–present 6-hourly 0.75° × 0.75° [213, 214, 215,
217, 218, 219]

MERRA [227] 1979–present 1-hourly 0.5° × 0.667° [213, 214]

NCEP 2 [228] 1979-present 6-hourly 1.875° x 1.875° [219]

MERRA 2
[229]

1980-present 3-hourly 0.5° x 0.625° [219]

NCEP CFSv2
[230]

1982–present 6-hourly 0.25° × 0.25° [215, 216]

CCMP [231] 1987-present 6-hourly 0.25° × 0.25° [218]

CCMPv2 [232] 1987-present 6-hourly 0.25° × 0.25° [219]

NCEP FNL
[233]

1999-present 6-hourly 1°x 1° [219]

with various formulations incorporated into SWAN [116]. Janssen [127] and Komen [68]
models are grounded in the feedback mechanism, Yan [131] is based on the saturation-
based parameterization while Rogers [237] relies on an observation-based approach.
Whitecapping is the primary process of dissipating wave energy in open and deep oceans,
characterized by waves reaching a critical point where their slopes increase and they
break, effectively limiting further wave growth. SWAN [116] has adapted several physics
scheme for wind and whitecapping such as Janssen [127], Komen [68], Westuyasen [129]
and Rogers [128] (see Table 4.6), with wind growth and whitecapping being tunable in-
dependent parameters.

In [215], the SWAN performance has been evaluated with different whitecapping and
exponential wind grow models, revealing that the wind scaling parameter is among the
most affecting for wave height regulation. It has also been demonstrated in Akpinar et al
[214] that the value of the whitecapping coefficient with greater consistency, compared
to the wave observations, varies with the variation of the wind reanalysis database used.
Additionally, the study [234] highlights the importance of conducting sensitivity anal-
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Table 4.6: SWAN physics packages

Packages Exponential wind
grow

Whitecapping Combinations
acronym

GEN3 JANSsen Janssen [127] Komen [68] J-K

GEN3 KOMen Komen [68] Komen [68] K-K

GEN3 WESTHuy-
sen

Yan [131] Westhuysen [129] Y-K

GEN3 ST6 Rogers [237] Rogers [128] R-R

yses of the SWAN model to identify the optimal physics combinations for the specific
study site. The model is calibrated and validated against data from five buoys placed
at sites with different wave characteristics in the west coast of Norway and shows that
GEN3 WESTHuysen package generally provides wave heights at locations with mixed
swell-wind sea conditions with good agreement. GEN3 KOMen package is the most ac-
curate for measuring wave heights in locations not exposed to the open sea, in contrast
to the GEN3 ST6 package, which tends to overestimate wave heights in sheltered areas.
Additionally, GEN3 ST6 package is more sensitive to narrow fetch geometry and local
wind speed variations than the other packages [234].

Although many studies have dealt with the optimal choice of wind database [213,
216, 217, 219, 238] and/or physics setting [214, 215, 218, 220, 234, 235, 236], the optimal
model setting is not always the same for every region [239, 240, 241, 236]. Furthermore,
only a few of these studies have attempted to reduce the calculation time of their model
[218, 220, 235, 242].

IN-SITU CALIBRATION AND VALIDATION DATASETS

The calibration is conducted by assessing the accuracy of different configurations, rely-
ing on Datawell time series data covering the period from September 3, 2021, to Febru-
ary 28, 2022, with a half-hour temporal resolution. For validation purposes, Datawell
Waverider DWR-G data from June 1, 2022, to September 1, 2022, is used. Additional
instrumental hourly data is provided by measurements from the Nortek AWAC-AST, cov-
ering the periods from September 20, 2015, to December 4, 2015, and from July 18, 2019,
to September 16, 2019. No other in-situ instruments are available in the study area, not
even from open-source databases such as the National Data Buoy Center (NDBC) or IN-
SITU_GLO_WAV_DISCRETE_MY_013_045. Finally, altimetric satellite data provided by
AODN is used to carry out validation for the time periods in which the in-situ instru-
ments did not provide data.
This comprehensive approach ensures that the calibration and validation processes are
robust and thorough. By utilizing a diverse range of datasets, the study aims to provide
a detailed assessment of the SWAN numerical model’s performance. The inclusion of
satellite data helps to fill gaps in the temporal coverage, thereby extending the validation
period and enhancing the overall reliability of the model.
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WAVE AND WIND FORCING DATASET

Wave characteristics are downscaled by implementing wave and wind forcing in the
SWAN model. These forces are sourced from the ERA5 reanalysis dataset, which is gen-
erated by the European Centre for Medium-Range Weather Forecasts (ECMWF). Specifi-
cally, the ERA5 encompasses data on wave and wind parameters, derived from a combi-
nation of satellite altimetry, buoy observations, and numerical models.
To produce a highly representative model, different types of boundary conditions are
analyzed. In particular, the frequency-directional spectrum (2D wave spectrum), the
synthetic parameters of the wind waves combined with the swell and the synthetic pa-
rameters of the only swell are used as different wave forcing, testing their performance.
All wave condition information are acquired from the ERA5 database, characterised by
a spatial resolution of 0.5°x0.5° and an hourly temporal resolution. The 2D spectrum
provided by ERA5 has 24 directions and 30 frequencies, covering the range 0.0345 Hz
and 0.54775 Hz. The synthetic parameters of wind waves combined with swell and the
synthetic parameters of only swell include significant wave height (Hs ), the peak period
(Tp ), the wave direction (Di r ) and the directional spreading (s).

Wind conditions, like wave conditions, are acquired by ERA5. Unlike wave informa-
tion, wind data are provided with a spatial resolution of 0.25°x0.25° and updated hourly.
In particular, the available dataset includes the eastward component of the wind at 10
meters (u10m) and the northerly component of the wind at 10 meters (v10m), i.e. the
components of the horizontal wind speed at a height of 10 meters above the surface
of the sea. The wind direction components provided by ERA5 adhere to meteorologi-
cal convention, indicating the direction from which the wind is blowing. Both conven-
tional and neutral wind at 10 m above sea level are analyzed to identify the most suitable
dataset. Notably, using conventional wind is a common practice [215, 218, 219, 220],
however the results shown in [243], and confirmed in [244], highlight how the neutral
wind at 10 meters above sea level is slightly more suitable than the conventional one
when referring to satellite observations. This result is based on the global comparison
of the wind speed obtained from the ENVISAT [161], Jason-1 [245], Jason-2 [209] and
CryoSat-2 [246] satellites and the wind speeds provided by ERA5 for the conventional
and neutral wind datasets. Both datasets have a correlation coefficient (CC ) equal to
0.95% and a scatter index (SI ) of 0.14 but the Root Mean Square Error (RMSE) of the
neutral dataset is equal to 1.16 m s−1, slightly better than the conventional one corre-
sponding to 1.22 m s−1. Furthermore, [244] demonstrated that using ERA5 neutral wind-
forced has a slight advantage over conventional wind-forced in terms of wave model per-
formance.

BATHYMETRIC DATASET

The study researches the best bathymetric datasets by comparing the results obtained
from using the General Bathymetric Chart of the Oceans (GEBCO) [247] and European
Marine Observation and Data Network (EMODnet) [248] bathymetry. GEBCO is a col-
laborative project between the International Hydrographic Organization (IHO) and the
Intergovernmental Oceanographic Commission (IOC) of UNESCO, which offers a global
coverage bathymetric map of the ocean seabed, collecting data from a variety of sources,
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such as ship soundings, satellite altimetry, and gravity models. On the other hand, EMOD-
net Bathymetry is a digital terrain model that provides harmonized bathymetric data
from multiple sources, including industry, government agencies, and research institutes,
with the goal of offering the most comprehensive and high-resolution depth data for
European waters. The main difference of the two bathymetric databases is the spatial
resolution: GEBCO has a resolution of approximately 15 arc-sec (around 460 m) while
EMODnet provides the bathymetric trend every 3.75 arc-sec (around 115 m). In both
cases, the Mean Sea Level (MSL) is used as a reference. Fig. 4.8 shows the bathymetric
trend with respect to the two data sources used.

In-situ
instruments
location

In-situ
instruments
location

GEBCO EMODnet

Figure 4.8: Bathymetric trend in reference to the information provided by GEBCO (left panel) and by EMODnet
(right panel)

SWAN CALIBRATION

Considering all possible combinations of such an extensive parameters space would be
unfeasible in any reasonable time frame, which is indeed the reason why no similar study
is found in the literature. To cope with this intrinsic limitation, but still achieving the ob-
jectives of this thesis, a novel incremental Stage Gate approach is herein suggested. The
Stage Gate approach is indeed employed to investigate the numerous case scenarios and
pinpoint optimal configurations at each stage. This approach divides the problem into
manageable sub-problems, and finds the best solution for each stage. At each gate, the
best solution is identified and serves as a starting point for the subsequent gate, effec-
tively exploring various settings and considering both performance outcomes and com-
putation time requirements. The study assesses the precision of results, focusing on the
accuracy of significant wave height and energy period, both of which are crucial param-
eters for evaluating the energy resource. The island of Pantelleria is used as a case study,
comparing the results produced by the different configurations with the available in-situ
measurements. Statistical performance indicators are used to assess the accuracy of the
results, and the computational time is also considered to find the optimal configura-
tions.

Performance indicator
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Various metrics are used to assess the accuracy of the different configurations, in terms
of Hs and Te , and determine the best setup. In addiction to RMSD , CC , B I AS and S,
other performance parameters used are the Root Mean Square Error (RMSE), and the
Scatter Index (SI ) . The formulations for these parameters are as follows

RMSE =
√∑N

n=1(xm −xo)2

N
(4.6)

SI =
√√√√∑N

n=1 [(xm − x̄m)− (xo − x̄o)]2∑N
n=1 x2

o

(4.7)

In order to gauge the precision of the outcomes, the Taylor diagram, as described
in [249] and relying on RMSD , CC , and sd metrics, is employed for every gate. This
methodology is applied to appraise different SWAN configurations by examining how
closely the computed values for significant wave height (Hs ) and energy period (Te ) align
with observed data. Furthermore, the normalized computational time for each configu-
ration (Nct ), relative to the specific Stage-Gate results, is considered to assess its compu-
tational efficiency.

MODEL SET-UP

The SWAN model is set up in a spherical coordinate system as it better accommodates
small- and large-scale calculations than the Cartesian system. The non-stationary mode
is adopted to describe sea state evolution in detail, evaluating the interaction between
incoming waves and those already developed in the computational grid. Wind inputs
and wave boundaries are provided hourly. The explicit scheme is preferred over the im-
plicit one for the wave propagation scheme. In the case of implicit models, the Courant
Friedrichs Lewy criterion [250] must be considered, ensuring that wave energy travels
through at least one geographical cell within a time-step. In other words, it must be as-
certained that the maximum time-step is less than the spatial resolution divided by the
velocity of the shallow water group of the fastest component. In practice, this means that
for a resolution of 100 m and a frequency of 0.04 Hz, the time-step should not exceed 2.5
s, which would result in a high computational time. To address this problem, the Back-
ward Space Backward Time (BSBT) method [123] is used since it is an explicit scheme
and guarantees numerical stability, regardless of the chosen temporal resolution.

A maximum of 10 iterations per time-step is used. This means that if the convergence
of Hs is not reached within 10 iterations, the calculation proceeds to the next time-step.
It is important to highlight that in non-stationary analysis, the maximum number of iter-
ations typically falls from 1 to 4. However, increasing this value significantly reduces the
risk of obtaining inaccurate results, and usually, the number of challenging-to-compute
time-steps is limited.

Table 4.7 summarises the SWAN model setup characteristics before the Stage-Gate
analysis. In particular, the characteristics reported as predefined (P ) are defined at the
beginning of the analysis and not explored during the present work. Otherwise, the ex-
amined features are marked as tuned (T ).
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Table 4.7: SWAN model set-up, distinguishing between predefined (P) features at the beginning of the analysis
and tuned (T) ones during the study

Features Setting Type

Mode Non-stationary P

Scheme BSBT [123] P

Number of directions 36 P

Number of frequency 36 P

Minimum frequency 0.04 Hz T

Maximum frequency 1 Hz T

Maximum iteration num-
ber

10 P

Wind forcing Conventional wind T

Wave boundary condi-
tions

Synthetic parameters of
the wind waves combined
with the swell

T

Exponential wind growth Default (Komen [68]) T

Whitecapping Default (Komen [68]) T

Depth-induced breaking Default (Battjes and
Janssen [251])

P

Quadruplets DIA (Hasselmann et al.
[125])

P

Wind drag formula Default (Hwang [133]) T

Output calculation 30 min P

Time-step 30 min T

STAGE-GATES APPROACH

The Stage-Gate process methodology is utilized to fine-tune and select the most suitable
configuration for the SWAN model based on quantitative performance indicators. This
approach simplifies problem-solving by breaking it down into smaller elements. At each
stage, the aim is to pinpoint the best configuration of one variable, which then serves as
the starting point for the subsequent phase. This methodology facilitates a systematic
analysis and in-depth examination of various components of the SWAN model, allowing
each element to be investigated individually.

Moreover, this approach establishes a structured framework for decision-making,
streamlining the identification of the best configuration at each gate. One of the pri-
mary merits of this methodology lies in its capacity to simplify the tuning and calibra-
tion process while efficiently identifying the optimal parameters. Through a methodical
progression through each gate and consideration of both model performance and com-
putation time, sensitivity studies are conducted on various model aspects, resulting in
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effective model calibration.
If an analysis of all the settings combinations had been undertaken, the scope of

the problem would have expanded significantly, increasing from the 40 configurations
evaluated in the Stage-Gate process to over 250,000 distinct variations.

Fig. 4.9 provides a concise overview of the specific elements addressed in each pro-
cess phase.
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Figure 4.9: Diagram depicting the sequential application of the Stage-Gate approach for the SWAN model set-
up

The initial stage involves selecting bathymetric input and configuring the compu-
tational grid, marking a critical decision in model establishment. Subsequently, the
second stage involves exploring the time-step to identify a configuration that achieves
an best balance between computational efficiency and accuracy. Based on these find-
ings, all subsequent configurations are then refined. Following this, an analysis of wave
boundary conditions and the wind field is conducted to identify the crucial inputs of
model forcing. Examining the frequency range represents the first real step in model
tuning. This is followed by identifying best formulations for the physics of exponential
wind growth and withecapping, both crucial aspects of model configuration. Following,
the sensitivity analysis of the wind drag formulation is carried out, and the inclusion of
additional physics is investigated. Finally, the resulting best configuration undergoes
calibration.

Tables are used at each Stage-Gate subsection as a means to encapsulate the features
of the configurations examined at various gates. To maintain clarity regarding the best
configuration transition between one gate and the next, each Stage-Gate table adheres
to the following convention: the best configuration for each gate is indicated using bold
text, and the best configuration from the preceding gate is marked with a superscript *.

Bathymetric source and mesh resolution
Different configurations regarding the bathymetric source and spatial mesh resolutions
are investigated. The use of unstructured computational grids is adopted to accurately
describe the spatial variability of the seabed and reduce computation times: a greater
resolution is defined in the areas near the coast, imposing a minimum resolution of 100
m and a maximum one of 500 m, while a broad one is used for the offshore area. Different
configurations are identified by varying the maximum offshore resolution (M axel =5000
m and M axel =10000 m) and the grade parameter (α=0.15 and α=0.2), which defines the
percentage of the increase in the spatial resolution of the offshore cells. The GEBCO
and EMODnet databases are used to create two subgroups of analyses having the same
mesh characteristics but different bathymetry sources. Table 4.8 summarizes the differ-
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ent characteristics of the configurations investigated during the bathymetric source and
mesh resolution Stage-Gate.

Table 4.8: Configurations features analyzed in the bathymetric source and mesh resolution Stage-Gate

Configurations Bathymetry Max_el [m] α

Gr i d1 GEBCO 5000 0.15

Gr i d2 GEBCO 5000 0.2

Gr i d3 GEBCO 10000 0.2

Gr i d4 EMODnet 5000 0.15

Gr i d5 EMODnet 5000 0.2

Grid6 EMODnet 10000 0.2

Fig. 4.10 is the representation of the different meshes used in the Stage-Gate to iden-
tify the best computational grid.

outer no-flux boundary
open ocean boundary

Figure 4.10: Representation of the different meshes used in the Stage-Gate to identify the best computational
grid. The three images show meshes with varying parameters: M ax_el set to 5 km andα varying between 0.15
and 0.2 in the first two, and M ax_el set to 10 km with α=0.2 in the third image. The red lines represent the
outer no-flux boundary, while the blue lines indicate the open ocean boundary.

Fig. 4.11 represents the Taylor diagram of the Hs and Te , referring to the different
configurations, as well as the respective Nct .

Tab. 4.9 and 4.10 provide the values of the performance parameters for the different
configurations for Hs and Te , respectively.

The comparison between the parameters modelled by SWAN and those measured
by the buoy indicates that the best configuration is Gr i d6, with RMSD and CC values
of 0.242 m and 96.8% for Hs , and 0.665 s and 88.1% for Te , respectively. It also results in
a 23% reduction in calculation times compared to the Gr i d4 configuration, which em-
ploys the same bathymetric dataset but with a higher computational mesh resolution.
This outcome is primarily attributed to two factors. Firstly, the bathymetric trend pro-
vided by EMODnet has a higher resolution than that provided by GEBCO, resulting in
a more precise outcome. Comparing Gr i d3 and Gr i d6, which differ only in the bathy-
metric dataset adopted, there is an improvement of 2.4% on the RMSDH s and of 8.4%
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Figure 4.11: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the bathymetric source and mesh resolution Stage-Gate

Table 4.9: Hs Performance indicator for bathymetric source and mesh resolution Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Gr i d1 0.272 0.236 -0.136 0.968 0.844 0.919 0.159 1.115

Gr i d2 0.289 0.245 -0.155 0.967 0.821 0.919 0.165 1.140

Gr i d3 0.297 0.248 -0.163 0.966 0.815 0.919 0.167 1.149

Gr i d4 0.263 0.243 -0.101 0.968 0.812 0.919 0.164 1.109

Gr i d5 0.269 0.244 -0.113 0.968 0.807 0.919 0.165 1.119

Grid6 0.266 0.242 -0.111 0.968 0.811 0.919 0.163 1.115

Table 4.10: Te Performance indicator for bathymetric source and mesh resolution Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Gr i d1 0.812 0.768 0.262 0.866 1.504 1.145 0.165 0.930

Gr i d2 0.764 0.726 0.238 0.877 1.479 1.145 0.155 0.936

Gr i d3 0.762 0.726 0.232 0.878 1.483 1.145 0.155 0.937

Gr i d4 0.749 0.660 0.354 0.882 1.390 1.145 0.141 0.920

Gr i d5 0.749 0.661 0.352 0.881 1.387 1.145 0.142 0.921

Grid6 0.745 0.665 0.338 0.881 1.396 1.145 0.142 0.923

on the RMSDTe , going from 0.248 m to 0.242 m and 0.726 s to 0.665 s, respectively. Sec-
ondly, among the three configurations based on EMODnet bathymetric information, the
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metrics of Hs and Te were slightly different but with a substantial decrease in Nct .

Time-step
The analysis focuses on the computational time-step to find the most balanced solution
between performance and computational efficiency. Four distinct configurations with
time-steps of 5, 10, 15, and 30 minutes, as outlined in Table 4.11, are examined.

Table 4.11: Configurations features analyzed in the time-step Stage-Gate

Configurations Time-step [minutes]

T i me1 5

T i me2 10

T i me3 15

Time4* 30

The Taylor diagram for Hs and Te (Fig. 4.12) reveals that the performances of these
configurations are quite similar. Nevertheless, there is only a marginal performance gain
associated with increasing the computational time, maintaining the same maximum
number of iterations.

Figure 4.12: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the time-step Stage-Gate

Table 4.12 and 4.13 present the performance parameter values for the various con-
figurations.

As previously discussed in [215], reducing the time-step without a concurrent in-
crease in the maximum number of iterations does not automatically enhance precision
but certainly extends the computational time, as sea state propagation becomes more
computationally intensive. To boost model performance, it is advisable to augment both
the maximum number of iterations and decrease the time-step.

In this analysis, the number of iterations is not further increased to limit the increase
in computational time, considering 10 iterations are already sufficiently expensive from
the point of view of computational cost. Given that variations in the time-step do not
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Table 4.12: Hs Performance indicator for time-step Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

T i me1 0.271 0.243 -0.120 0.968 0.807 0.919 0.164 1.124

T i me2 0.269 0.243 -0.116 0.968 0.808 0.919 0.164 1.121

T i me3 0.268 0.243 -0.114 0.968 0.809 0.919 0.164 1.119

Time4∗ 0.266 0.242 -0.111 0.968 0.811 0.919 0.163 1.115

Table 4.13: Te Performance indicator for time-step Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

T i me1 0.777 0.689 0.358 0.874 1.409 1.145 0.148 0.918

T i me2 0.756 0.673 0.343 0.879 1.401 1.145 0.144 0.921

T i me3 0.754 0.672 0.341 0.879 1.400 1.145 0.144 0.922

Time4∗ 0.745 0.665 0.338 0.881 1.396 1.145 0.142 0.923

affect result quality of Hs but mainly influence computational time and a slight improve-
ment in performance in Te is observed, the best choice is the T i me4 configuration. In-
deed, the T i me4 configuration reduces the computational burden by 87% compared to
the T i me1 configuration, with similar result accuracy for Hs and an improvement for Te .

Wind and Wave boundary condition
Different wave boundary conditions and forcing wind fields are analyzed to identify the
configuration that strikes a well-balanced compromise between accuracy and computa-
tional efficiency (Table 4.14).

Both wind and wave information are acquired from the ERA5 database. Different
configurations are analyzed regarding wave boundary conditions, using synthetic pa-
rameters referring to the combination of wind waves and swell, synthetic ones based
on the only swell, and the 2D frequency-directional spectrum. Furthermore, for each
wave boundary condition studied, two subcategories are created using conventional and
neutral wind at 10 m above sea level as a forcing wind field. Observing the Taylor dia-
gram (Fig. 4.13) regarding the Te , it emerges that the use of the 2D frequency-directional
spectrum drastically increases the accuracy of the results compared to the configuration
based on the synthetic parameters of combined wind waves and swell.

The performance parameter values for the different configurations, in reference to
Hs and Te , are shown in Tables 4.15 and 4.16.
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Table 4.14: Configurations features analyzed in the wind and wave boundary conditions Stage-Gate

Configurations Wave boundary condi-
tion

Wind forcing at 10 m a.s.l.

Boun1 2D frequency-directional
wave spectrum

Conventional wind

Boun2 2D frequency-directional
wave spectrum

Neutral wind

Boun3∗ Shyntetic parameters of
combined wind waves
and swell

Conventional wind

Boun4 Shyntetic parameters of
combined wind waves
and swell

Neutral wind

Boun5 Shyntetic parameters of
swell

Conventional wind

Boun6 Shyntetic parameters of
swell

Neutral wind

Figure 4.13: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the wind and wave boundary conditions Stage-Gate

The reason for this result is mainly linked to the almost constant simultaneous over-
lap of different sea states, as described in [36]. In particular, the analysis is conducted
based on the wave conditions of 2022, and the co-presence of the swell with the wind
waves is not negligible, as swell represents approximately 35% of the total wave energy
in Pantelleria during that year. The absolute angular difference of the average direction
of swell and wind waves is less than π/4 approximately 64% of the time. The remaining
maritime states are characterized by swell, which has a significantly distinct mean direc-
tion from that of the wind waves. Consequently, even the assignment of a single mean
direction for both sea states involves non-negligible errors. In fact, the use of synthetic
parameters is valid only in the cases of single sea states.
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Table 4.15: Hs Performance indicator for wind and wave boundary conditions Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Boun1 0.286 0.251 -0.137 0.969 0.783 0.919 0.169 1.148

Boun4 0.277 0.250 -0.120 0.968 0.791 0.919 0.169 1.132

Boun3∗ 0.266 0.242 -0.111 0.968 0.811 0.919 0.163 1.115

Boun4 0.294 0.255 -0.146 0.965 0.801 0.919 0.172 1.145

Boun5 0.473 0.380 -0.282 0.956 0.611 0.919 0.256 1.382

Boun6 0.457 0.374 -0.263 0.955 0.620 0.919 0.252 1.356

Table 4.16: Te Performance indicator for wind and wave boundary conditions Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Boun1 0.520 0.487 0.183 0.926 1.284 1.145 0.104 0.956

Boun4 0.509 0.482 0.164 0.927 1.284 1.145 0.103 0.960

Boun3∗ 0.745 0.665 0.338 0.881 1.396 1.145 0.142 0.923

Boun4 0.674 0.669 0.085 0.883 1.409 1.145 0.143 0.968

Boun5 0.676 0.605 -0.301 0.858 1.122 1.145 0.130 1.068

Boun6 0.667 0.592 -0.307 0.863 1.117 1.145 0.127 1.070

The configurations Boun5 and Boun6 are defined using the synthetic parameters
derived only from the swell sea states to avoid the incorrect assumption regarding the
occurrence of exclusively monopeak sea states, as described above. The results show
that there is inadequate congruence between the results of the SWAN model and the
buoy observations. The main reason is linked to the lower energy supplied to the system,
which is not compensated by that supplied by the wind, as the analysis area is relatively
small: the wind, in fact, does not have a sufficiently large fetch to transfer energy to the
sea. Consequently, the 2D frequency-directional spectrum is the best wave boundary
condition.

Regarding the wind field, the Boun2 configuration based on neutral wind is bet-
ter than the Boun1 configuration based on conventional one. From a computational
time point of view, Boun2 requires only 1.6% more time than Boun1. In conclusion, the
Boun2 configuration is chosen as the best configuration in the wind and wave bound-
ary condition Stage-Gate, having an RMSDH s equal to 0.250 m, CCH s equal to 96.8%,
RMSDTe equal to 0.482 s and CCH s equal to 92.7%, with a reduction in NC T of almost
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30% compared to the optimal configuration of the previous gate, i.e. Boun3.

Frequency range
In this Stage-Gate, variations are introduced in both the frequency range of the prog-
nostic interval and the range used for calculating integral parameters. Users are given
the flexibility to set minimum and maximum frequencies for computing integral output
parameters. In the F r eq1 configuration, the same frequency range as the Datawell Wa-
verider DWR-G buoy is applied for both the prognostic range and the range used to com-
pute integral parameters. For the F r eq2 configuration, the interval for spectral density
propagation aligns with the recommendations found in the SWAN manual [116], utiliz-
ing the buoy frequency range for the output calculations as well. Lastly, the F r eq3 con-
figuration is established using the SWAN manual suggested minimum and maximum
frequency values for both frequency categories. Details of the minimum and maximum
frequency values for these configurations are summarized in Table 4.17.

Table 4.17: Configurations features analyzed in the frequancy range Stage-Gate

Configurations Prognostic range Output range

Freq1 0.01 Hz - 0.64 Hz 0.01 Hz - 0.64 Hz

F r eq2 0.04 Hz - 1Hz 0.01Hz - 0.64Hz

F r eq3∗ 0.04 Hz - 1Hz 0.04Hz - 1Hz

Fig. 5.4 offers a concise overview of the performance of these studied configurations

Figure 4.14: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the frequancy range Stage-Gate

Tables 4.18 and 4.19 detail the performance parameters for each configuration in
regard to Hs and Te , respectively.

It is evident that there is no substantial improvement in the accuracy of Hs . When
it comes to Te , the F r eq1 configuration yields results more closely aligned with those
measured by the buoy. Specifically, RMSDTe decreases from 0.482 s to 0.456 s, and CCTe

improves from 92.7% to 93.1% when comparing F r eq3 and F r eq1.
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Table 4.18: Hs Performance indicator for frequancy range Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Freq1 0.277 0.250 -0.121 0.968 0.795 0.919 0.168 1.131

F r eq2 0.280 0.247 -0.131 0.968 0.797 0.919 0.167 1.137

F r eq3∗ 0.277 0.250 -0.120 0.968 0.791 0.919 0.169 1.132

Table 4.19: Te Performance indicator for frequancy range Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Freq1 0.497 0.456 0.196 0.931 1.251 1.145 0.098 0.956

F r eq2 0.509 0.482 0.164 0.927 1.284 1.145 0.103 0.960

F r eq3∗ 0.509 0.482 0.164 0.927 1.284 1.145 0.103 0.960

This outcome can be attributed to narrowing the frequency range used for spectrum
propagation, which, with the same number of frequencies used for discretizing the fre-
quency space, provides a more accurate spectrum description. Despite an 8% increase in
computational time, the F r eq1 configuration is preferred over the F r eq3 configuration.

Whitecapping and exponencial wind grow
The study involves an assessment of the SWAN model performance with respect to var-
ious physical models related to whitecapping and exponential wind growth. Table 4.20
designates the specific whitecapping and exponential wind growth models employed in
each configuration.

Among the array of configurations scrutinized, the Phy s2 configuration stands out
as the most accurate in terms of both Hs and Te . This distinction is evident in Fig. 4.15,
in fact, the alignment of the Phy s2 configuration with the buoy data emerges from the
Taylor diagram.

In Tables 4.21 and 4.22, the performance parameters for the different configurations,
in regard to Hs and Te , respectively, are provided.

When comparing Phy s2 to the Phy s3 configuration, which corresponds to the best
choice from the frequency range Stage-Gate, it is observed that the RMSDH s decreases
from 0.250 m to 0.236 m, while CCH s remains relatively constant at 96.8%. The most
notable improvement pertains to Te , with RMSDTe dropping from 0.482 s to 0.439 s,
and CCTe increasing from 92.7% to 93.4%. Nevertheless, it is worth noting that there is a
24% increase in computational time.



4.2. WAVE DATASET AVAILABLE

4

95

Table 4.20: Configurations features analyzed in the whitecapping and exponential wind growth Stage-Gate

Configurations Exponential wind growth Whitecapping

Phy s1 Janssen Janssen

Phys2 Rogers Rogers

Phy s3∗ Komen Komen

Phy s4 Yan Westhuysen

Phy s5 Komen Janssen

Phy s6 Rogers Janssen

Phy s7 Rogers Komen

Phy s8 Yan Komen

Figure 4.15: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the whitecapping and exponential wind growth Stage-Gate

In the broader context, the Taylor diagram for Hs reveals a significant variation in sd ,
ranging from 0.784 m for Phy s4 to 0.839 m for Phy s2, while the buoy dataset registers sd

at 0.919 m.
Turning attention to the model sensitivity concerning Te performance, there is con-

siderable variability in terms of CC . For instance, Phy s6 records a CCTe value of 90.4%,
whereas the top-performing configuration, Phy s2, achieves a value of 93.4%.

Wind drag
The three available wind drag formulations within the ST6 package are examined to as-
sess the model sensitivity, as summarized in Table 4.23.

The HW ANG formulation, as suggested by Hwang et al. [133], serves as the de-
fault choice and is recommended for use. The other two options, namely F AN [134]
and EC MW F [113], employ iterative procedures. It is important to note that selecting
non-default formulations is an option advised in the SWAN manual due to results in a
significant decrease in wave height values [123].

Following a comparative analysis of the results (Fig. 4.16), it becomes evident that the
default formulation outperforms the others both in terms of conformity with observed
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Table 4.21: Hs Performance indicator for whitecapping and exponential wind growth Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Phy s1 0.277 0.254 -0.111 0.968 0.786 0.919 0.171 1.129

Phys2 0.245 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

Phy s3∗ 0.277 0.250 -0.121 0.968 0.795 0.919 0.168 1.131

Phy s4 0.296 0.252 -0.155 0.968 0.784 0.919 0.170 1.161

Phy s5 0.310 0.263 -0.164 0.968 0.759 0.919 0.178 1.181

Phy s6 0.309 0.258 -0.169 0.968 0.775 0.919 0.174 1.176

Phy s7 0.269 0.243 -0.117 0.967 0.826 0.919 0.164 1.112

Phy s8 0.269 0.248 -0.105 0.967 0.804 0.919 0.167 1.115

Table 4.22: Te Performance indicator for whitecapping and exponential wind growth Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Phy s1 0.504 0.457 0.212 0.934 1.275 1.145 0.098 0.951

Phys2 0.464 0.439 0.150 0.934 1.229 1.145 0.094 0.966

Phy s3∗ 0.497 0.456 0.196 0.931 1.251 1.145 0.098 0.956

Phy s4 0.494 0.482 0.108 0.921 1.239 1.145 0.103 0.973

Phy s5 0.496 0.474 0.147 0.926 1.258 1.145 0.101 0.965

Phy s6 0.524 0.520 0.065 0.904 1.211 1.145 0.111 0.983

Phy s7 0.515 0.505 0.099 0.913 1.240 1.145 0.108 0.975

Phy s8 0.500 0.492 0.089 0.922 1.273 1.145 0.105 0.975

Table 4.23: Configurations features analyzed in the wind drag formula Stage-Gate

Configurations Wind drag formula

Dr ag1 ECMWF

Dr ag2 FAN

Drag3∗ HWANG

data and computational efficiency. The performance parameters for the various config-
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Figure 4.16: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the wind drag formula Stage-Gate

urations, in regard to Hs and Te , are summarized in Tables 4.24 and 4.25, respectively.

Table 4.24: Hs Performance indicator for wind drag formula Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Dr ag1 0.262 0.239 -0.107 0.969 0.815 0.919 0.161 1.111

Dr ag2 0.275 0.248 -0.121 0.969 0.789 0.919 0.167 1.134

Drag3∗ 0.245 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

Table 4.25: Te Performance indicator for wind drag formula Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

Dr ag1 0.480 0.449 0.172 0.930 1.225 1.145 0.096 0.962

Dr ag2 0.480 0.450 0.168 0.930 1.224 1.145 0.096 0.962

Drag3∗ 0.464 0.439 0.150 0.934 1.229 1.145 0.094 0.966

As a result, the Dr ag3 configuration is adopted to designate the most appropriate
wind drag formulation for the subsequent Stage-Gate.

In terms of computational times, the Dr ag1 and Dr ag2 configurations exhibit sim-
ilar performance, with Ncd increased by approximately 23% compared to that of the
Dr ag3 configuration. As for the accuracy of Hs , the sd parameter varies significantly
depending on the wind drag formulation. The buoy-measured data corresponds to an



4

98 4. WAVE ENERGY ASSESSMENT IN PANTELLERIA

Figure 4.17: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the linear wind growth, friction and triad Stage-Gate

sd of 0.919 m, while the different configurations yield datasets with sd values of 0.815
m, 0.789 m, and 0.968 m for Dr ag1, Dr ag2, and Dr ag3, respectively. Nevertheless, the
performance of the Te parameter remains consistent regardless of the wind drag formu-
lation employed.

Linear wind grow, friction and triad wave-wave interaction
The investigation delves into the influence of additional physics as part of the quest for
the optimal settings of the SWAN model. Specifically, attention is directed toward exam-
ining the effects of linear wind growth, bottom friction, and the wave-wave interaction
of the triad.

Each additional physical aspect is individually scrutinized to gauge its impact on the
SWAN model’s performance. Table 4.26 enumerates the phenomena under considera-
tion for each configuration.

Table 4.26: Configurations features analyzed in the linear wind growth, friction and triad Stage-Gate

Configurations Linear wind
growth

Friction Triad

AddP1 Cavaleri and
Malanotte-Rizzoli

deactivated deactivated

AddP2 deactivated JONSWAP deactivated

AddP3 deactivated deactivated LTA method of El-
deberky

AddP4∗ deactivated deactivated deactivated

Upon comparing the results across various configurations, as illustrated in Fig. 4.17,
it becomes evident that there are minimal discernible variations in performance. How-
ever, significant discrepancies emerge in terms of computational time. Notably, the
AddP4 configuration emerges as the best choice, boasting a lower computational time
than the others.
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Tables 4.27 and 4.28 outline the performance parameters for the different configura-
tions in regard to Hs and Te , respectively.

Table 4.27: Hs Performance indicator for linear wind growth, friction and triad Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

AddP1 0.244 0.236 -0.063 0.968 0.839 0.919 0.159 1.071

AddP2 0.244 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

AddP3 0.245 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

AddP4∗ 0.245 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

Table 4.28: Te Performance indicator for linear wind growth, friction and triad Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

AddP1 0.465 0.440 0.148 0.934 1.231 1.145 0.094 0.966

AddP2 0.463 0.439 0.148 0.934 1.228 1.145 0.094 0.966

AddP3 0.464 0.439 0.150 0.934 1.229 1.145 0.094 0.966

AddP4∗ 0.464 0.439 0.150 0.934 1.229 1.145 0.094 0.966

Physics calibration
The physics calibration Stage-Gate is implemented to assess the model sensitivity re-
garding the coefficients within Rogers exponential wind growth and whitecapping for-
mulations. Specifically, two different windscaling (Ws ) values, Ws =32 and Ws =35, are
employed in conjunction with three distinct combinations of a1 and a2 dissipation co-
efficients. It is important to note that as the Ws value increases, the impact of wind-
induced wave growth intensifies, while a decrease in Ws diminishes the wind influence
on wave development. The whitecapping dissipation coefficients a1 and a2 are associ-
ated with intrinsic wave breaking and the modulation of longer waves leading to rela-
tively short wave breaking, as detailed in [252].

Table 4.29 provides an overview of the calibration parameter values for each config-
uration.

Upon comparing the computational time (Nct ) across configurations, as depicted in
Fig. 4.18, it becomes apparent that the results exhibit similarity, with the use of Ws equal
to 35, resulting in a slight increase in computational time, approximately 3%. The perfor-
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Table 4.29: Configurations features analyzed in the calibration Stage-Gate

Configurations a1 a2 Ws

C ali1 6.50E-06 8.50E-05 32

C ali2 6.50E-06 8.50E-05 35

Cali3 5.70E-07 8.00E-06 32

C ali4 5.70E-07 8.00E-06 35

C ali5∗ 2.80E-06 3.50E-05 32

C ali6 2.80E-06 3.50E-05 35

Figure 4.18: Taylor diagrams, applied to Hs and Te , and comparison of normalized computational times re-
garding the different configurations analyzed in the calibration Stage-Gate

mance parameters for the various configurations in regard to Hs and Te are summarized
in Tables 4.30 and 4.31, respectively.

Table 4.30: Hs Performance indicator for calibration Stage-Gate

Hs

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

C ali1 0.264 0.243 -0.103 0.969 0.805 0.919 0.164 1.114

C ali2 0.240 0.235 -0.045 0.967 0.855 0.919 0.159 1.053

Cali3 0.237 0.237 0.008 0.966 0.899 0.919 0.160 1.004

C ali4 0.269 0.257 0.080 0.964 0.962 0.919 0.173 0.943

C ali5∗ 0.245 0.236 -0.064 0.968 0.839 0.919 0.159 1.072

C ali6 0.238 0.238 0.000 0.966 0.895 0.919 0.160 1.009

When considering Hs , significant variations become apparent in the shifts of sd val-
ues. For example, the sd value for the C ali1 configuration is 0.805 m, in contrast to the
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Table 4.31: Te Performance indicator for calibration Stage-Gate

Te

Config. RMSE
[s]

RMSD
[s]

B I AS
[s]

CC [-] sdm [s] sdo [s] SI [-] S [-]

C ali1 0.491 0.446 0.206 0.933 1.243 1.145 0.096 0.954

C ali2 0.487 0.439 0.211 0.936 1.248 1.145 0.094 0.953

Cali3 0.435 0.432 0.053 0.934 1.208 1.145 0.092 0.986

C ali4 0.439 0.432 0.075 0.935 1.218 1.145 0.093 0.981

C ali5∗ 0.464 0.439 0.150 0.934 1.229 1.145 0.094 0.966

C ali6 0.463 0.434 0.162 0.936 1.236 1.145 0.093 0.963

0.962 m value for the C ali4 configuration, whereas the buoy data records a value of 0.919
m. Although the values of RMSDH s and CCH s are less sensitive to calibration, they also
exhibit variations.

The statistical values characterizing Te show less dispersion in the Taylor diagram be-
tween various configurations compared to those of Hs . However, it is important to note
that both RMSDTe and sdTe are affected by the calibration process. Most significantly,
an improvement in accuracy is observed when moving from the C ali5 configuration to
the C ali3 configuration, resulting in RMSDTe of 0.432 s and sdTe of 1.208 s, compared
to 1.145 s of the buoy. Therefore, the C ali3 configuration is the most favorable choice,
offering a balance between result accuracy and computational efficiency.

SWAN CALIBRATION PERFORMANCE RESULTS

Using a Stage-Gate approach, the problem is divided into subproblems, each dedicated
to specific aspects of the model. Fig. 4.19 encapsulates the summary of performance
parameters (CC and RMSD) and normalized computation time (Ntc ) for both Hs and
Te , providing a complete view of the improvements achieved through this approach.

Figure 4.19: Comparative trend of CC , RMSD and the normalized computational time considering the best
configurations of each Stage-Gate
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In summary, the results reveal that no significant improvements in Hs accuracy are
achieved, with RMSDHs consistently hovering around 0.241m and CCHs remaining sta-
ble at around 96.7%. In contrast, the accuracy in predicting Te sees significant improve-
ments, with RMSDTe decreasing from 0.726 s in the initial configuration (Gr i d3) to 0.432
s in the final configuration (C ali3). In terms of CCTe , it increases from 87.8% to 93.4%
the first and last configurations obtained via the Stage-Gate approach.

The most notable improvements are observed during the bathymetric source and
mesh resolution Stage-Gate, resulting in reduced computation time and improved ac-
curacy in the Te parameter. The Stage-Gates about time-step, wind frag formula and
linear wind growth, friction and triad physics do not contribute to the improvement of
the model performance. The study highlights that reducing the computational time-
step does not consistently improve accuracy when the maximum number of iterations
is held constant. In this regard, [215] suggests decreasing the time-step together with an
increase in the number of iterations. An underestimation of Hs is found using the F AN
and EC MW F wind drag coefficient formulations, as the SWAN manual warns [123]. Fur-
thermore, considering the phenomena of linear wind growth, bottom friction and triad-
triad wave interaction increase the calculation times without a change in performance,
requiring a careful evaluation of their necessity of inclusion in the model.

To improve the accuracy in predicting Te , it is recommended to evaluate the optimal
cut-in and cut-off frequencies for the prognostic interval and the calculation of synthetic
parameters. An in-depth investigation into the physics of whitecapping and exponen-
tial wind growth is also suggested to optimize both Hs and Te , as both parameters are
sensitive to these aspects. Either the Stage-Gate frequency range and whitecapping and
exponential wind growth contribute to setting the model and increasing its accuracy.
This comprehensive investigation systematically examines and assesses various stages
of configuration within the SWAN model. The study employs a Stage-Gate approach
to fine-tune the model performance, taking into account considerations of result accu-
racy and computational efficiency for diverse configurations. The approach simplifies
problem-solving by breaking it into manageable subproblems, aiming for optimal setups
at each stage. The ultimate optimal SWAN model configuration results from specific ad-
justments made at each Stage-Gate, providing a reliable and efficient tool for obtaining
accurate data in a reasonable computational time. In contrast to conventional model
setups, this analysis considers various aspects beyond the choice of wind database and
formulations for whitecapping and exponential wind growth. Specifically, it compares
40 different configurations across eight distinct Stage-Gates.

In this analysis, the island of Pantelleria, located in the Mediterranean Sea, renowned
for its strong winds and substantial fetch facilitating energy transfer to sea waves, is uti-
lized as a case study. Pantelleria serves as an optimal testbed for applying the Stage-Gate
approach to the SWAN model, aided by the availability of a time series of recordings pro-
vided by the Datawell Waverider DWR-G buoy.

The first Stage-Gate is the bathymetric source and mesh resolution one and reveales
that utilizing the EMODnet bathymetry source, as opposed to GEBCO, yields the most
accurate representation of Hs and Te . Indeed, the higher-resolution bathymetry data
significantly enhances accuracy, with EMODnet providing bathymetric information at a
spatial resolution of approximately 115 m, whereas GEBCO offers data at a coarser 460
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m resolution.

In the analysis of the time-step Stage-Gate, the configuration with a 30-minute time-
step stands out as the most efficient option when compared to those utilizing time-steps
of 5, 10, and 15 minutes, all with an equal maximum number of iterations arranged at
10. This 30-minute configuration presents a significant 87% reduction in computational
time compared to the 5-minute time-step configuration, all while maintaining the same
level of accuracy. This highlights the importance of striking a balance between the time-
step and maximum iterations to achieve optimal model performance, underscoring the
critical nature of this equilibrium in optimizing the model performance.

In the assessment of wind and wave boundary condition, the chosen configuration is
characterized by neutral wind and waves described through the 2D frequency-directional
spectrum. This selection results in enhanced accuracy for both Hs and Te , all with a min-
imal 22.5% increase in computational time when compared to conventional wind and
wave descriptions based on synthetic parameters of the wind waves combined with the
swell.

During the frequency range Stage-Gate analysis, the chosen configuration aligns its
frequency range with that of the buoy for spectral density propagation and output cal-
culations, attains the utmost precision. This holds particularly true for the Te parameter,
as this configuration carefully represents the wave spectrum. In particular, since the
number of discrete frequencies in the spectrum is kept constant, the narrowing of the
frequency range resulted in a better description of the spectrum.

The investigation of whitecapping and exponential wind growth models leads to the
selection of the configuration based on Rogers formulations, which improves accuracy
for both Hs and Te . The trade-off is a 24% increase in computational time compared
to the configuration based on the default formulations, emphasizing the importance of
selecting the right combination of models for accurate results.

The analysis of the wind drag Stage-Gate identifies the configuration based on the
default formulation as the most accurate. Indeed, it provides the best accuracy in terms
of Hs and Te while maintaining a similar computational time compared to other wind
drag formulations.

The evaluation of additional physics components underscores to carefully assess the
need for analyzing further physical phenomena like linear wind growth, bottom friction,
and triad-triad wave physics. Their inclusion, in this specific case, does not lead to an
increase in accuracy despite a light rise in computational time.

The results from the analyses underline how the choice of bathymetric source and
mesh resolution significantly influences model accuracy. Furthermore, striking a bal-
ance between time-step and maximum iterations is crucial for optimal model perfor-
mance, just as careful selection of the physical model for whitecapping and exponential
wind growth is essential for enhancing model accuracy.
Finally, the comparison of the wave patterns obtained from the in-situ data and the nu-
merical data produced by the SWAN model is conducted to evaluate the congruence
between the in-situ observations and the model simulations. The analysis focuses on
SWAN numerical data from the centroid of the triangular cell closest to the instrument
installation site (36°49’23”N, 11°55’13”E), with the centroid located at coordinates 36°49’30”N,
11°55’19”E. This comparison allows for the identification of any discrepancies and the
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assessment of the model’s accuracy.
In particular, the calibration datasets span the period from September 2021 to Febru-
ary 2022 and consist of 6031 value pairs, obtained by Datawell in-situ survey and SWAN
numerical model respectively. While the SWAN numerical model covers this time frame
without gaps, the in-situ measurements used for calibration correspond precisely to the
6031 data corresponding to the measurements recorded by Datawell between Septem-
ber 2021 and February 2022 and which passed the quality control. The theoretical num-
ber of measurements that could have been obtained from the in situ survery, if no gaps
had occurred, is 8591. The calibration results between in-situ measurements and SWAN
model outputs are shown in the scatterplots for significant wave height (Hs ) and energy
period (Te ) in Fig. 4.20. These plots illustrate the agreement between the SWAN model
outputs and the in-situ data. For significant wave height, there is a strong correlation
between the two datasets, with the points closely aligned along the diagonal, indicating
that the SWAN model effectively captures wave height variations across the entire range
of values. However, slight deviations are noticeable at higher wave heights, suggesting a
potential underestimation by the model in extreme cases. Similarly, for the energy pe-
riod, there is a good correlation between the in-situ and SWAN data. Most points fall near
the diagonal, confirming that the model performs well in replicating the energy period.
Nevertheless, minor discrepancies are seen at higher Te values, where the model ap-
pears to slightly underestimate longer periods. Overall, despite these small deviations,
the SWAN model shows satisfactory performance in simulating both significant wave
height and energy period, with strong agreement to the in-situ observations.

(a) Hs comparison between SWAN model outputs and in-situ
measurements, considering the calibration dataset, based on
Datawell measurements

(b) Te comparison between SWAN model outputs and in-situ
measurements, considering the calibration dataset, based on
Datawell measurements

Figure 4.20: Comparison of the scatter plot of Hs and Te , respectively, considering the Datawell calibration
dataset

Furthermore, as evidenced by Fig. 4.21, the model provides a fitting directional descrip-
tion. Specifically, the peak wave directions obtained from the in-situ Datawell instru-
ment and those from the SWAN model are used for this analysis.
Since the numerical model discretizes the directions in 36 bins, the in-situ instrument
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Figure 4.21: Comparative rose plots (Di rp −Hs ) obtained with the calibration dataset: in-situ data (left panel)
SWAN data (right panel)

directions are processed to approximate the peak instrument directions to the nearest
discretized model directions. This processing allows for the comparison of datasets with
the same discretizations, enabling a direct and accurate comparison between the two
data sets.
As shown in the wave rose plots, the northeast quadrant is the most energetic and fre-
quent, making the occurrence of higher wave heights more probable. Specifically, the
most frequent direction with the greatest wave heights is 300◦. Regarding the other wave
directions, the east sector is almost completely shielded from incoming waves. This
characteristic is due to both the instrument’s installation location, near the northeast
coast of the island, and the prevailing sea states around Pantelleria. Indeed, the waves
and winds arriving from the North-West and South-West sectors do not find obstacles
due to the presence of lands or islands. Moreover, the island is situated in the Strait of
Sicily and is exposed to strong Mistral winds, which generate energetic waves [36].

The analysis of wave roses allows for a better understanding of the prevailing wave
directions, their significant heights, and the sea conditions influencing the study area.
This comparison is crucial for validating the model’s effectiveness and ensuring it can
be confidently used for design purposes, especially in tasks requiring knowledge of wave
direction. For instance, in the design of energy converters, accurately knowing the direc-
tionality of the sea states allows for the optimization of the device’s response. Identifying
the most frequent wave direction with the greatest energy helps define the most effective
orientation for installing the device.
Furthermore, detailed wave direction information can influence the design of coastal in-
frastructure, such as ports and seawalls, by improving their ability to impede wave entry
into the port basin.

SWAN VALIDATION PERFORMANCE RESULTS

A validation analysis is conducted to evaluate the reliability and performance of the
SWAN model under different sea states than the calibration ones. Specifically, wave
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information recorded by the AWAC instrument in 2015 and 2019, and by the Datawell
instrument at the end of 2022, are used for comparative analyses with numerical data.
Additionally, the accuracy of significant wave height is assessed by comparing numerical
data with satellite data obtained from AODN.
The instrumental data used for the analysis undergos a rigorous quality control process
to ensure its reliability. The satellite data, on the other hand, are processed through a
collocation method with a temporal critera of 30 minutes and a spatial critera of 80 km.
The significant wave height values are determined as the mean values of the satellite
measurements within each collocation.

This comprehensive approach ensures that the SWAN model’s performance is thor-
oughly evaluated across different datasets and sea conditions. By incorporating both
in-situ and satellite data, the analysis provides a robust validation framework that high-
lights the model’s strengths and identifies areas for improvement.
Tab. 4.32 summarizes the values of the main performance indicators for significant wave
height and energy period regarding the comparison with the in-situ data, as well as sig-
nificant wave height from the comparison with the satellite data.

Table 4.32: Hs and Te performance indicator in regard to in-situ and satellite data

RMSE RMSD B I AS CC SI S

In − si tu

Hs 0.187 m 0.185 m 0.026 m 0.957 0.200 0.969

Te 0.665 s 0.594 s 0.300 s 0.859 0.147 0.934

Satel l i te

Hs 0.504 m 0.486 m 0.134 m 0.828 0.374 0.933

The results show a good consistency with satellite data, with a CC of 82.8%. This
value is lower than the CC obtained from the comparison between the entire in-situ
dataset and the satellite dataset, which is 87.8%. However, considering the unfavorable
geographical position of the site of interest, the results suggest that satellite datasets can
still be used as useful validation benchmarks. Indeed, the data analysis demonstrates
that, despite the challenges posed by proximity to the coast and the influence of local
conditions, the SWAN model and satellite data exhibit a reasonably precise correlation.
This is particularly significant in contexts where in-situ data are limited or difficult to
obtain. Additionally, the comparison with satellite data, which covers a larger area and
longer observation periods, reinforces their usefulness even under less ideal conditions.
The observed discrepancy between the two CC values could be attributed to various
factors, including the spatial resolution of satellite data and the complexity of coastal
dynamics that are not fully captured by the model, as well as the different sea conditions
recorded given by the different seasonal coverage of in-situ data compared to the ten-
year time series of the model data.
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As regards the performances resulting from the comparison with in-situ data, there
is a decrease in accuracy for both Hs and Te . In fact, in the calibration analysis, the CC
is equal to 96.6% for Hs and 93.4% for Te . In the validation study, however, these values
drop to 95.7% and 85.9%, respectively, with a clear decrease in accuracy for Te . For this
reason, an investigation is carry out to understand the reasons related to this reduction
in accuracy.
The analysis focuses on two main aspects. The first concerns the impact of seasonal-
ity on the results, looking for a correlation between the congruence of the data and the
different months of the year. Secondly, aggregate and separate analyzes are carried out
with respect to the two sensors used, to identify any specific discrepancies and under-
stand how these may affect the overall results.

To gain a comprehensive understanding of the impact of seasonality on the model’s
accuracy, performance indicators for the different months of Datawell recordings used
in the calibration are analyzed (Fig. 4.33).

Table 4.33: Hs performance indicator in regard to Datawell in calibration phase in regard to different months

Month N d at a RMSE
[m]

RMSD
[m]

B I AS
[m]

CC SI S

Hs - calibration with Datawell

Feb 1240 0.302 0.288 -0.093 0.967 0.144 1.064

Sep 1116 0.144 0.140 -0.032 0.892 0.194 1.038

Oct 1013 0.186 0.186 -0.008 0.951 0.180 1.008

Nov 1227 0.213 0.206 0.053 0.974 0.166 0.924

Dec 1288 0.275 0.249 0.115 0.970 0.141 0.955

Tot. 5884 0.235 0.235 0.009 0.967 0.160 0.997

For the months of September and October, a negative BIAS is recorded, suggesting
a slight underestimation of wave heights. Furthermore, during these months, the CC
value is lower than in other months, despite low RMSE values. This combination indi-
cates that although the model predictions are close to the in-situ values, as shown by the
low RMSE , they do not always follow the pattern of changes in the actual data, as indi-
cated by the low CC . Consequently, the model can make accurate predictions in terms
of mean value but slightly lacks in replicating the variability of the data.
For the months of November and December, the RMSE is relatively low and the B I AS is
positive, indicating a slight overestimation of wave heights. The high CC value suggests a
strong correlation between the modelled and observed data. This means that the model
is not only accurate in its predictions but also tracks variations in the in-situ data well.
In February, a relatively high RMSE and negative B I AS are observed, indicating an un-
derestimation of wave heights. However, the high CC suggests that, despite errors in
magnitude, the model captures the data trend well. This implies that the model predic-
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tions correctly follow the variations in the real data, even though they tend to be slightly
underestimated in terms of height.

Tab. 4.34 presents a meticulous analysis of performance indicators, based on valida-
tion data collected by both AWAC and Datawell.

Table 4.34: Hs performance indicator in regard to AWAC and Datawell in validation phase in regard to different
months

Month N d at a RMSE
[m]

RMSD
[m]

B I AS
[m]

CC SI S

Hs - validation with AWAC and Datawell

Jun 1338 0.151 0.150 0.012 0.972 0.173 1.028

Jul 1728 0.146 0.146 -0.016 0.947 0.211 1.032

Aug 2046 0.169 0.160 -0.052 0.949 0.189 1.069

Sep 490 0.236 0.201 -0.123 0.947 0.210 1.213

Oct 741 0.227 0.226 -0.021 0.941 0.198 1.034

Nov 718 0.282 0.281 0.018 0.957 0.181 0.971

Dec 37 0.080 0.061 -0.051 0.969 0.065 1.035

Tot. 7098 0.187 0.185 -0.026 0.957 0.194 1.032

During the summer and autumn months, specifically from July to October, a nega-
tive bias emerges indicating a slight underestimation of wave height. This trend aligns
with the results of the calibration analysis, with a B I AS of -0.032 m and -0.008 m for
September and October respectively. However, a discrepancy is noted for these months
in the trend of RMSE values during validation, which are lower than in other periods.
December stands out for a negative bias and for the lowest RMSE value found in the
analysis, but the scarcity of the data considered, only 37, limits the robustness of the re-
sults. November data indicates a lower match between instrumental measurements and
the model compared to calibration. In fact, the correlation coefficient (CC ) obtained in
November during calibration is 97%, while in validation it drops to 95.7%.

A more in-depth examination to better understand the relationships between the
validation performance indicators and the tools used was conducted by analyzing the
AWAC (Tab. 4.35) and Datawell (Tab. 4.36) data separately.

The results show that B I AS arising solely from the use of the AWAC dataset are gen-
erally negative, signaling a significant underestimation of Hs . Furthermore, the CC ob-
tained from AWAC is generally lower than that derived from Datawell data, which under-
lines a greater accuracy of the model when compared with the latter’s data, recording an
overall CC of 96.3% against 95.1% for AWAC. The B I AS values for the months of July and
August confirm this trend.

In conclusion, the results indicate that the model provides a more precise estimate of
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Table 4.35: Hs performance indicator in regard to AWAC in validation phase in regard to different months

Month N d at a RMSE
[m]

RMSD
[m]

B I AS
[m]

CC SI S

Hs - validation with AWAC

Jul 317 0.166 0.164 -0.022 0.905 0.232 1.055

Aug 743 0.176 0.160 -0.072 0.929 0.222 1.084

Sep 490 0.236 0.201 -0.123 0.947 0.210 1.213

Oct 741 0.227 0.226 -0.021 0.941 0.198 1.034

Nov 718 0.282 0.281 0.018 0.957 0.181 0.971

Dec 37 0.080 0.061 -0.051 0.969 0.065 1.035

Tot. 3046 0.225 0.221 -0.041 0.951 0.200 1.025

Table 4.36: Hs performance indicator in regard to Datawell in validation phase in regard to different months

Month N d at a RMSE
[m]

RMSD
[m]

B I AS
[m]

CC SI S

Hs - validation with Datawell

Jun 1338 0.151 0.150 0.012 0.972 0.173 1.028

Jul 1411 0.142 0.141 -0.014 0.953 0.2058 1.026

Aug 1303 0.164 0.159 -0.040 0.956 0.174 1.063

Tot. 4052 0.152 0.152 -0.014 0.963 0.184 1.041

wave heights when validated with Datawell data rather than AWAC data. A widespread
underestimation of waves in the summer months and a trend towards greater accuracy
in the autumn months is resulted. Moreover, a Datawell’s superior ability to accurately
record waves, could be the reason for the greater congruence of the numerical dataset
compared to the in-situ one.

The same analysis carried out for the height Hs is also applied to the Te . The monthly
results of the performance indicators during the calibration phase (Fig. 4.37) reveal a
high correspondence between the calculated and observed Te, with the exception of
September, which recorded a CC of 64.9%. This lower result can be attributed to the
complexity of some sea states that occurred in that month, leading to inaccurate model
estimates. Regarding the BIAS, the values are generally positive, indicating a tendency
to overestimate the numerical data, except for September where an underestimation is
observed.
In terms of better performance, the winter months, in particular December and Febru-
ary, show greater adherence between the numerical dataset and the one used for cali-
bration.
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Table 4.37: Te performance indicator in regard to Datawell in calibration phase in regard to different months

Month N d at a RMSE
[s]

RMSD
[s]

B I AS
[s]

CC SI S

Te - calibration with Datawell

Feb 1240 0.461 0.441 0.134 0.951 0.084 0.974

Sep 1116 0.425 0.414 -0.098 0.649 0.104 1.024

Oct 1013 0.418 0.400 0.121 0.925 0.093 0.966

Nov 1227 0.545 0.465 0.283 0.910 0.101 0.937

Dec 1288 0.535 0.414 0.338 0.948 0.085 0.933

Tot. 5884 0.483 0.455 0.163 0.931 0.098 0.961

Tab. 4.38 provides a comprehensive overview of the model’s performance relative
to the in-situ data used for validation, presented on a monthly basis. Notably, there is
no discernible linear trend in the data. For instance, the accuracy results in the winter
months are inconsistent, with the correlation coefficient (CC ) fluctuating significantly,
dropping from 86.9% in January to only 67.5% in December. Moreover, the model gen-
erally tends to underestimate the values of Te , a trend that diverges from the observa-
tions made during the calibration performance analysis. This underestimation suggests
a potential discrepancy or a unique characteristic of the model that warrants further
exploration. To better understand these differences, a detailed analysis of the model’s
performance in relation to each dataset is undertaken, aiming to pinpoint the reasons
behind these variations and enhance our interpretation of the results.

Table 4.38: Te performance indicator in regard to AWAC and Datawell in validation phase in regard to different
months

Month N d at a RMSE
[s]

RMSD
[s]

B I AS
[s]

CC SI S

Te - validation with AWAC and Datawell

Jun 1338 0.494 0.492 0.041 0.869 0.130 0.984

Jul 1728 0.552 0.464 -0.298 0.860 0.122 1.080

Aug 2046 0.662 0.596 -0.288 0.778 0.143 1.069

Sep 490 0.963 0.568 -0.778 0.810 0.112 1.181

Oct 741 0.763 0.576 -0.500 0.864 0.112 1.103

Nov 718 0.774 0.666 -0.394 0.898 0.124 1.063

Dec 37 1.434 0.794 -1.195 0.675 0.157 1.271

Tot. 7098 0.665 0.594 -0.300 0.859 0.137 1.071
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Significant findings emerge from comparing the performance indicators between
AWAC data (Fig. 4.39) and Datawell data (Fig. 4.40). Notably, the comparison with AWAC
data reveals particularly high and negative B I AS values, indicating a marked underes-
timation of Te . Similarly, the comparison with Datawell data also shows a general ten-
dency to underestimate Te , although the B I AS values are less extreme, ranging from
0.041 s to -0.202 s. In contrast, the B I AS values associated with AWAC data are much
more pronounced, varying between -1.195 s and -0.394 s. This discrepancy suggests that
the model exhibits greater deviations with AWAC data compared to Datawell data, which
may point to differences in the accuracy of the instruments. Indeed, seasonal variations
are ruled out as a cause, since the calibration performance indicators based on Datawell
data show a B I AS ranging from -0.098 s to 0.338 s.

Table 4.39: Te performance indicator in regard to AWAC in validation phase in regard to different months

Month N d at a RMSE
[s]

RMSD
[s]

B I AS
[s]

CC SI S

Te - validation with AWAC

Jul 317 0.924 0.573 -0.725 0.781 0.126 1.182

Aug 743 0.957 0.629 -0.721 0.791 0.136 1.164

Sep 490 0.963 0.568 -0.778 0.810 0.112 1.181

Oct 741 0.763 0.576 -0.500 0.864 0.112 1.103

Nov 718 0.774 0.666 -0.394 0.898 0.124 1.063

Dec 37 1.434 0.794 -1.195 0.675 0.157 1.271

Tot. 3046 0.877 0.634 -0.605 0.855 0.127 1.123

Table 4.40: Te performance indicator in regard to Datawell in validation phase in regard to different months

Month N d at a RMSE
[s]

RMSD
[s]

B I AS
[s]

CC SI S

Te - validation with Datawell

Jun 1338 0.494 0.492 0.041 0.869 0.130 0.984

Jul 1411 0.426 0.375 -0.202 0.903 0.104 1.050

Aug 1303 0.407 0.405 -0.041 0.881 0.104 1.0063

Tot. 4052 0.444 0.438 -0.070 0.882 0.117 1.012

The directly comparable results pertain to the months of July and August, during
which both instruments recorded data useful for the validation. From this comparison,
it becomes apparent that the CC derived from the match between numerical data and
those obtained from Datawell are significantly higher than those for AWAC. Specifically,
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for the month of June, AWAC’s CC stands at 78.1%, whereas Datawell reaches 86.9%. In
August, the CC for AWAC is 79.1%, while Datawell scores 88.1%.
Despite these clear differences, it’s important to emphasize that since the AWAC and
Datawell recordings were conducted in different years, merely observing performance
indicators by month may not provide a comprehensive analysis. Concurrent measure-
ment campaigns using both AWAC and Datawell could offer more definitive insights and
potentially highlight whether Datawell consistently exhibits greater accuracy. This ap-
proach would help to eliminate any variability due to differing environmental condi-
tions or other seasonal factors that could affect the data year-on-year. Additionally, the
optimal scenario would involve installing both instruments at the same site of interest
during the same analysis period, ideally with coverage extending over at least a full year.
This arrangement would enable more robust analyses of the seasonal variability of sea
states and enhance the evaluation of the SWAN model’s ability to deliver accurate re-
sults. By synchronizing the data collection in this manner, discrepancies due to envi-
ronmental changes or instrumental differences could be minimized, providing a clearer
understanding of the model’s performance across various conditions.

The scatterplots for the Datawell and AWAC (Fig. 4.22) validation datasets offer valu-
able insights into the performance of the SWAN model in predicting significant wave
height (Hs ) and energy period (Te ). For the Datawell dataset, the scatterplot of Hs shows
a strong correlation, with most points closely aligned along the diagonal, indicating that
the model effectively captures wave height variations. Similarly, the AWAC dataset also
demonstrates a good correlation between the SWAN model and the in-situ measure-
ments. However, compared to the Datawell validation, the AWAC results show a slightly
broader spread of points, particularly at higher wave heights.
Regarding the energy period (Te ), the comparison with the Datawell dataset again demon-
strates a strong correlation, with most data points situated near the diagonal, confirming
the SWAN model’s accuracy in replicating energy periods. In contrast, the AWAC valida-
tion reveals a slightly broader distribution of points, especially for larger energy periods,
although the correlation remains strong. The increased dispersion around the diagonal
suggests a slight decrease in the model’s precision for the AWAC dataset at higher Te val-
ues.
Overall, the SWAN model performs well with both the Datawell and AWAC in-situ datasets,
showing strong agreement between model outputs and in-situ observations. However,
there are evidentdifferences in performance between the two validation datasets. These
results suggest that the performance analysis may be partially influenced by the mea-
surement instruments used. Specifically, the key differences between the two compar-
isons stem from the use of different instruments and the varying temporal coverage of
the measurement campaigns. To assess the impact of these discrepancies, it would be
necessary to compare the measurements from the different instruments at the same lo-
cation and over the same time period.

Ultimately, the wave rose analysis is conducted to ascertain the alignment between
directional information provided by the SWAN model and that recorded by various in-
struments. In this instance, a dual analysis approach is employed, utilizing both the en-
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(a) Hs comparison between SWAN model outputs and in-situ
measurements, considering the Datawell validation dataset

(b) Te comparison between SWAN model outputs and in-situ
measurements, considering the Datawell validation dataset

(c) Hs comparison between SWAN model outputs and in-situ
measurements, considering the AWAC validation dataset

(d) Te comparison between SWAN model outputs and in-situ
measurements, considering the AWAC validation dataset

Figure 4.22: Comparison of the scatter plots of Hs and Te , considering the validation dataset of Datawell and
AWAC, respectively

tire validation dataset and subdividing the analysis according to the specific instruments
installed. Similar to the process used in the wave rose analysis for the calibration results
evaluation, a preprocessing step of the peak directions from the instrumental data is car-
ried out to harmonize the datasets for comparison.

Specifically, the directions obtained from the in-situ instruments are approximated
to the nearest directions derived from the SWAN model. Fig. 4.23 illustrates a compar-
ison between the wave rose generated from the entire in-situ dataset and the wave rose
derived from the SWAN data, referring to the same time period. The complete valida-
tion dataset consists of 7195 in-situ measurements, matched with 7195 data points from
the SWAN model, corresponding to the same time instants and the triangular numeri-
cal cell closest to the instrument installation site. Specifically, 4145 of the instrumental
measurements come from the Datawell campaign conducted between June and August
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2022, while the remaining 3050 measurements were gathered during two AWAC cam-
paigns, carried out from September to December 2015 and from July to September 2019.
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20%
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10%
5%

Figure 4.23: Comparative rose plots (Di rp − Hs ) in validation phase for AWAC and Datawell data (left panel)
and SWAN data (right panel)

It is noticeable that the dominant peak direction in both cases is 300◦. In the wave
rose generated from the in-situ instruments, this direction occurs between 10% and 15%
of the time, whereas in the modeled data, the occurrence exceeds 15%. This discrepancy
might be attributed to adjacent directions around 300◦, which account for occurrences
ranging from 5% to 10% in the validation wave rose.

Furthermore, less energetic but notably frequent waves, generally originating from
the north and south, appear to be more evenly distributed in the in-situ validation dataset.
In contrast, in the SWAN wave rose, prominent directions are highlighted, particularly
the direction of 340◦, which occurs about 15% of the time, and the directions of 180◦ and
190◦, each also with an occurrence of approximately 15%.

Fig. 4.24 and 4.25 provide wave roses with reference to the individual instruments
and the corresponding model datasets.

In both comparisons, it becomes evident that the instrumental data are more widely
distributed across various directions compared to the data obtained from the model.
However, the presence of waves from the northeast and southwest is exclusive to the
AWAC dataset. Specifically, the geographical layout of the instrument installation site is
such that the waves are influenced by the presence of the coast, preventing their arrival
from these directions due to the island blocking their propagation along these paths.
This result suggests AWAC inaccuracies in accurately reconstructing sea states.
In both instances, however, the predominance of the more energetic waves coming from
the northwest direction, particularly around 300°, is clear.

4.3. WAVE ENERGY ASSESSMENT

T HE wave energy assessment analysis of the wave is conducted in reference to the
IEC/TS 62600-101:2015 standards, in addition to analyzing the occurrences of sea



4.3. WAVE ENERGY ASSESSMENT

4

115

25%
20%

15%
10%
5%

25%
20%

15%
10%
5%

Figure 4.24: Comparative rose plots (Di rp −Hs ) in validation phase for AWAC data (left panel) and SWAN data
(right panel)
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Figure 4.25: Comparative rose plots (Di rp − Hs ) in validation phase for Datawell data (left panel) and SWAN
data (right panel)

states. These analyses are based on the decadal historical series obtained from the SWAN
model previously discussed. In particular, the analysis is based on numerical data ref-
erencing the centroid of the triangular cell closest to the instrument installation site
(36°49’23”N, 11°55’13”E), with this centroid located at coordinates 36°49’30”N, 11°55’19”E.
Both the synthetic parameters and the frequency-directional spectrum are obtained ev-
ery half hour covering the period from 2013 to 2022. Specifically, the synthetic param-
eters are obtained as descriptive parameters of the overall sea state, as well as from the
partitioning of the respective spectra. Regarding the spectra, they cover all directions
with a constant bin of 10°, while the 36 frequencies vary between 0.01Hz and 0.64Hz,
following a logarithmic progression.
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4.3.1. PREVALENCE OF MULTI-MODAL WAVE SYSTEM
The analysis of the predominance of multi-modal sea states is carried out through the
examination of partitioned spectra. Initially, the SWAN model generates spectra which
are then partitioned using the two-dimensional WavSEP technique. For each partitioned
spectrum, the zero-order moment (m0) is calculated, and its frequency of occurrence
and prevalence within each sea state are analyzed.
The analysis of occurrences is carried out by quantifying the number of sea states simul-
taneously coexisting. However, this analysis does not provide information on the energy
contribution of individual sea states in relation to the overall wave obtained. For such
analysis, the percentage of energy corresponding to each sea state is determined. In par-
ticular, the parameter m0 is used as a proxy for the evaluation of the energy of each sea
state, corresponding to the volume underlying the corresponding frequency-directional
spectrum.

Fig. 4.26 displays the time series of the zero-order moments corresponding to various
sea states that occurred simultaneously in Pantelleria. As illustrated, the sime series of
the different sea states is characterized by the overlapping of three or four distinct sea
states.

Figure 4.26: Time-seris of m0 for the different sea states occurred over the 10 years of simulation

Seasonal and inter-annual synthetic analyses are conducted to understand the aver-
age energy contribution from wind waves and swells in relation to each sea state. Fig.
4.27 illustrates the occurrence of different sea states.

There is a predominance of bi-modal sea states characterized by the combination
of wind waves and the first swell. These bi-modal sea states show a high frequency of
occurrence, varying from 83.7% in February to an overwhelming 99.9% in August. This
indicates that for most of the year, the sea conditions are primarily influenced by these
two interacting wave systems.
The remaining sea states are predominantly composed of a superposition of wind waves
and two swell components. The highest occurrence of these 4 sea states is observed
in April, reaching up to 6.5%. These complex sea states are characterized by frequency-
directional spectra that exhibit four distinct peaks, corresponding to the wind waves and
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Figure 4.27: Season variability of wind waves and swells occurrence

the two swell systems.

This distribution of sea state occurrences highlights the dynamic nature of the mar-
itime environment, with a significant prevalence of bi-modal conditions. The presence
of 4 states, though less frequent, adds complexity to the wave climate, especially during
certain months like April.
An interesting trend observed is that bi-modal sea states tend to dominate in the sum-
mer months, when weather conditions are generally more stable and swell waves are
more pronounced. In contrast, during the winter months, increased storm activity leads
to greater variability and the possible formation of tri-modal sea states.

Fig. 4.28 The inter-annual analysis of the occurrence of multimodal sea states is car-
ried out to identify any trends and variations over years.

Figure 4.28: Inter-annual variability of wind waves and swells occurrence

The results show how the inter-annual variability is not particularly pronounced. In
particular, the occurrence of bi-modal sea states varies between 89.5% in 2018 and 94.8%
in 2021. Almost all of the remaining occurrences correspond to waves obtained from the
simultaneous coexistence of three different sea states. The year in which the greatest
waves characterized by 4 different sea states modelled corresponds to 2019, with an oc-
currence of 6.6%.
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The results shown in Fig. 4.29 highlight the seasonal variability of the average contribu-
tion of individual sea states in reference to the overall m0.

Figure 4.29: Seasonal variability of the average contribution of individual sea states in reference to the overall
m0

The graph demonstrates a greater contribution from wind waves compared to the
1st swell waves. Notably, during the summer months, there is a pronounced dominance
of wind wave contributions, reaching up to 88.9% in August. Conversely, in the winter
months, there is an increased contribution from swell waves, peaking at 29.1% in De-
cember.
This pattern suggests that wind waves dominate during the calmer summer months
when the weather is generally more stable, leading to a higher percentage of wind wave
activity. On the other hand, during the winter months, the increased storm activity re-
sults in a higher contribution from swell waves. This is particularly evident in December,
where the swell wave contribution is at its highest.
The seasonal shift in the contributions of wind waves and swell waves is crucial for
understanding the overall wave climate and its impact on maritime activities. During
the summer, the higher prevalence of wind waves indicates that the sea conditions are
more influenced by local wind patterns, which could affect activities such as boating
and coastal construction. In contrast, the winter months, with their higher swell wave
contributions, suggest that sea conditions are more affected by distant storm events, im-
pacting long-range swell propagation and potentially affecting offshore structures and
operations.

Finally, the inter-annual analysis of the contribution of individual sea states is carried
out (Fig. 4.30).

The figure shows a consistent pattern where wind waves have the predominant con-
tribution compared to the 1st swell waves across all years. Wind waves consistently make
up the majority of the total wave energy, with contributions typically ranging around 75%
each year. This indicates that local wind-driven waves are the dominant sea state in the
studied area throughout the entire decade.
The contribution of the 1st swell waves, while less than that of the wind waves, is still
significant, generally constituting around 25% of the total wave energy. This steady con-
tribution from swell waves suggests a consistent presence of longer-period waves gen-
erated by distant weather systems, which reach the study area after traveling across the
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Figure 4.30: Inter-annual variability of the average contribution of individual sea states in reference to the
overall m0.

Mediterranean Sea.
Interestingly, there is little to no contribution from the 2nd and 3rd swell waves, as in-
dicated by the absence of yellow and purple segments in the graph. This lack of higher-
order swell components implies that the wave climate is largely influenced by primary
wind waves and the dominant first swell, with minimal impact from additional swell
sources.
The stability in the proportions of wind wave and swell contributions over the years
suggests a relatively stable wave climate in the region, with no significant inter-annual
changes in the dominance of wave types. This consistency can be advantageous for long-
term maritime planning and operations, as it allows for more predictable and reliable
forecasting of sea conditions. The variability ranges from a 72.7% contribution of wind
waves in 2013 to 78.1% in 2020, highlighting a narrow range of variability. This limited
range of fluctuation emphasizes the consistency in the dominance of wind waves over
the studied period.

4.3.2. SEASON VARIABILITY
The seasonal variability of Hs, Te, s and P is studied in detail to deepen the understand-
ing of their trends. Specifically, the synthetic parameters under study belong to three
categories of sea states. First of all, the synthetic parameters of the sea states present in
Pantelleria are analysed, obtained from the spectral analysis of the frequency-directional
spectra provided by SWAN. Furthermore, the synthetic parameters of the unimodal ma-
rine states of the wind waves and storm surges that occurred in Pantelleria are studied
to evaluate the characteristics of the individual sea states. These parameters are also ob-
tained from spectral analysis but in this case with reference to the directional frequency
spectra of wind waves and swells only, obtained by partitioning the overall spectrum
with the WaveSep method.
To conduct the seasonal variability study, wave data over several years are examined to
identify any recurring seasonal trends in wave characteristics. This analysis involves the
comparison between the monthly averages, maximums and minimums of the synthetic
parameters analyzed. Additionally, for each month, the 5th and 95th percentiles are de-
termined to provide information on the distribution of values over the months. Each pa-
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rameter is analyzed based on the general state of the sea as well as the individual types
of waves.
This analysis is critical for predicting seasonal changes in wave behavior, which is essen-
tial for various maritime and coastal activities, including shipping, coastal development,
and the operation of marine renewable energy systems. Identifying the least energetic
seasons is particularly crucial for identifying optimal renewable energy sources to com-
pensate for energy shortages in the context of decarbonization. Specifically, energy mix
analysis simultaneously explores different renewable energy sources to determine their
compatibility and maximize their strengths, as exemplified by the integration of wave
motion with wind and/or solar energy [5, 253].

SIGNIFICANT WAVE HEIGHT SEASON VARIABILITY
Fig. 4.31 show the distributions of Hs values for the three sea state conditions analyzed,
respectively, in the different months. In Figure 4.31a, depicting the seasonal variabil-
ity of Hs for wind waves and swells combined, a clear pattern emerges. The maximum
Hs values (red dashed line) are consistently higher during the winter months, peaking
notably in November and March, likely due to increased storm activity. The mean Hs

(green line) and the 95th percentile (black dotted line) show a smoother trend than the
maximum values, indicating a general increase in wave energy during the winter. Jan-
uary records the highest average significant wave height at 1.45m, while August has the
lowest at 0.58m. The minimum values (blue dashed line) and the 5th percentile (purple
dotted line) remain relatively low and stable across all months, suggesting that while
high-energy events are more frequent in winter, low-energy conditions are prevalent
year-round.

Figure 4.31b focuses on the seasonal variability of Hs for wind waves only, showing a
similar trend compared to the combined sea state. In this case, the maximum Hs values
remain nearly constant around 2.7m, while the seasonal variability of the average values
and the 95th percentile show higher values in the winter months and lower values in the
summer months. January again records the highest average significant height at 1.16m,
with August showing the lowest at 0.54m.

Figure 4.31c presents the seasonal distribution of significant wave height values for
swells only. The maximum Hs values remain almost constant throughout the year, around
2.77m, with notable variability in the summer months, likely due to a specific storm
event in July. The average significant height values and the 95th percentile follow a sim-
ilar trend to the combined wind waves and swells, and wind waves alone. Higher values
correspond to the winter months, while the lowest values are observed in the summer
months. January shows the highest average Hs at 0.71m, and August the lowest at 0.17m.

These results highlight the pronounced seasonal fluctuations in significant wave heights
overall and with respect to individual sea states. The highest average values occur in the
winter months, driven by storm activity. In contrast, the summer months show a de-
crease in Hs, likely resulting from more stable weather conditions.

ENERGY PERIOD SEASON VARIABILITY
Figures 4.32 illustrate the seasonal variability of the energy period (Te) for different wave
conditions: combined wind waves and storm surges, wind waves alone, and storm surges
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(a) Hswi nd w ave and swel l seasonal variability

(b) Hswi nd w ave seasonal variability

(c) Hsswel l season variability

Figure 4.31: Seasonal variability of Hs

alone. The trends of the average energy period values for the three wave conditions show
higher values during the winter months and lower values in the summer months. How-
ever, the trend of the maximum monthly values and the 95th percentile differs slightly.

Figure 4.32a shows the seasonal variability of Te for combined wind waves and storm
surges. The maximum Te values (red dashed line) increase during the winter months,
particularly in January, and decrease in the summer months. The average Te (green line)
and the 95th percentile (black dashed line) follow the same trend, indicating an overall
increase in the energy period during the winter. The minimum values (blue dashed line)
and the 5th percentile (purple dashed line) remain low and stable, reflecting consistently
low energy conditions throughout the year.
Figure 4.32b examines the seasonal variability of Te for wind waves alone. Here, the max-
imum Te values remain almost constant throughout the year, around 6.3 seconds, with
some variability likely due to specific storm events. The mean Te values and the 95th
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(a) Tewi nd w ave and swel l seasonal variability

(b) Tewi nd w ave seasonal variability

(c) Teswel l seasonal variability

Figure 4.32: Season variability of Te

percentile show a similar pattern to the combined wind waves and storm surges, with
higher values during winter and lower values in summer. This trend highlights the influ-
ence of winter storms in increasing the energy period for wind waves, while the summer
months maintain more stable conditions.
It is noteworthy that the dispersion of points around the average values is more pro-
nounced for the energy periods of wind waves and swells (Fig. 4.32a) and for swells alone
(Fig. 4.32c), whereas in the case of only wind waves, the variability is much less accen-
tuated. This is demonstrated by the closer proximity of the different curves around the
average values. In particular, swell waves show more pronounced inter-monthly vari-
ability compared to the three cases analyzed. This implies that within a month, there is
high variability in the energy period, ranging from low values (the average 5th percentile
is equalt to 2.1 s) to high values (the average 95th percentile corresponds to 7.7s).
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DIRECTIONAL SPREADING SEASON VARIABILITY

The monthly variability of directional spreading (s) is analyzed for the three sea states
of interest (Fig. 4.33). Specifically, the directional spreading values are determined and
analyzed from the spectral analysis of the directional frequency spectrum and the 2D
spectra of individual sea states.

(a) swi nd w ave and swel l seasonal variability

(b) swi nd w ave seasonal variability

(c) sswel l seasonal variability

Figure 4.33: Season variability of s

Figure 4.33 illustrates the variation of minimum, maximum, average values, and per-
centiles throughout the year for the analyzed sea states. It is notable that in the case of
directional spreading referring only to wind waves (Figure 4.33b), the dispersion around
the average values is not very pronounced, varying between minimum values averaging
7.2 ◦ and maximum values averaging 38.5◦. In contrast, for swell waves (Figure 4.33c),
this variability is more pronounced, oscillating between a minimum average value of 13
◦ and a maximum of 85.3◦. This trend is attributable to the specific geographical area of
study. Swell waves do not have a geographic fetch free from obstacles. The existence of
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islands, archipelagos, and irregular coastlines limits the development of fully developed
waves that can propagate freely for long stretches of sea. Consequently, some waves
are able to develop and manifest through particularly narrow directional spectra, while
other swells show a more pronounced dispersion of energy around the average wave
direction.

For the combination of wind and swell waves (Figure 4.33a), the maximum values
(red dashed line) and the 95th percentile (black dotted line) remain relatively high and
stable throughout the year characterizing waves with reduced directional variability. The
mean values (green line) and the 5th percentile (purple dashed line) show minimal sea-
sonal variability, maintaining a constant distribution across all months. The minimum
values (blue dashed line) show slight fluctuations but remain generally low, describing
waves with high directional dispersion and indicating that the waves consistently come
from a wide range of directions. The coexistence of at least two distinct sea states leads
to a more accentuated energy distribution compared to uni-modal sea states.

These observations underline the importance of understanding the directional spread-
ing of waves throughout the year. The consistently high values of maximum directional
spreading suggest that, regardless of the season, waves come from a wide range of di-
rections, which is critical for maritime and coastal planning. The stable mean values
indicate that, on average, the directional spreading does not fluctuate significantly with
the seasons. This can help in predicting and managing wave energy and its impact on
coastal structures and activities. The variability observed in swell waves highlights the
influence of geographical features on wave development and propagation, emphasizing
the need for localized studies in different maritime regions.

4.3.3. INTER-ANNUAL VARIABILITY
Similarly to the analysis conducted on monthly variability, an investigation into inter-
annual variability is also carried out. This research focuses on identifying long-term
trends and fluctuations in Hs , Te and s over several years. By examining SWAN data pro-
vided over extended period, this study aims to detect any patterns or significant changes
that might be influenced by broader climatic or environmental shifts.

This approach not only enriches our understanding of wave dynamics over time but
also aids in the assessment of potential impacts due to climate change. For instance,
it helps to evaluate whether there is a trend towards more extreme weather events that
could result in higher waves and more energy, or conversely, a shift towards calmer sea
conditions. The results of this analysis are crucial for long-term planning in a strategic
deployment of marine renewable energy infrastructures.

SIGNIFICANT WAVE HEIGHT INTER-ANNUAL VARIABILITY
Figure 4.34 shows the inter-annual trends of significant wave height (Hs) for multimodal
sea states, wind waves alone, and swells alone.

In Figure 4.34a, the maximum Hs values, derived from the full frequency-direction
spectrum of waves observed in Pantelleria, display notable variability. This trend dif-
fers from what is observed for wind waves alone (Figure 4.34b) and swells alone (Figure
4.34c). Specifically, the maximum Hs values for individual unimodal sea states do not
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(a) Hswi nd w ave and swel l inter-annual variability

(b) Hswi nd w ave inter-annual variability

(c) Hsswel l inter-annual variability

Figure 4.34: Inter-annual variability of Hs

exhibit significant inter-annual variability. This comparison suggests that the variability
in the significant wave height of multimodal sea states is due to the random combination
of wind waves and swells. The pronounced peaks in Hs for combined wind waves and
swells indicate that high-energy wind waves and swells coincided, resulting in higher
waves. Conversely, the lower maximum Hs values for the years 2014 and 2022 suggest
that the combined energy content of wind waves and swells was lower, leading to smaller
waves.
Examining the average Hs values for the three analyzed sea states reveals a consistent
trend. The average significant wave height from the analysis of combined wind waves
and swells is 0.94m. For wind waves alone, the average Hs is 0.81m, and for swells alone,
it is 0.35m. These stable average values across the years indicate a predictable wave cli-
mate, despite the occasional peaks in maximum Hs values.
In summary, while the maximum Hs values for multimodal sea states show significant
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variability due to the random combination of wind waves and swells, the average Hs

values remain stable.

ENERGY PERIOD INTER-ANNUAL VARIABILITY
The energy period, along with the other syntetic parameters, is analyzed in detail accord-
ing to the inter-annual variability (Figure 4.35). The energy period of wind waves exhibits

(a) Tewi nd w ave and swel l inter-annual variability

(b) Tewi nd w ave inter-annual variability

(c) Teswel l inter-annual variability

Figure 4.35: Inter-annual variability of Te

reduced intra-annual variability (Fig. 4.35b), with minimum and maximum values that
are closer to the average compared to the energy periods of combined wind waves and
swells (Fig. 4.35a), as well as swells alone (Fig. 4.35c). This observation aligns with the
previous analysis of monthly variability, indicating that wind waves occurring in Pantel-
leria have a lower variability range compared to other sea states. Specifically, the greatest
variability is recorded for swell waves (Figure 4.35c).
Regarding the average values, they remain nearly constant across different years and for
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the various sea states analyzed. The average energy period over the ten-year multimodal
dataset is approximately 4.5 s for multimodal waves, 4.3 s for wind waves alone, and 5 s
for swell waves alone.

These results suggest that while there is some variability in the energy period of the
waves, wind waves show more stability compared to swell waves and combined sea
states. The consistent average energy periods across the years further confirm the pre-
dictable nature of the wave climate in Pantelleria.

DIRECTIONAL SPREADING INTER-ANNUAL VARIABILITY

the inter-annual analysis of the directional spreading corresponding to the multi-modal
sea states occurring in Pantelleria and the uni-modal sea states of wind wave and swell
is investigated (Fig. 4.36).

(a) swi nd w ave and swel l inter-annual variability

(b) swi nd w ave inter-annual variability

(c) sswel l inter-annual variability

Figure 4.36: Inter-annual variability of s
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In Figure 4.36a, the interannual variability of directional spreading for the combina-
tion of wind waves and swells shows a relatively stable trend over the years. The maxi-
mum values and the 95th percentile remain consistently high, indicating that each year
a large number of waves are characterized by a narrow range of directions. The average
values show minimal change, suggesting that the overall directional spread remains rel-
atively unchanged. The minimum values and the 5th percentile show slight fluctuations
but generally remain low, indicating conditions of high directional wave diffusion. This
result aligns with predictions, as a high predominance of bi-modal sea states is found,
resulting in greater directional variability of the wave components that, by overlapping,
generate the sea states characterizing Pantelleria.

Fig. 4.36b focuses on the interannual variability of the directional spread for wind
waves only. Similar to the combined sea states, the maximum values remain relatively
stable with minor fluctuations, highlighting a consistent directional diffusion pattern.
The mean values and the 95th percentile follow a constant trend with minor variations,
reflecting the stable nature of the directional spread of wind waves. The minimum val-
ues and the 5thpercentile remain consistently low, indicating that these wind waves are
characterized by wider directional spreads.

Fig. 4.36c presents the interannual variability of the directional diffusion for swells
only. The maximum values and the 95th percentile show more pronounced stability over
the years, indicating that swell waves also consistently come from a narrow range of di-
rections. The average values show slight variability but maintain a constant trend similar
to other wave conditions. The minimum values and the 5th percentile remain low, in-
dicating that wave conditions characterized by high directional variability occur every
year.

Consequently, the interannual stability in directional diffusion, combined with pre-
viously observed seasonal trends, provides a comprehensive understanding of the wave
climate at the site of interest.

Ultimately, the average directional spreading of the waves occurring in Pantelleria,
in reference to multimodal sea states, is approximately 39.8◦. For swell waves, this value
corresponds to 42.4◦. In contrast, for wind waves, the value is around 23.5◦.

4.3.4. VARIABILITY OF DOMINANT WAVE DIRECTION
The directional distribution of waves is analyzed using wave rose plots, which show the
percentage of wave height occurrences from different directions. To draw coherent con-
clusions, both the wave rose for the multimodal maritime states occurring in Pantelleria
and those for the only wind wave and swell are provided (Figure 4.37).

In the wave pattern of combined wind waves and swell, the waves mainly come from
the west and north-west directions. The color distribution shows that a significant por-
tion of the waves are between 0 and 2 m of significant wave high, with occasional higher
waves exceeding 4 meters, particularly from the northwest.
Likewise, in the rose plot of the wind wave only, the waves mainly come from the west
and northwest. The distribution reveals a greater proportion of waves with heights be-
tween 1 and 3 metres, suggesting that wind-generated waves contribute significantly to
overall wave energy. The absence of higher waves (over 4 m) compared to the combined
sea state graph suggests that the extreme wave heights are mainly due to the combined
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Figure 4.37: Rose plot (Di rp −Hs ) according to the different sea states: combination of wind waves and swell
(left panel), wind wave (central panel) and swell (right panel)

influence of wind waves and storm surges.
Finally, the wave pattern relating to swell shows a narrower directional spread compared
to wind waves. Most significant wave height of the swell are between 1 and 2 m, some
reaching up to 3 m. This directional concentration indicates that swell waves are gener-
ated primarily by distant storms propagating from the west.
Overall, these rose plots highlight the predominant wave directions and the contribution
of different wave heights to Pantelleria’s wave climate.

4.3.5. SEA STATE OCCURRENCE
The analysis of the occurrence and energy of sea states is conducted through a conven-
tional method, which consists in determining the probability of occurrence of a specific
combination of height Hs and Te , and in calculating the energy of the sea states waves
as a function of this probability.

For this investigation, the values of Hs and Te are discretized using bins of 0.25 m
and 0.5 s, respectively. The Fig. 4.38 provides the probability of occurrence for both
the Hs −Te pairs and the individual parameters. It is observed that the most frequent
significant wave height, accounting for 23.84% of events, ranges between 0.5 m and 0.75
m. As for the Te , it most commonly occurs, with a frequency of 16.48%, between 3.5 s
and 4 s. The most frequent Hs −Te pair occurs with Hs ranging between 0.25 m and 0.5m
and Te between 3s and 3.5s, accounting for 6.7% of occurrences.

In this context, a scatter plot of energy is provided (Fig. 4.39) showing the yearly
energy sea state corresponding to the Hs −Te pairs. From this analysis, the sea state with
an occurrence of only 0.89%, chacarterized by Hs ranging between 2.5 m and 2.75 m
and Te ranging between 6 s and 6.5 s is characterized by the maximum value of average
annual energy equal to 1.65 MWh/m.

This approach provides a general overview of the wave resource of the site of interest.
However, as observed in the case of Pantelleria, the prevalence of multi-modal sea states
limits the precision of these analyzes providing more general information. In particular,
for devices that are sensitive to wave direction, such as the PeWEC, the coexistence of
wind waves and swells leads to a superposition of sea states that can originate from dif-
ferent directions. As a result, the energy distribution is not concentrated around a single
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Figure 4.38: Scatter of occurrence in Pantelleria

peak direction of the spectrum, but is dispersed between two or more principal direc-
tions. This phenomenon leads to a dispersion of wave energy over a wide spectrum of
directions, which, consequently, reduces the extractable energy.

4.4. DICUSSION

T HIS chapter addresses the assessment of the wave energy resource at Pantelleria. To
achieve this objective, various available data sources are analyzed, processed, and

evaluated to identify accurate and reliable in-situ and satellite datasets for use in the
calibration and validation of the SWAN model. The difficulty in obtaining a long-term
series of in-situ data is highlighted, along with the use of a collocation technique based
on a temporal criterion of 30 minutes and a spatial criterion evaluated at various dis-
tances.
Moreover, the SWAN model is calibrated and validated using these instrumental data,
assessing both the accuracy of significant wave height (Hs ) and energy period (Te ), as
well as the computational time of different configurations. The use of a Stage-Gate ap-
proach significantly reduced the number of configurations to investigate, streamlining
the calibration process and focusing on key aspects.
Once the model is validated, the resulting decadal time series is used to conduct a com-
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Figure 4.39: Scatter of energy in Pantelleria

prehensive wave resource analysis. Specifically, synthetic parameters derived from the
entire spectrum and the partitioned spectra are analyzed to understand the overall char-
acteristics of the waves occurring at Pantelleria, as well as to evaluate the characteristics
of wind waves and swell waves.

4.5. CONCLUSION

T HE chapter provided a detailed assessment of wave energy resources around the is-
land of Pantelleria using a rigorous methodological approach that combines in-situ

data, satellite observations, and numerical models. The analysis highlighted the impor-
tance of accurate and reliable data for the calibration and validation of the SWAN model,
emphasizing the challenges of obtaining time series of in-situ data and the effectiveness
of collocation techniques in mitigating these issues. Specifically, the use of altimetric
data, even in geographically unfavorable regions, proved valuable. Although irregular
coastlines near the site of interest can reduce the accuracy of satellite observations, the
analysis demonstrated that these observations are a valid tool when used as benchmarks
for evaluating the accuracy of the numerical model and extending the temporal cover-
age of the validation dataset.
The calibration and validation of the SWAN model, based on an accurate evaluation of
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the parameters Hs and Te and on the optimization of computational time, demonstrated
the effectiveness of the Stage-Gate approach in accelerating the calibration process and
focusing on key aspects. This approach enabled the development of a robust and pre-
cise numerical model capable of faithfully representing wave conditions in the study
area. The analysis of different aspects in setting up the model showed how adjustments
correlated with increases or decreases in accuracy relative to the parameters and com-
putational time, ultimately identifying an accurate model with reduced computational
time.
Furthermore, the ten-year time series derived from the validated model provided a solid
basis for the analysis of wave resources. The examination of synthetic parameters, de-
rived both from the complete spectrum and the spectrum partition, allowed for an un-
derstanding of the general characteristics of the waves in Pantelleria, as well as distin-
guishing between wind waves and swells. This distinction is crucial for the design and
optimization of wave energy converters, which can benefit from a detailed understand-
ing of different wave components. The frequency occurrence of bi-modal sea states un-
derscored the importance of using the frequency-directional spectrum as a fundamental
tool for comprehensive wave characterization.
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5
WAVE ENERGY CONVERTERS

DESCRIPTION

5.1. INTRODUCTION

T HE Wave Energy Converters (WECs) stand as an emerging frontier in renewable en-
ergy technologies, capturing the power of ocean waves to generate electricity. These

systems are pivotal for harnessing a vast and largely untapped energy resource, offer-
ing a pathway to diversify the renewable energy mix and contribute to global sustain-
ability goals. The development and optimization of WECs involve a multidisciplinary
approach, combining marine engineering, fluid dynamics, and renewable energy tech-
nology.
Climate change and the mission to sustainably satisfy energy demand are two intercon-
nected and urgent policy challenges for nations worldwide. The exploitation of renew-
able resources is increasing, and scenarios by the World Energy Outlook and integrated
assessment models (IAMs) estimate that, by 2040, renewable energy sources (RESs) may
supply 20–30% of the world’s primary energy [254]. Currently, most of this energy comes
from bioenergy (10%) and hydropower (3%), with the remaining 2% from other renew-
ables such as photovoltaic (PV) and wind energy [255, 256, 257, 258, 259, 260]. As the
broad employment of renewable energy is essential, the scientific community is also fo-
cusing on wave energy sources, which show great promise [261, 262, 263].
Technologies capable of harnessing wave energy are relatively immature compared to
other renewable energy technologies and are currently untapped. However, wave energy
has the potential to play a significant role in diversifying the RES portfolio and achiev-
ing sustainable growth. In this scenario, there are many types of WECs that can harness
energy from waves. These can be classified based on operational principle, absorbing
wave direction, location, and power take-off [15, 264]. A basic categorization often used
includes terminators, attenuators, and point absorbers [265]. Terminators are charac-
terized by large extensions parallel to the wave direction, while attenuators have a large
orthogonal size relative to the wave direction. Both terminators and attenuators are di-
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rectional sentitive WECs, as they operate within a narrow range of wave directions. In
contrast, point absorbers are smaller than the predominant wavelength and can gener-
ate power from waves coming from any direction.

5.2. WAVE ENERGY CONVERTER CLASSIFICATION

D IFFERENT concepts and classifications of WECs exist. First, WECs can be catego-
rized based on their installation location, distance from shore, and bathymetry.

Specifically, WECs can be divided into coastal, nearshore, and offshore devices.
Coastal devices are generally fixed structures integrated into port infrastructure. A signif-
icant number of these devices are based on the Oscillating Water Column (OWC) tech-
nology, which involves a structure where water waves oscillate, causing air trapped in
a chamber to flow through a turbine designed to convert wave energy. The advantages
of coastal devices include their proximity to the shore and reduced maintenance costs
compared to nearshore and offshore devices, which require marine operations for main-
tenance. However, the high costs of constructing the necessary civil works, along with
the significant social and environmental impacts of installing these devices on the shore-
line, are notable disadvantages. Additionally, the energy resource in shallow waters is
less than that that occur offshore.
Nearshore devices are installed relatively close to the shore, typically about a hundred
meters away, in seabed depths between 10 and 25 m. These devices are usually fixed di-
rectly to the seabed rather than being anchored with moorings. The advantages include
their relative proximity to the shore, which facilitates construction, maintenance, and
decommissioning operations and reduces costs due to the shorter distance of the elec-
tric cable from the coastline. Furthermore, being installed offshore, they benefit from a
greater wave energy resource than coastal devices. The main disadvantage is the envi-
ronmental and social impact due to the presence of WECs near human activities.
Offshore WECs are installed in locations with bathymetry greater than 40 m and are situ-
ated far from shore. These devices are typically floating or submerged and are moored to
the seabed. Offshore installations benefit from a greater energy resource and lower envi-
ronmental and social impacts due to their distance from the coast. However, the harsher
marine environments in which they are installed require the devices to be designed to
withstand higher loads, leading to increased overall costs.

Another classification is based on the size and orientation of the device with respect
to the direction of the incoming wave. Point absorbers are characterized by their rel-
atively small dimensions compared to the incident wavelength. These devices can be
either floating (Fig. 5.1) or submerged structures moored to the seabed. They capture
wave energy by damping the movement of the structure, typically through the vertical
motion known as heave. Due to their compact size, point absorbers are often installed
in arrays, which offers significant advantages in terms of economies of scale. This mod-
ular approach allows for more efficient energy capture over a larger area and facilitates
maintenance and scalability [266, 267].
Examples of point absorbers include the PowerBuoy, a floating device developed by Ocean
Power Technologies [268], and the CETO, a fully submerged buoy developed by Carnegie
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[269]. Both of these devices exemplify the versatility and effectiveness of point absorbers
in harnessing wave energy, showcasing different approaches to optimizing energy cap-
ture in various marine environments.

Figure 5.1: Simplified representation of a Notional Heaving Buoy WEC

Attenuator-type WEC (Fig. 5.2) is a device consisting of multiple floating bodies con-
nected to each other, forming a chain. This chain of floating bodies is aligned with the di-
rection of the incoming waves, causing a bending motion as waves pass through the sys-
tem. This motion drives hydraulic pumps, which ultimately generate electricity. These
devices are typically anchored using moorings and are characterized by a total length
greater than the incident wavelength. They are floating structures made up of multiple
sections connected by hinged joints. The relative movement between these sections is
damped by a hydraulic power take-off system, which harnesses the energy of the inci-
dent waves. During operation, the multi-body structure aligns with the direction of the
dominant wave to maximize energy capture. A well-known example of this type of WEC
is the Pelamis [270].

Figure 5.2: Simplified representation of an attenutator-type WEC

WEC devices with a predominant orientation perpendicular to the direction of wave
propagation (and consequently parallel to the wave front) are called terminators (Fig.
5.3). These devices are designed to absorb energy from waves as they hit the device
head-on.
An example of such a device is the Wave Dragon [271], which utilizes the overtopping
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working principle to capture energy from the wave source (Fig. 5.3a). Fixed-structure
Oscillating Water Columns (OWCs) are also classified as terminators due to their orien-
tation and energy capture method (Fig. 5.3b).
Additionally, terminators include WECs that exploit wave energy by damping the pitch-
ing motion of a device, as Pendulum Wave Energy Converter (PeWEC) [272] (Fig. 5.3c).
These devices have their main dimension oriented perpendicular to the direction of the
incoming dominant wave, maximizing energy absorption from the wave front.

(a) Simplified representation of Over-
topping Device

(b) Simplified representation of Oscillat-
ing Water Columns

(c) Simplified representation of Pitching
Device

Figure 5.3: Simplified representation of terminators devices

Tab. 5.1 provides an overview of the main characteristics of some of the primary
WECs developed. Specifically, the table includes information on the optimal bathymet-
ric depth range and the sensitivity of each device to wave direction. Each WEC oper-
ates effectively within a certain depth range, and this operational depth is crucial for
maximizing energy capture and efficiency. Additionally, the table distinguishes between
directionally sensitive and non-directionally sensitive devices. Direction-sensitive WECs
can effectively absorb and convert wave energy from specific directions, while non-directionally
sensitive WECs can harness wave energy regardless of its direction.

Table 5.1: WECs’ general characteristics

Device Classification Depth range
[m]

Directional
sensitivity

Notional Heaving Buoy Point-absorber 0-100 No

Attenuator-type Attenuator 50-70 Yes

Oscillating Surge Termintor 10-15 Yes

Onshore OWC Terminator 0-20 Yes

Oscillating Pitch Termintor 15-40 Yes
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5.3. EVOLUTION IN WAVE ENERGY CONVERTER MOD-
ELING

W AVE Energy Converters represent a fascinating and evolving field within renewable
energy, promising to harness the vast power of ocean waves. The journey towards

realizing this potential spans over two centuries, with the first WEC patent filed by Mon-
sieur Girard and his son in 1799. Despite their visionary concept, the lack of numerical
tools for power estimation hindered its realization. It wasn’t until the oil crisis in 1974
that numerical modelling of WECs gained momentum, marked by significant contribu-
tions from pioneers like Salter [273], Evans [274], and Mei [275]. These efforts laid the
groundwork for both frequency and time-domain models, revolutionizing the under-
standing of WEC dynamics.

The late 20th century saw further advancements with the integration of arbitrary
shape hydrodynamic coefficients and the introduction of nonlinear potential flow the-
ory models [276]. The turn of the millennium brought computational fluid dynamics
(CFD) into the fray, significantly aided by the advent of open-source platforms like Open-
FOAM, which provided access to sophisticated modelling tools. The inclusion of WECs
in wave propagation models marked another leap forward, enabling the study of far-field
effects and array interactions with unprecedented detail.

Despite these advances, the WEC field faces ongoing challenges, primarily around
model validation due to scarce full-scale deployment data. Looking ahead, the unceas-
ing increase in computing power and the development of hybrid models promise to
push the boundaries further, blending various modeling techniques to achieve higher
fidelity and efficiency.

5.4. HYDRODYNAMIC MODELS

T HE hydrodynamics of a wave energy system can be analyzed through various tech-
niques, each with different levels of reliability and computational costs. These tech-

niques include different hydrodynamic models, which can be classified as follows:

• Models based on potential flow theory that derive hydrodynamic properties through
the evaluation of the principles of potential flow theory. These models are mainly
used in the first steps of WEC modeling and are based on linearity assumptions.

• Computational fluid dynamics (CFD) models address Navier-Stokes equations
within discretized domains. These models offer a comprehensive approach tak-
ing into account fully nonlinear fluid dynamics, including factors such as viscosity
and compressibility of the fluid.

Since the hydrodynamic interaction between WECs and ocean waves presents an
extremely complex, higher-order nonlinear process, when certain conditions exists they
are simplified. In particular, in cases of oscillatory devices and small-amplitude wave
motions, the hydrodynamic problem can be adequately described using a linear ap-
proach, which is generally valid throughout the operating regime of the device [277].
This involves the application of the superposition principle [278] which allows harmonic
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solutions to be linearly combined to construct more complex solutions. In this context,
the representation of reactive forces, as in the case of moorings and PTO, can also be car-
ried out using linear equations. The first significant advance in modeling the dynamics
of WECs typically occurs in the frequency domain, where the excitation takes a simple
harmonic form. The main challenge in frequency domain analysis is determining the
radiation and excitation loads on the device. This is usually based on the application
of boundary element methods (BEM), based on potential flow theory, to estimate the
hydrodynamic coefficients of added mass, damping and excitation force per unit am-
plitude of the incident wave. The pioneering numerical methodologies developed by
Newman and Lee led to the development of codes WAMIT [279], which is widely used
for offshore and naval problems, wave-structure interaction and wave energy conver-
sion. Subsequently, additional BEM codes were developed, such as ANSYS-AQWA [280]
and NEMOH [281]. In particular, NEMOH has been developed at the Ecole Centrale de
Nantes, and is the first open source potential flow boundary element solver to calculate
wave loads on offshore structures.

NEMOH is therefore a solver that allows solving the first-order problem in the fre-
quency domain and provides support in the hydrodynamic design of the floating struc-
ture. Since its first release in 2014, the software has been widely used and validated.
Many WECs designs have been based on NEMOH [282, 283, 284, 285], as well as float-
ing platforms of offshore wind turbines [286, 287, 288] and hybrid devices for converting
energy from wind and waves [289]. Moreover, his performance has been reported in
comparative studies with other software such as WAMIT in [283, 284] and HAMS [290] in
[291] showing good accuracy in most applications despite limited computational costs.
However, the limitations of frequency domain models become evident when trying to
validate PTO control strategies [292, 293]. Furthermore, they also show limitations in
dealing with nonlinear dynamics introduced by moorings. This requires moving to time
domain modeling for a more accurate representation of the performance of a WEC.
Time-domain models can capture nonlinearities within the energy conversion chain,
including those arising from hydrodynamic forces and damping mechanisms. Further-
more, they are indispensable for simulating transient events that frequency-domain mod-
els, suitable only for stationary processes, cannot accurately represent. At the expense
of better performance, time domain models require significantly higher computational
resources. As a result, their application is generally reserved for the late stages of WEC
development, i.e. when, the fundamental design parameters of the device have been
consolidated, shifting the focus towards refining the PTO system and refining the con-
trol strategy.

5.4.1. POTENTIAL FLOW THEORY
Using potential flow theory to characterize the motion of WECs in response to ocean
waves can provide satisfactory accuracy under specific conditions, particularly when the
slope of the incident wave and the amplitude of float motion are small. This theory is
based on the following hypotheses:

• The floating device is treated as a rigid body.

• The fluid is assumed ideal, meaning it is inviscid, incompressible, and irrotational.
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By defining u = (ux ,uy ,uz ) as the velocity field of the fluid and studying an irrotational
motion, it is possible to describe this velocity field via the gradient of the scalar potential
velocity function:

u =∇φ (5.1)

The mass balance equation for an incompressible fluid is identically zero since the den-
sity remains constant during the motion. It is written:

∇·u = 0 (5.2)

Substituting 5.1 into 5.2, the Laplace’s equation for the velocity potential is obtained:

∇2φ= 0 (5.3)

To solve the Laplace’s equation for the velocity potential, the assignment of boundary
conditions is necessary:

• Dynamic boundary condition on the free surface: At the undisturbed free sur-
face, the fluid pressure must be equal to atmospheric pressure:

∂φ
∂t + gη= 0 at z = 0 for H

L << 1 & H
h << 1 (5.4)

where η indicates the free surface elevation and g is the gravity acceleration

• Kinematic boundary condition on the free surface: Fluid particles on the free sur-
face remain on the free surface for all instants of time; i.e., the normal component
of the fluid velocity must be equal to the velocity of the surface:

∂φ
∂z − ∂η

∂t = 0 at z = 0 for H
L << 1 & H

h << 1 (5.5)

• Body hull impermeability condition: The component of fluid velocity normal to
the body surface must be equal to the velocity of the body normal un to the body
surface Sb :

∂φ
∂n −un = 0 at Sb (5.6)

• Flat seabed impermeability condition: Water particles cannot cross through the
seabed, so the vertical component of the fluid velocity is zero:

∂φ
∂z = 0 at z =−h (5.7)

where h indicates the depth of the seabed in relation to the mean level of the free
surface.

• Radiation condition: As the distance from the body (r ) increases, the wave poten-
tial tends to zero:

limr→±∞∇φ= 0 (5.8)
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Solutions to the Laplace’s equation 5.3 have a sinusoidal form and a decomposition of
the problem into spatial and temporal dependencies is possible:{

η(x, t ) = η̂e i (k·x−ωt )

φ(x, t ) = g cosh⌊|k|(z+h)⌋
ωcosh(|k|h) η̂e i (k·x−ωt ) (5.9)

where x = [x, y]T denotes the coordinates of the wave elevation, k = [kx ,ky ]T represents
the wave number, η̂ is the complex wave amplitude of the wave elevation, ω describes
the wave frequency and i is the imaginary unit. The wave number and the wave fre-
quency are related through the dispersion relation, given by:

ω2 = g |k| tanh(|k|h) (5.10)

WAVE FIELD DECOMPOSTITION
The first-order harmonic fluid potential, according to the potential flow theory described
in 5.4.1, may be shortly defined as

φ(x, t ) = Re
{
φ(x)e−i w t

}
(5.11)

which, according to the linear seakeeping theory [294, 295], may be described as a su-
perimposition of three different wave fields.

φ=φI +φD +φR (5.12)

where:

• φI is the velocity potential of an incident wave field that would exist in the ab-
sence of the body, and therefore is the potential velocity of the undisturbed wave.
It does not satisfy either the boundary condition on the body or the radiation con-
dition, as it represents wave propagation in the absence of the body. According
to the Airy’s wave theory [296], and, for a wave elevation η with amplitude A and
propagating along the direction θ, the incident potential is written:

φI (x, y, z, t ) = g cosh⌊|k|(z+h)⌋
ωcosh(|k|h) η̂e i [k(x cosθ+ycosθ)−ωt ] (5.13)

Only the solution to the incident wave problem can be obtained analytically. The
other flow potentials are computed numerically using Green’s theorem, which con-
verts a volume integral into a surface integral, making it faster and much easier to
manage.

• φD is the velocity potential of a diffracted wave field caused by the interaction be-
tween the body and the incident wave. While analytical solutions exist for certain
cases of the diffraction problem, like vertical cylinders [297], the general problem
is typically tackled numerically. This is done using BEMs, where the body hull
geometry is discretized for computational purposes. Together, the incident and
diffracted potentials must satisfy the no-flow condition 5.6 on the hull surface:

∂φI
∂n + ∂φD

∂n = 0 at Sb (5.14)
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• φR is the velocity potential of a radiated wave field produced by the oscillation of
the body in calm water. Although analytical solutions are available for specific in-
stances of the radiation problem [297], a more widespread approach involves nu-
merical methods. Boundary element methods (BEMs) are commonly employed,
requiring the discretization of the body hull geometry to solve the problem com-
putationally. This component must adhere to boundary conditions imposed on
the body’s surface Sb , accounting for its oscillations in any unconstrained Degree
of Freedom (DoF). In terms of boundary conditions, the velocity of the fluid at a
point on the wet surface of the hull equals the velocity of the point of the hull itself.

∂φR
∂n = un(x, y, z) at Sb (5.15)

Where vn is the normal velocity to the surface of the hull body. Furthermore, for
the radiation boundary condition it has to assume that as the distance from the
body increases, the potential must decay, ensuring that the wave field converges
to the undisturbed state far from the body:

limr→±∞∇φR = 0 (5.16)

According to the described decomposition, Laplace equation becomes:

∇2φI +∇2φD +∇2φR = 0 (5.17)

Consequently, the linearized fluid equations, satisfied by the three wavefields, are sum-
marized as follows:

∂φI
∂t + ∂φD

∂t + ∂φR
∂t + gη= 0 at z = 0

∂φI
∂z + ∂φD

∂z + ∂φR
∂z − ∂η

∂t = 0 at z = 0
∂φD
∂n + ∂φI

∂n = 0 & ∂φR
∂n = un(x, y, z) at Sb

∂φI
∂z + ∂φD

∂z + ∂φR
∂z = 0 at z =−h

limr→±∞∇φD +∇φR = 0

(5.18)

5.4.2. BODY-WAVE INTERACTION DESCRIPTION

A T the basis of WEC modelling is Newton’s second law, for which the inertial forces are
balanced with those acting on the device. These forces can be classified into external

forces, resulting from the hydrodynamic interaction between the device and the waves,
and reaction forces, resulting from the coupling between the moving components.
Specifically, external forces include:

• Hydrostatic forces, resulting from the distribution of hydrostatic pressures on the
hull

• Excitation forces, generated by incident waves hitting the hull

• Radiation forces, exerted on the device due to radiation waves induced by body
movement in calm water
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Figure 5.4: Decoupling of the linear potential theory [298]

The reaction forces however vary depending on the type of WEC considered, how-
ever generally attributed to:

• PTO, i.e. the power extraction subsystem that converts mechanical energy into
energy

• Mooring system, which is responsible for device station-keeping

The device local frame of reference can be described by a coordinate vector ξ, where
x,y,z represent the body translation and α,δ,ψ describe the body rotations:

ξ=



x
y
z
α

δ

ψ

=



sur g e
sw ay
heave

r ol l
pi tch
y aw

 (5.19)

From now on, the origin of the device local frame is assumed located at the mass center
of the system. The reference system of a WEC is described in 5.5, where the cartesian
global coordinate system is described by (x0, y0, z0). In the time domain, the general
motion equation, in accordance with the linear theory and the Newton’s second law, is
given by:

Mξ̈(t ) = F p (t )+F ext (t ) (5.20)

where

• M corresponds to the inertia matrix of the device

Ms =



m 0 0 0 0 0
0 m 0 0 0 0
0 0 m 0 0 0
0 0 0 Ixx Ix y Ixz

0 0 0 Iy x Iy y Iy z

0 0 0 Izx Izx Izz

 (5.21)
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Figure 5.5: WEC’s coordinate system

where m is the body mass, and Ixx , Iy y and Izz are the roll, pitch and yaw moment
of inertia, respectively

• ξ̈ is the acceleration of the body

• F p describes the force caused by external pressure on the hull device, compris-
ing hydrodynamic and hydrostatic forces. This force may be decomposed into the
hydrostatic restoring force (F hs ), caused by the gravity and buoyancy, and the hy-
drodynamic force (F hd ).

F p = F hs +F hd (5.22)

In turn, the hydrodynamic forces may disjointed in the radiation force (F r ) and
the wave exitation force (F e ). Then:

F hd = F r +F e (5.23)

The radiation force represents the reactive force due to the displacement of water
induced by the forced motion of the body in the absence of an incident wave field.
The exitation force describe the effect of the pressure forces acting on a fixed float-
ing device and can be divided into Froude-Krylov force (F I ), that takes into ac-
count the undisturbed wave velocity potential on the mean wet surface of the
body, and the diffraction force (F D ) that represents the effective disturbance of
the wave field due to the body presence.

F e = F I +F D (5.24)

• F ext represents the external forces. In the present thesis, only the external force of
the PTO is considered. To maintain the linear model, the effects of other external
forces, such as moorings, are neglected due to their second-order effects.

F ext = F PT O +F m (5.25)



5

146 5. WAVE ENERGY CONVERTERS DESCRIPTION

FREQUENCY-DOMAIN MODELS
Following the linear theory and the harmonic assumption about the oscillatory device
motion, the device displacement vector can be decomposed in its spatial and temporal
dependencies through a complex aptitude and a sinusoidal time dependence [299].

ξ(t ) = Re
{∑

ω ξ̂(ω)e−iωt
}

(5.26)

wherêdenotes complex amplitudes. Consequently, the velocity (ξ̇) and the acceleration
(ξ̈) result

ξ̇(t ) = Re
{
iω

∑
ω ξ̂(ω)e−iωt

}
(5.27)

and

ξ̈(t ) = Re
{−ω2 ∑

ω ξ̂(ω)e−iωt
}

(5.28)

Since all forces acting on the floating body can be described by a complex amplitude and
a sisusoidal time term, the Newton’s low in the frequency domain may be written as

−Mω2ξ̂(ω) = F̂ e (ω)+ F̂ r (ω)+ F̂ hs (ω)+ F̂ PT O(ω) (5.29)

HYDRODYNAMIC FORCES

For all but the simplest geometries, analytically solving the boundary conditions de-
scribed in 5.4.1 is not feasible. As a result, numerical methods are typically employed to
analyze floating structures in the presence of ocean waves [282, 283, 284, 285]. Those
numerical methods are based on boundary-integral equation [279, 280, 281], formu-
lated using the Green function [294], that satisfies the linear boundary conditions for
harmonic waves.
To evaluate the pressure over the mean wetted surface, distinct solutions are calculated,
simultaneously for both the diffraction problem, which accounts for the effects of inci-
dent waves on the stationary body, and the radiation problem for each degree of freedom
of the body’s motion. These solutions are then utilized to derive important hydrody-
namic parameters. The potential hydrodynamic forces of the flow are determined by
integrating the dynamic pressure on the mean surface of the wetted body (Sb).
The dynamic pressure described by the linearized Bernoulli equation may be written as

pe =−ρ ∂φ∂t
(5.30)

Therefore, the linear hydrodynamic force on a floating body can be written as

F hd =∫
Sb

pe ndSb =−ρ∫
Sb

∂φ
∂t ndSb (5.31)

Exploiting the decomposition of the velocity potential in the Eq. 5.31, and considering
the Eq. 5.24, F hd becomes

F hd = F e +F r =−ρ∫
Sb

(
∂φI
∂t + ∂φD

∂t + ∂φR
∂t

)
ndSb (5.32)
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Integrating the pressure due to the incident and diffracted potentials the wave excitation
force, i.e. the Foude-Krylov and Diffraction forces, are obtained

F e = F I +F D =−ρ∫
Sb

(
∂φI
∂t + ∂φD

∂t

)
ndSb (5.33)

The complex amplitude of the hydrodynamic forces are

F̂ e = F̂ I + F̂ D = iωρ
∫

Sb

(
φ̂I + φ̂D

)
ndSb (5.34)

By exploiting a 3D panel code such as Nemoh [281], it is possible to calculate the com-
plex coefficients of amplitude for the Froude-Krylov and the Diffraction forces for each
DoF.

The complex amplitude of the radiation force can be obtained from the third inte-
grated term of the last expression of Eq. 5.32

F̂ r =−ω2ρ
∫

Sb
φ̂R ndSb (5.35)

This hydrodynamic force can be also expand in real and imaginary parts:

F̂ r =−iωRξ̂+wX ξ̂ (5.36)

where R corresponds to the real part and is the so-called hydrodynamic damping coeffi-
cient, describing the dissipative effect. Furthermore, the X term describes the imaginary
part, representing the radiation reactance, frequently written asωA, where A is the added
mass coefficient corresponding to an inertial increase due to the water displaced caused
by the body’s motion. Therefore, the hydrodynamic radiation force of a floating device
may be given by

F̂ r =−iωRξ̂+ω2Aξ̂ (5.37)

The first term of Eq. 5.37 is the dissipative phenomenon, proportional to the device
velocity, and the second one is the inertial term, proportional to the device acceleration.

HYDROSTATIC FORCES

The hydrostatic force results from the balance between gravity and buoyancy and may
be calculated integrating the static pressure of the fluid over the wet surface

F̂ hs = ρg
∫

Sb
zndSb (5.38)

Assuming that the amplitudes of the movements of the floating device are small, lin-
earizing the hydrostatic force yields a reasonably accurate approximation. Here, the hy-
drostatic force is proportional to the displacement and therefore its complex amplitude
is described by

F̂ hs =−K f ξ̂ (5.39)

where K f corresponds to the hydrostatic spring stiffness coefficient.
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REACTION FORCES

The reaction forces in the frequency domain for a WEC are essentially represented by
components due to the PTO and the mooring system. The dynamic behavior of the PTO
is non-linear, due to complex control strategies applied to maximize wave energy cap-
ture. However, in the frequency domain, the PTO reaction force must be linearized to
keep the superposition principle valid, expressing it as a linear combination of a com-
ponent proportional to the velocity of the device and a component proportional to the
displacement of the device with respect to its equilibrium position.

F̂ PT O =−iωBPT O ξ̂−K PT O ξ̂ (5.40)

with the BPT O as the damping coefficient, which represents the dissipative effect, and
the K PT O as the stiffness coefficient, which simulates the spring effect. The first term of
the equation represents the dissipative term of the PTO which converts the mechanical
energy of the movement of the device into electrical energy, while the second term is the
elastic one that corresponds to a restoring force which tends to bring the device back to
its original position.

Under the assumption of harmonic motions and incident sinusoidal waves, Newton’s
second law can be reformulated in the frequency domain to accurately describe the dy-
namics of a floating device. This approach simplifies the analysis of WECs by focusing on
the relationship between the oscillatory motion of the device and the sinusoidal nature
of wave forces.

⌊−ω2 (M +A(ω))+ iω (R(ω)+BPT O(ω))+K f +K PT O
⌋
ξ̂(ω) = F̂ e (ω) (5.41)

Accordingly, the complex amplitude of the device motion is

ξ̂(ω) = F̂ e (ω)
−ω2(M+A(ω))+iω(R(ω)+BPT O (ω))+K f +K PT O

(5.42)

From the above relationship, the Response Amplitude Operator (RAO) is evaluated
in a straightforward way.

R AO = ξ
η (5.43)

where ξ is the motion amplitude and the η is the wave amplitude. The RAO represents
the frequency domain transfer function and relates the wave elevation to the floater mo-
tion amplitudes at the ω frequency. It provides valuable insights into the dynamic be-
havior of floating body under wave conditions, aiding in the design and analysis of their
performance.

TIME-DOMAIN MODELS
The Cummins equation [300], introduced for the first time in 1962, has become funda-
mental for understanding and predicting the dynamic behavior of floating bodies un-
der the influence of waves. The equation provides a solid basis for time-domain anal-
ysis, based on the assumption that hydrodynamic interactions can be linearized. This
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premise facilitates the translation of complex physical phenomena into a simpler form.
Within the framework of linear wave theory, assuming small wave steepness and lim-
ited motion of the floater, Cummins equation for the time-domain hydrodynamics of
the floater can be written

(M +A∞)ξ̈(t )+∫t
0 K r (t −τ)ξ̇(τ)dτ+K f ξ(t ) = F wav(t )+F PTO(t ) (5.44)

where

• M describes the mass of the floating body

• A∞ is the added mass at infinite frequency and reflects the additional inertia im-
parted to a floating body by the surrounding fluid, assuming the body’s motion
induces an instantaneous fluid response. It is given by

A∞ = limω→∞ A(ω) (5.45)

where A(ω) corresponds to the frequency-dependent added mass introduced in
5.4.2

• ξ and ξ̈ represent the position and velocity of the body at time t

• K r denotes the Radiation Impulse Response Function (RIRF), also know as mem-
ory function because its capability for capturing the effect of hydrodynamic mem-
ory. This term indicates that the current hydrodynamic forces depend not only on
the present but also on the historical motion of the body.

• K f is the stiffness matrix introduced in 5.39

• F wav is the wave-induced force at time t

• F PTO accounts for PTO force

To quantify the radiation forces (F r ), it is necessary to evaluate the convolution inte-
gral that describes the complex interactions between the motion of the hull and the sur-
rounding fluid [301]. Specifically, the convolution integral for the radiation forces can be
expressed as

F r (t ) =∫t
0 K r (t −τ)ξ̇(τ)dτ (5.46)

Computing the convolution term represents a significant numerical challenge, and re-
placing this convolution term with an equivalent state space model is a technique to
improve computational efficiency. Furthermore, the state space representation is highly
advantageous for numerical simulations and facilitates the formulation of control strate-
gies. The state space model for the convolution integral has the following form{

ζ̇(t ) = Ar ζ(t )+Br ξ(t )
F r (t ) = Cr ζ(t )+Dr ξ(t )

(5.47)

Here,
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• ζ and ζ̇ represent the state vector and the derivative of the state vector over time
t , representing the system’s state evolution approximating the radiation force con-
tributions

• Ar , Br , Cr and Dr are the state space matrices that can be identified following the
well-known Perez and Fossen and approach [301, 302]. This method exploits a
parametric identification of state space matrices in frequency domain.

5.5. WAVE RES PLATFORM
The Wave RES Platform is a web tool designed to aid research and policy-making in as-
sessing wave resources and identifying optimal locations for the installation of renew-
able energy conversion devices. This platform offers downloadable datasets and dia-
grams that are valuable for decision-making and providing an initial estimate of wave
resources and potential energy extraction. Users can download datasets for their analy-
ses, while the diagrams provide immediate summaries of key wave information.
The developed tool maps wave energy resources and evaluates potential WECs by utiliz-
ing key time series available in online public databases, in particular from ERA5 dataset.
The Wave RES Platform supports the energy transition and decarbonization efforts, as
exploiting wave energy resources is highly desirable due to its vast global potential, min-
imal environmental impact, and contribution to a diversified energy mix.
The Wave RES Platform is the first of its kind, designed specifically to facilitate the energy
transition. The current open-access version offers functionalities for analyzing wave re-
sources at any point in European seas and evaluating the productivity of default tech-
nologies provided within the platform. Future commercial versions will include capa-
bilities to study custom devices, perform techno-economic optimization of WEC arrays
over large sea areas, account for maritime space planning constraints, and provide pro-
ductivity analyzes certified by independent third parties. Additionally, a common mar-
ket feature will match supply and demand.
The current version of the Wave RES Platform is the result of a successful collabora-
tion between two research groups at the Plotecnico di Torino: the MOREnergy Lab (Ma-
rine Offshore Renewable Energy Lab) [303] and the EST (Energy Security Transition) Lab
[304]. The web implementation was developed in partnership with GDP Analytics [305].

5.5.1. WAVE RES DATASET

WAVE, BATHYMETRY AND HUMAN ACTIVITIES DATASET

The hourly significant wave height, the energy period and the mean direction have been
acquired by the ECMWF portal, from the ERA5 dataset [175], while the bathymetric data
are obtained from EMODnet [248]. Additionally, information on various human activi-
ties is acquired from EMODnet Human Activities [306]. Specifically, the acquired infor-
mation includes:

• Environment: Nationally designated areas and Natura 2000 sites [307]

• Military Areas
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• Oil and Gas: Active licenses, drilled sites, and offshore installations

• Shipping Density: Vessel density data

• Area Management/Designation: Exclusive Economic Zones (EEZs)

• Ocean Energy Facilities: Project locations and test sites

• Wind Farms

• Major Ports

This comprehensive dataset ensures a thorough analysis of the region’s marine environ-
ment, aiding in various research and policy-making efforts.

WEC PORTFOLIO
The RES platform includes power matrices for existing technologies that are freely avail-
able in the literature. They are Oyster [308], Pelamis [270] and Seawave Slot-Cone Gen-
erator [309]. Additionally, the MOREnergy Lab team conducted specific analyzes to pro-
vide power matrices for two hypothetical wave energy converters: a point absorber and
an oscillating wave energy converter. The point absorber employs constrained optimal
control, while the oscillating wave energy converter utilizes reactive control with dis-
placement constraints. The productivity assessment for each marine state is carried out
using a stochastic approach for irregular waves.

The devices portfolio represent a broad spectrum of WEC types available interna-
tionally. Notably, the Notional Heaving Buoy is an omnidirectional device capable of
generating energy from wave motion regardless of the direction of the incoming waves.
In contrast, the other devices are direction-sensitive WECs, meaning their efficiency
varies with the direction of the wave front.
Another significant difference between the WECs included in the platform is the pre-
ferred depth ranges for their installation. The Oscillating Surge Wave Energy Converter
and the Onshore Oscillating Water Column are both designed for shallow water areas,
typically close to the shore. The other devices, however, are intended for greater depths.

This comprehensive platform provides a valuable resource for evaluating and com-
paring the productivity of different wave energy converters, taking into account various
marine states and device-specific characteristics. By offering power matrices and con-
sidering the unique attributes of each WEC type, the RES platform supports informed
decision-making in the development and optimization of wave energy projects.

5.5.2. TOOL FEATURES
Policymakers, researchers, planners and investors can leverage the Wave RES platform
to evaluate wave characteristics at specific sites, compare wave resources at various lo-
cations, and identify optimal areas to develop a detailed analysis. Furthermore, the plat-
form helps in the preliminary selection of the most suitable device technology.
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Figure 5.6: Operational diagram for the Wave RES Platform

The Wave RES platform is designed to be versatile and easy to use, effectively support-
ing user choices. The interactive map, which allows users to visualize marine areas, is
characterized by a color scale that provides information on the trend of the depth of the
seabed. This feature allows users to select sites based on depth, a critical factor in choos-
ing the appropriate WEC and estimating construction costs. Once a site is selected, users
can view representative graphs of wave characteristics and download hourly time series
data for each parameter.
For productivity evaluation, users can choose between different WECs, taking into ac-
count site or sea area characteristics that optimize WEC performance. This compre-
hensive approach ensures that the platform supports informed decision-making in the
development and implementation of wave energy projects.
The operational diagram is illustrated in Fig. 5.6.

The Wave RES Platform integrates information on waves, bathymetry, and human
activities for several regions including the Mediterranean Sea, Black Sea, Sea of Azov,
North Atlantic Ocean, Irish Sea, North Sea, Southern Baltic Sea, and Sea of Norway, as
illustrated in Fig. 5.7.

The platform allows users to do the following:

1. View support layers for site selection:

• Bathymetry of marine areas available for analysis

• Significant average wave height

• Nationally designated areas
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Figure 5.7: Wave RES platform overview [310]

• Natura 2000 sites

• Military zones

• Oil and gas facilities, including active licenses, wells and offshore installa-
tions

• Shipping density

• Exclusive Economic Zones (EEZs)

• Ocean energy facilities, including project locations and test sites

• Wind farms

• Ports

2. Choose a site of interest and view its seabed depth along with the corresponding
latitude and longitude.

3. View wave climate characteristics by obtaining graphical representations of wave
climate characteristics at the selected site. Available graphs for synthetic wave pa-
rameters and instantaneous average power include:

• Probability distribution

• Interannual and intraannual variability

• Rose diagram of instantaneous average power

• Scatterplots of wave events

• Wave energy

These graphs can be adapted to different time scales such as annual averages,
monthly averages, interannual variability and hourly profiles.
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4. Carry out the calculation of the productivity of the WECs included in the platform’s
technological database.

This comprehensive suite of WECs supports detailed site analysis and decision making
for wave energy projects, ensuring users have access to actionable data for marine en-
ergy infrastructure planning.

5.5.3. WAVE ENERGY RESOURCE
The evaluation of wave energy resources is based on several algorithms that utilize syn-
thetic wave parameters. Each algorithm generates a figure that summarizes the main
results. Once the site of interest is selected, the wave resource analysis is conducted us-
ing 10 years of wave data.
The graphical interface allows the display of the following graphs:

• Probability Distribution of Power, Wave Height, and Energy Period: This graph
shows the probability distribution of the selected parameter, highlighting which
values occur most frequently and are therefore the most probable.

• Monthly Variability of Power, Wave Height, and Energy Period: Users can view
the monthly variability of the parameter of interest, including the 5th and 95th
percentiles and the average value. The graph also identifies the maximum value
for each month.

• Annual Variability of Power, Wave Height, and Energy Period: This graph dis-
plays the annual variability of the parameter of interest, providing the 5th and
95th percentiles and the average value. It also identifies the maximum value for
each year.

• Monthly Variability of the Wave Energy Resource: This graph provides informa-
tion by considering the minimum, average, and maximum values of the wave en-
ergy resource for each month over the reference period. The minimum value cor-
responds to the month with the lowest energy in a given year, the maximum value
is calculated similarly, and the average value represents the mean energy for the
month across the 10-year analysis period.

• Annual Variability of the Wave Energy Resource: This graph allows users to iden-
tify the most energetic years and the variability recorded over the 10-year period.

• Power Rose: Since some devices are direction-sensitive, the power rose graph
shows the direction in which the maximum wave power is concentrated, similar
to a wave rose.

• Occurrence Matrix: This matrix identifies the most frequent sea states by showing
the most common wave height-energy period pairs. It also provides the probabil-
ity distribution of significant wave height and energy period separately.

• Power Matrix: This graph represents the potentially extractable power per meter
of wave. It is obtained by multiplying the average power of each marine state by
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the occurrence matrix, considering the probability of a specific significant wave
height-energy period pair occurring, which determines a certain wave power.

These comprehensive graphical representations help users to thoroughly analyze and
understand the wave energy resources at a given site, facilitating informed decision-
making for wave energy projects.

5.5.4. WEC’S PRODUCTIVITY
After selecting the site and analyzing the resource, the user can proceed with the pro-
ductivity estimation analysis. This involves displaying the section for device selection.
The portal presents various technologies in a table enriched with helpful information,
such as direction sensitivity, the number of parameters describing different possible
configurations, minimum and maximum optimal installation depths, as well as descrip-
tions of the devices and relevant literature references.
Once a device is chosen, the user can save the project and view the productivity results
through the following graphs:

• Hourly Variability of Energy Production: This graph shows the hourly variability
of the energy produced by the selected device based on the wave conditions at the
identified site.

• Monthly Variability of Energy Production: This graph displays the monthly vari-
ability of the energy produced by the chosen device, highlighting the minimum,
average, and maximum values for each reference month in relation to the wave
conditions at the site.

• Annual Variability of Energy Production: This graph illustrates the annual vari-
ability of the energy produced by the selected device, referencing the wave condi-
tions at the identified site.

• WEC Power Rose: The power rose graph indicates the power produced relative to
specific wave directions. Depending on the device and its power matrix, there are
three cases:

– Non-sensitive device: The device produces energy uniformly regardless of
wave direction. The power matrix for such devices does not depend on wave
direction and applies to every direction. In the current platform version, only
the hypothetical point absorber falls into this category.

– Direction-sensitive device with directional efficiency: The energy conversion
efficiency varies with wave direction. A different power matrix is provided for
each incidence angle relative to the device’s operation direction. The power
rose shows power production in all directions, aligning the device with the
direction of maximum wave power. In the current platform version, only the
hypothetical oscillating wave energy converter fits this category.

– Direction-sensitive device without directional efficiency: The power matrix is
provided only for the main operating direction of the device, assuming no
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production in other directions. The power rose shows power production
only in the direction of maximum wave power. WEC Energy Production: This
graph represents the average annual energy produced for each sea state, de-
fined by significant wave height and energy period pairs.

• WEC Power Device Matrix: The user can view the device’s power matrix for each
sea state.

This comprehensive set of tools and visualizations enables users to effectively evaluate
the productivity of different wave energy converters based on site-specific wave condi-
tions, facilitating informed decision-making for wave energy projects.

5.6. DICUSSION

T HE chapter focuses on the various types of WECs and their main characteristics, pro-
viding a comprehensive overview of their classification, evolution, and modeling.

The discussion explores how WECs can be classified based on operating principles, wave
absorption direction, location, and energy conversion systems. Additionally, it high-
lights the significant progress made in the field of hydrodynamic modeling, emphasizing
the importance of hydrodynamic models, especially those based on flow potential the-
ory, in describing the interaction between waves and the device body.
The chapter also introduces the Wave RES (Resource Evaluation System) platform, de-
signed to support the analysis of wave energy resources and evaluate the productivity
of a portfolio of WECs. This platform offers various tools and visualizations that assist
users in assessing the energy potential and productivity of different WECs at specific
sites. Notably, it helps users evaluate the wave resource and identify the best installation
sites for a WEC by providing multiple layers of information on the analyzed sea area. For
example, the bathymetric layer allows users to define a site of interest characterized by
the depth suitable for the installation of the WEC, while the ship density layer suggests
sea areas with lower social and usage conflicts. This unique tool aims to support marine
stakeholders in the initial decision-making stages.

5.7. CONCLUSION

T HE chapter provided an overview of the various types of WECs, exploring their clas-
sification, evolution, and modeling. The discussion highlighted how WECs can be

classified based on their operating principles, wave absorption direction, location, and
energy conversion systems. A key point of this classification is identifying the sensitivity
of WECs to the angle of wave incidence. This not only indicates the category to which a
device belongs but also underscores the close correlation between the energy produced
and the distribution of wave energy across different directions.

A significant contribution of this chapter is the introduction of the Wave RES (Re-
source Evaluation System) platform. This platform is designed to support the analysis
of wave energy resources and evaluate the productivity of a portfolio of WECs, consid-
ering both publicly available power matrix devices and hypothetical devices. By doing
so, a profile of WECs has been created, allowing for the calculation of their productiv-
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ity at specific sites over time, thus enhancing the planning and implementation of wave
energy technologies.





6
PEWEC MODELLING

6.1. INTRODUCTION

T HIS thesis aims to evaluate the performance errors of the PeWEC (Pendulum Wave
Energy Converter) in relation to the modeling used to describe sea states. Sea waves

are frequently characterized by the superposition of wind and wave motion, creating a
complex and varied marine environment. Several studies [49, 50] have found that the
probability of encountering bimodal spectra in the North Sea varies between 10% and
30%. However, this frequency can be higher depending on specific sea conditions and
measurement locations. For example, in the case study of Pantelleria, this probability
increases heavily, with an average annual probability of around 93%. The remaining per-
centage mainly involves waves characterized by three or four simultaneous sea states. In
other words, the analysis of the wave resource in Pantelleria reveals that uni-modal sea
states are rare. This highlights the complexity and variability of the marine environment
in that region, emphasizing the need for performance and design analysis that takes into
account the different distribution of energy with respect to the direction of the different
wave components. Even in the absence of such superposition, wave energy is not dis-
tributed uniformly in a single direction. Instead, around the average direction, there is
an energy distribution that can be more or less accentuated, described by the directional
spreading parameter. For devices sensitive to the direction of the waves, this distribution
of energy leads to a reduction in energy conversion efficiency. Assuming that the average
direction of the waves coincides with the operating direction of the device, it is observed
that not all wave components impact the device along this direction, thereby influencing
the overall efficiency of the system. The PeWEC is particularly sensitive to the direction
from which the waves arrive, as its energy conversion relies on the pitching movement
induced by the wave impacts on the hull. This sensitivity makes the accurate modeling
of wave directionality critical for optimizing performance.
Unfortunately, the extractable wave energy is only a fraction of the wave energy power
and depends on the performance of PeWEC. Additionally, both potential wave power
and the extractable energy by the device are difficult to evaluate due to the interaction
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between wind, sea surface, waves, and devices, which can lead to computational errors.
Therefore, accurate sea characterization is critical to reducing uncertainty.

6.2. PEWEC WORKING PRINCILES

T HE PeWEC device is a floating wave energy converter that utilizes the rotary motion
of a pendulum within its hull [272]. It primarily consists of a floating hull anchored

to the seabed through a mooring system and a pendulum connected to the shaft of an
electric generator. Crucially, the generator shaft acts as the hinge of the pendulum, and
together with the electric generator and all other equipment, is housed within the hull.
This design protects the components from the corrosive action of seawater and ensures
enhanced durability.
The inception of this project in 2014, funded by the Italian Government through the
ENEA-MiSE 2015 Program Agreement, marked a collaborative effort between ENEA (Ital-
ian National Agency for new technologies, energy, and sustainable economic develop-
ment) and the research group at the Polytechnic of Turin [272].

The operational principle of PeWEC relies on the pitch motion induced by wave ac-
tion. Assuming the hull and pendulum are initially at rest, the arrival of waves prompts
the hull to move in surge, heave, and pitch directions. As the hull moves, the integrated
pendulum hinge shifts in space, inducing pendulum oscillations. The energy extraction
is enabled by the relative rotation of the pendulum with respect to the hull, which drives
the shaft of the electric generator. This is accomplished by damping the pendulum’s ro-
tations through the electric generator, which is controlled to function as a rotary damper
connected to the pendulum [311].

The concept of converting wave energy through the relative rotation of a pendulum
was previously explored [312]. Similarly, the SEAREV device, developed by Clément at
the LHEEA Laboratory ( for the oceanic site of the Isle of Yeu, in France [313, 314], fea-
tures a sealed floating hull that contains a controlled pendulum to generate electricity.
However, a unique aspect of PeWEC lies in its design and optimization specifically for
the wave climate of the Mediterranean Sea.
Another distinctive feature of the PeWEC is its capability to extract energy without re-
quiring initial power to start its energy conversion process. This characteristic allows it
to be classified as a passive device [315], highlighting its efficiency and sustainability in
energy utilization.

6.2.1. PEWEC REFERENCE SYSTEM
Fig. 6.1 provides a simplified two-dimensions representation of the device and the adopted
reference system.

• G corresponds to the Center of Gravity (COG) of the system

• A is the position of the hinge of the pendulum

• P describes the center of gravity of the pendulum’s mass
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Figure 6.1: The reference frames of PeWEC [311]

• l represents the length of the pendulum

• d is the distance between A and G

• δ is pitch motion around y axis

• ϵ represents the angular coordinate of relative motion between the hull and the
inner pendulum

• O-x y z corresponds to the right-handed fixed reference system with origin O

• G-x1 y1z1 is the right reference system of the device having an origin coinciding
with its center of gravity G

• A-x2 y2z2 represents the right reference system of the mass of the moving pendu-
lum with origin coinciding with its center of rotation A.

Specifically, the x-axis is aligned with the operational orientation of the device. Un-
der these circumstances, the most favorable condition occurs when waves arrive along
the x-axis. In this scenario, the positive direction of the x-axis aligns with the wave prop-
agation. The z-axis is defined as vertical, with its positive direction extending from the
bottom upwards, while the direction and orientation of the y-axis are defined according
to the right-hand rule. The same orientation is assumed for the x1, y1, z1, and x2, y2, z2

axes.
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Figure 6.2: PeWEC profile on the x∪z plane [316]

A crucial aspect of PeWEC operation is that the pendulum does not exchange forces
along the y-axis. Consequently, only the surge movement (x1), the heave (z1), the pitch-
ing (δ) of the hull around the y axis are analysed, as well as the relative motion between
the hull and the pendulum. (ϵ).
Regarding the possibility of the device to orient itself with respect to the direction of the
dominant wave, two cases are brought forward. One concerns the hypothesis that the
device is able to orient itself with respect to the direction of the dominant wave. The
other analyzes the performance of the device by assuming a fixed orientation, indepen-
dent of the direction of arrival of the waves. The design of the anchoring system, not
discussed in this thesis, can actually allow or prevent rotation. A consequence of the
alignment of the device is the possibility of maximizing the power extracted, a partic-
ularly significant advantage in sites where the direction of the waves varies throughout
the year.

The PeWEC’s hull is designed in steel, a standard material in naval carpentry. The
walls of the hull can be thought of as thin plates having the profile in the x - y plane
given in Fig. 6.2. The profile of the hull is defined using simple parametrized curves.
These parameters have undergone a rigorous optimization process. As a result of this
optimization, the hull’s profile was parametrized using a singular circular arc [317]. The
cross-section of the hull, on the other hand, remains constant throughout. Regarding
the pendulum, it consists of a cylindrical body with its main axis oriented parallel to the
y-axis. The Tab. 6.1 summarizes the main parameters of the PeWEC.

6.3. PEWEC DYNAMIC EQUATION

T HE dynamics of the wave-device system depends on several phenomena with the in-
teraction of the waves, the buoyancy, the mooring system and the pendulum. In this
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Table 6.1: Floater and pendolum parameters

Parameter Symbol Unit Value

Floating

Equivalent radius Req m 7.4

Radius R1 m 7.4

Lenght L m 14.8

Width W m 22.5

Draft D m 4.8

Tangency angle α deg 90

Mass mb kg 1.12E+06

Pitch moment of
inertia

Iy y kg m2 2.99E+07

Pendulum

Mass mp kg 7.17E+04

Lenght l m 2.4

Inertia Iy kg m2 5.11E+03

Hinge-hull COG
distance

d m 2.44

study, a linear time domain model is used, which is generally valid within the operating
regime of the device [277]. Moreover, the validity of the linearized model was confirmed
through an experimental campaign [21], establishing its accuracy and suitability for ad-
dressing comprehensive design optimization challenges [283].
However, it is crucial to highlight that this linear assumption is mainly maintained only
in the initial stages of device design. As the design progresses to more advanced stages,
it becomes critical to account for nonlinear interactions to more accurately predict the
device’s response to incident waves.

The key premise for linearizing the equations is the assumption that the pitching
and swinging motions of the pendulum about their equilibrium position are sufficiently
small. Under these idealized conditions, the matrix of the inertial actions of the system
(M) and the restoring matrix (Kp ) read

Ms =


mp +mb 0 mp (d − l ) −mp l

0 mp +mb 0 0
mp (d − l ) 0 Ib + Iy +mp (d − l )2 Iy +mp l 2 −mp dl
−mp l 0 Iy +mp l 2 −mp dl Iy +mp l 2

 (6.1)
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Kp =


0 0 0 0
0 0 0 0
0 0 −mp g (d − l ) mp g l
0 0 mp g l mp g l

 (6.2)

Tϵ = c ϵ̇ (6.3)

For a stationary floating body, the excitation force can be computed by integrating
pressure over its submerged surface. However, for a non-stationary body like a PeWEC,
this determination is more complex. Integrating pressure over the submerged hull sur-
face yields a force that encompasses not only the excitation force but also other hydrody-
namic forces [318]. The excitation force is determined based on wave elevations and the
excitation force coefficient. The procedure to derive these coefficients relies on NEMOH
[281], a Boundary Element Method (BEM) code. NEMOH utilizes the device’s geome-
try to create a mesh of the hull and calculates hydrodynamic coefficients such as added
mass, radiation damping, and wave excitation force coefficients. Operating in the fre-
quency domain based on linear free surface potential theory, NEMOH assumes condi-
tions of incompressibility, irrotationality, and negligible fluid viscosity, consistent with
the assumptions made in this thesis. The time evolution of the wave excitation force is
determined by combining the complex wave force coefficients obtained from NEMOH
with the amplitudes and phases of the free surface elevation.

6.3.1. WAVE EXCITATION FORCE
This thesis evaluates the performance error of the PeWEC under the assumption of monodi-
rectional wave conditions compared to multidirectional sea states. Although real waves
are undeniably directional, monodirectional waves are traditionally modeled and used
in literature due to their simplicity. This study quantifies and analyzes the error pro-
duced by this overly simplistic representation of sea states.
Initially, the irregular sea conditions are described using both monodirectional and mul-
tidirectional spectra. Subsequently, the representation of free surface elevation is de-
tailed, and the numerical model used is introduced. T The device’s motions are exam-
ined in response to the wave characteristics at Pantelleria Island. The Deterministic Am-
plitude Scheme (DAS) method is utilized to calculate the components of the directional
sea elevation [319].
The free surface elevation can be well approximated by a combination of periodic wave
components, each with its own amplitude, phase, angular frequency, and direction[320].
Several methods exist to define the individual wave components, differing primarily in
how the spectra are discretized [321]. In this study, the wave spectrum is discretized us-
ing the arithmetic progression method for frequencies and the equal energy method for
directions. According to this methodology, wave components are characterized by dif-
ferent, equally spaced angular frequencies, and the different directions are defined by
considering equal amounts of spectral energy between intervals.
Each frequency is paired with one of the discrete directions, which must be randomly
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assigned an equal number of times. To ensure correct energy distribution over different
directions, each direction should be repeated equitably. Assuming Nω as the number of
frequency discretizations and Nθ as the number of directional discretizations, each di-
rection is used Nω/ Nθtimes. Therefore, the ratio between Nω and Nθ must be an integer
value; in this case, it is taken as 1, with 700 frequencies and 700 directions analyzed. This
choice derives from the complex sea states at Pantelleria, characterized by a predomi-
nance of bi-modal waves. This ensures that both the frequency and directional spectra
are well discretized, providing an accurate determination of wave components.
Figure 6.3 illustrates an example of the discretization of the directional spectrum D(ω)
with respect to the directions ω. In the figure, 31 Nω discretizations are used, and as
observed, ∆ω is smaller in the more energetic areas requiring higher resolution.

Figure 6.3: Directional distribution discretization using the equal energy method

Finally, the sea surface elevation at a specific point (x, y) and time t is represented as
the sum of the Nω wave components. Using the described method, the summation is
performed over frequencies only. Here, Am denotes the wave component’s amplitude,
km represents the wave number, and x,y ,and t indicate the particular location and time.
Eq. 6.5 describes the sea surface elevation at a given time t and at a given location (x, y)

η(x, y, t ) = Re
Nω∑

m=1
am e i [km x cos(θm )+km y sin(θm )−ωm t+ϕm ] (6.4)

where ∆ω corresponds to the density spectrum frequency resolution.
To statistically represent the interaction between waves and the device, the simulation
duration must be adequately long [322]. Alternatively, multiple shorter simulations can
be performed, and the final result can be obtained by averaging the outcomes of these
different realizations. Based on the results presented in reference to PeWEC in [323], only
one realization having Tsi m=1800 s with a timestep of ∆t=0.05 s provide good results.

Considering the complex wave force coefficients along with the amplitudes and phases
of a specific free surface elevation, the time history of the irregular wave force acting on
the PeWEC has been evaluated.

FW i (t ) = Re
Nω∑

m=1

∣∣ fW im

∣∣ame i [km x cos(θm )+km y sin(θm )−ωm t+ϕm+∠ fW im ] (6.5)

where fW i j represents the coefficients of the complex wave force obtained by NEMOH

and i is the i th degrees of freedom.
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6.3.2. PEWEC RAOS
Response amplitude operators (RAOs) are crucial metrics in the design and analysis of
Wave Energy Converters (WECs). Their expression, provided by Eq. 5.43, describes the
dynamic response of WECs to incoming waves, offering insights into how the device be-
haves under various wave conditions. Specifically, RAOs quantify the relationship be-
tween the movement of the device and the characteristics of the incoming waves. They
depend on the frequency of the incoming waves, which is essential for understanding
the WEC’s response to different frequency wave spectra, that is, the distribution of wave
energy with respect to frequency. Additionally, analyzing the dependence on the wave
direction relative to the device’s orientation by varying the incidence angle of the incom-
ing waves is fundamental for devices sensitive to wave direction, such as terminators
and attenuators.
The RAOs of the device for the degrees of freedom of interest, namely pitch, surge, and
heave, are analyzed as a function of frequency and varying the angle of incidence of the
forcing relative to the hull. The incidence angle of the forcing varies between 0◦ and 90◦.
In particular, due to the symmetry of the device, angles of incidence greater than 90◦ are
equivalent to an angle of incidence of 90◦ minus the specific angle.

The trend of the different RAOs as a function of the angle of incidence shows that the
response of the PeWEC varies significantly with the angle of incidence of the waves. In
particular, the RAO for pitch peaks around 1.04 rad/s, similar to the surge RAO, as shown
in Fig. 6.4. The RAO for pitch has a very pronounced peak, consistent with the resonant
frequency observed in surge. The RAO amplitude in pitch decreases significantly with in-
creasing angle of incidence, indicating that the rotational component is highly sensitive
to wave direction. The resonance in both the pitch and surge degrees of freedom at this
frequency is due to the excitation of the pendulum’s swinging motion by both degrees of
freedom.

Figure 6.4: RAOδ of the pitch angle of the PeWEC

The surge response presents a significant peak around 1.04 rad/s for all incidence
angles, indicating a common resonance frequency (Figure 6.5). This peak is critical for
optimizing the WEC’s energy capture. However, the peak amplitude gradually decreases
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with increasing angle of incidence, suggesting that the energy capture efficiency dimin-
ishes when the waves do not come directly from the frontal direction (0◦), and vanishes
at an angle of 90◦.

Figure 6.5: RAOx of the surge of the PeWEC

The RAO for heave, shown in Fig. 6.6, represents the vertical motion of the device.
The heave response is also frequency-dependent and varies with the angle of incidence.
The graph shows that the heave RAO maintains high values at lower frequencies, gradu-
ally decreasing as the frequency increases. This pattern indicates the device’s effective-
ness in capturing energy from waves of different periods. Similarly, the amplitude of the
RAO in heave tends to reduce with increasing angle of incidence, although to a lesser
extent than the response in surge and pitch.

Figure 6.6: RAOz of the heave of the PeWEC

Overall, the trend of RAOs as a function of angle of incidence indicates that the PeWEC
is more efficient at capturing energy when waves come from angles of incidence close to
0◦, with efficiency decreasing as the angle of incidence increases.



6

168 6. PEWEC MODELLING

6.3.3. PEWEC PERFORMANCE
Different wave scenarios are analyzed to evaluate how the PeWEC responds to varying
wave incidence angles. Furthermore, the assumptions of monodirectional and multidi-
rectional waves are considered to quantify the error associated with simplified represen-
tations of sea conditions.
The analysis is conducted with a significant wave height of 3 m and an energy period of
7 s. The JONSWAP spectrum is used to model the frequency spectrum, while different
directional spectra are reconstructed by varying the directional spreading and using the
formulation proposed by Mitsuyasu.

Since the JONSWAP spectrum requires significant wave height and peak period, the
empirical relationship suggested by the International Towing Tank Conference (ITTC)
[324] is applied to calculate the peak period from the energy period.

Tp = Te

0.8255+0.03852γ−0.005537γ2 +0.0003154γ3 (6.6)

with

γ=



5 for
Tpp
Hs

≤ 3.6

exp
(
5.75−1.15

Tpp
Hs

)
for 3.6 < Tpp

Hs
< 5

1 for 5 ≤ Tpp
Hs

(6.7)

Regarding the directional spreading values, these are chosen to reproduce both wind
waves and swell waves. By increasing the directional spreading value, the density spec-
trum corresponds to swell waves, characterized by a distribution tending towards monodi-
rectionality. Conversely, by reducing directional spreading, the spectrum describes wind
waves, which are highly multidirectional. The minimum directional spreading is set at
5◦, while the maximum is set at 85◦, considering that according to [325], the range for
wind waves is around 10◦, while for swell waves it is 75◦. Intermediate values represent
a transition between wind waves and swells.
Fig. 6.7a shows the JONSWAP spectrum based on the established synthetic wave pa-
rameters, while Fig. 6.7b compares the different trends of the directional spectrum,
highlighting the variation in energy distribution around the average direction. Once the
properties of the various density spectra have been defined, the coefficients of the wave
components are combined with the coefficients of the excitation forces, and the power
of the PeWEC is subsequently determined.

Fig. 6.8 and 6.9 show the PeWEC performance under monodirectional and multidi-
rectional waves, respectively, with respect to different angles of incidence and varying
directional spreading.

In Fig. 6.8, it is evident that the PeWEC’s performance remains constant across dif-
ferent spreading values under monodirectional wave conditions. This outcome is due to
the fact that only the frequency spectrum is used to determine the excitation forces and
calculate the power extracted from the PeWEC. The power output is highest when the
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(a) Power computed from 2D wind wave and swell spectra
compared with power computed from 1D wind wave and
swell spectra

(b) Power computed from 2D wind wave and swell spectra
compared with power computed from 2D wind wave and
swell spectra obtained from 1D spectra

Figure 6.7: Comparison of the scatter plot of power obtained from wind wave and swell spectra with and with-
out using linear calibration

Figure 6.8: PeWEC performance under monodirectional waves with respect to different angles of incidence of
the waves with respect to the orientation of the device

Figure 6.9: PeWEC performance under multidirectional waves with respect to different angles of incidence of
the waves with respect to the orientation of the device

waves come from an incidence angle of 0◦, and it gradually decreases as the angle of in-
cidence increases. Notably, the power output at 90◦ is zero. This trend indicates that the
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Figure 6.10: PeWEC performance comparison under monodirectional and multidirectional waves with respect
to different angles of incidence of the waves with respect to the orientation of the device

device is most efficient when waves approach directly from the front and least efficient
when waves come from the side. This result aligns with predictions and provides a clear
overview of the reduction in performance as a function of the angle of attack.
In contrast, Fig. 6.9 illustrates the PeWEC’s performance under multidirectional wave
conditions. Here, the power output shows a different pattern. As the directional spread-
ing increases, the power output also increases for all angles of incidence. This result is
due to the fact that, as the directional spreading value increases, the directional spec-
trum tends to become increasingly narrower. The power output is highest at an inci-
dence angle of 0◦ and decreases progressively with larger angles, similar to the monodi-
rectional case. However, the multidirectional scenario demonstrates a more pronounced
increase in power output with small spreading values, suggesting that the device can
capture more energy from waves coming from the same directions. Overall, these re-
sults highlight the influence of wave directionality and spreading on the PeWEC’s per-
formance. The device performs best with waves approaching directly from the front
(0◦) and under conditions with smaller directional spreading, which allows it to cap-
ture more wave energy. Conversely, the performance diminishes with increasing angles
of incidence and higher spreading values.

A comparison between monodirectional and multidirectional cases is conducted to
quantify the error induced by assuming waves are monodirectional. Figure 6.10 illus-
trates the PeWEC performance under monodirectional (1D) and multidirectional (2D)
waves, considering different angles of wave incidence relative to the device orientation
and varying the directional spreading value.

For an incidence angle of 0◦, the power output is highest for both 1D and 2D analyses.
However, the power output for 2D waves is generally lower than for 1D waves, suggest-
ing that while the PeWEC performs efficiently with direct wave approach (0◦), it captures
slightly less energy when wave directionality is considered in the multidirectional anal-
ysis.
At an incidence angle of 15◦, a similar pattern is observed. The 1D analysis shows a con-
stant power output across all spreading values, while the 2D analysis shows an increasing
power output as the spreading value increases. Despite the increase, the 2D power out-
put remains lower than the 1D output, highlighting the impact of directional spreading
on energy capture efficiency.
As the incidence angle increases to 30◦, 45◦, 60◦, 75◦, and 90◦, the differences between
1D and 2D analyses become more pronounced and follow a different trend. At 30◦ and
for directional spreading above 53◦, the power of the PeWEC in the 2D spectrum exceeds
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that of the 1D spectrum. This result is due to the assumption that energy dispersion in
different directions reduces the angle of incidence for some wave components, increas-
ing the excitation force components and moving more effectively on the device.
With an incidence angle of 45◦, the power delivered in the 2D analysis shows a slightly ac-
centuated parabolic trend as the directional spreading varies, higher than that in the 1D
output. This highlights the impact of directional diffusion on energy capture, as PeWEC
is most efficient in multidirectional waves with a peak wave incidence angle of 45◦.
For incidence angles of 60◦ and 75◦, the power output in the 1D analysis decreases fur-
ther while the power output based on the 2D analysis remains gradually higher.
Finally, at a 90◦ incidence angle, the 1D output power is zero, indicating that no energy
is captured from waves coming directly from the side. Conversely, the 2D output power
shows a significant decrease as directional spreading increases, with wave components
increasingly tending to align in the same direction. For low directional spreading val-
ues, the energy distribution across directions is more pronounced, directing a greater
number of wave components with a lower angle of incidence.

These results highlight the importance of considering directional spreading to use
the directional frequency spectrum effectively and evaluate the impact of energy distri-
bution across different directions.

6.4. DICUSSION

T HE chapter focuses on the modeling of the Pendulum Wave Energy Converter (PeWEC),
a device specifically developed for the conversion of Mediterranean wave energy. It

provides a detailed description of the PeWEC’s operating principles, highlighting how its
unique design exploits wave-induced pendulum motion to generate power. This inno-
vative approach allows the PeWEC to efficiently absorb wave energy while keeping all
mechanical components safely enclosed within the hull.
A crucial aspect of the chapter is the investigation of various scenarios to evaluate the
performance of the PeWEC under different wave conditions. The analysis includes both
monodirectional and multidirectional assumptions, considering various angles of wave
incidence. This section underscores the importance of accounting for multidirectional
sea conditions in the design of wave energy converters (WECs). The discussion reveals
that monodirectional modeling can yield significantly different results compared to those
obtained under multidirectional assumptions, emphasizing the need for comprehensive
modeling to ensure accurate performance predictions.

6.5. CONCLUSION

T HE chapter analyzes the RAOs of the PeWEC under different wave angles of inci-
dence, which is critical for understanding how the PeWEC responds to incoming

wave frequencies and directions. This study examines the RAOs by simulating various
wave conditions and observing the resulting response of the PeWEC. The analysis fo-
cuses on the three primary degrees of freedom—surge, heave, and pitch—highlighting
how each mode of motion is influenced by wave interactions. The results emphasize the
importance of accurately modeling these responses to predict the PeWEC’s behavior in



6

172 6. PEWEC MODELLING

real sea conditions and under different wave directions.
Additionally, the performance evaluation of the PeWEC under different wave conditions
is conducted. This evaluation involves simulating the PeWEC under both monodirec-
tional and multidirectional waves. The results demonstrate the device’s energy absorp-
tion efficiency and highlight the differences in performance when considering multi-
directional sea states. This section underscores the critical nature of multidirectional
modeling, showing that neglecting wave directionality can lead to inaccurate perfor-
mance predictions. In particular, it can be observed that as the angle of incidence of the
wave on the hull increases, the performance of the PeWEC, as determined by monodi-
rectional analysis, decreases rapidly. Conversely, the analysis based on multidirectional
waves suggests a less abrupt decline in performance. This result not only highlights the
inaccuracies induced by monodirectional analysis but also demonstrates the advantages
of using a multidirectional approach when the wave incidence angle relative to the ori-
entation of the PeWEC is not zero. The distribution of wave energy across different direc-
tions ensures that some wave components effectively hit the device, thereby enhancing
its performance.
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7
INTRODUCTION

7.1. INTRODUCTION

V ARIOUS analyses are conducted to understand the response of the PeWEC device un-
der different wave conditions and various methodologies used for wave modeling. A

common hypothesis across all analyses is that the orientation of the PeWEC varies in ac-
cordance with the peak direction of the waves. Specifically, it is assumed that the PeWEC
is always oriented parallel to the peak direction of the waves impacting the hull. This
property can be achieved through the appropriate design of the hull and mooring line
[326].
In general, the response of the PeWEC is evaluated using both monodirectional and mul-
tidirectional spectra in order to identify the error induced by the 1D assumption under
different conditions. Moreover, some analyzes are based on synthetic parameters, from
which the spectrum is reconstructed. In particular, the JONSWAP [126] spectrum is used
for the reconstruction of the frequency spectrum, while the directional spectrum is re-
constructed using the formulation proposed by Mitsuyasu [60]. Other analyzes are based
on the spectrum directly provided by the SWAN model. The main difference between
these two cases is inherent in the intrinsic assumption of uni-modal and multi-modal
sea states. In particular, the reconstruction of the spectrum from the synthetic parame-
ters induces an assumption of uni-modal wave conditions while the use of the spectrum
directly provided by SWAN allows to investigate the PeWEC response even when differ-
ent sea states are coexisting.

7.2. PEWEC PERFORMANCE INVESTIGATIONS

V ARIOUS studies are carried out to highlight the complexity of WEC performance as-
sessments and to undermine some techniques commonly used but characterized

by intrinsic assumptions errors. First, the comparison of the PeWEC performance on
the sole basis of the data sources used for modeling is carried out. This study aims to
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highlight how the use of different datasets can lead to incorrect performance estimates.
In particular, the identification of an accurate dataset is fundamental to understand the
response of the device and estimate its efficiency.
Among the different studies, one of them is focused on the error induced by the dis-
cretization of the syntetic parameters, in order to reproduce the techinique based on the
power matrix, which is commonly employed to assess the energy conversion capability
of a device based on the scatter of occurrences at a given study site [327, 328, 329, 330,
331]. Three different discretization triplets are used to discretize the significant wave
height (Hs ), the energy period (Te ), and the directional spreading (s) to understand the
impact of bin resolution on the accuracy of the results. This approach helps to deter-
mine how varying bin resolution affect the precision and reliability of the performance
metrics for the PeWEC device. In particular, the analysis reveals that the size of the cho-
sen bins significantly impacts the accuracy and reliability of the device’s performance.
Subsequently, the accuracy of the monodirectional versus multidirectional analysis is
evaluated. This investigation utilizes the frequency and frequency-direction spectra ob-
tained from the SWAN model to evaluate the performance error induced by the monodi-
rectional assumption. In particular, a linear correlation between the results resulting
from the monodirectional and multidirectional assumptions is identified and simple lin-
ear regression is applied to calibrate the data obtained from the 1D assumption and aug-
ment the fitting with that obtained from the 2D assumption.
Furthermore, the performance of the PeWEC is analyzed in response to spectra provided
by SWAN and frequency and frequency-directional spectra reconstructed based on syn-
thetic parameters obtained by SWAN. This analysis aims to investigate the error induced
by spectrum reconstruction based on simplifications of the spectral shape and the as-
sumption of uni-modal waves. The research finds that despite assuming unimodality
in a highly multimodal site, estimation errors remain negligible when a multidirectional
analysis is carried out.
Finally, an analysis of the energy production potential of the PeWEC is conducted over
a ten-year period from 2013 to 2022. This includes a seasonal and inter-annual analy-
sis to identify seasonal trends and annual variability, providing a comprehensive under-
standing of the PeWEC’s performance and its potential impact on energy generation in
Pantelleria.

7.2.1. ASSESSING PEWEC PERFORMANCE ESTIMATION ERRORS

BASED ON WAVE DATA SOURCES

The design and performance evaluation of WECs is carried out on the basis of the waves
characteristics that occur in the sea site of interest. In particular, in the early stages sim-
plifications on WEC models and wave modeling are frequent. These simplifications con-
cern the linearization of the WEC dynamic model and the use of syntetic parameters
obtained by coarse spatial resolution wave datasets. Regarding WEC modeling, in the
initial phase, different device designs are investigated in order to identify the best per-
forming one. The linearity assumption therefore finds space as it reduces computation
times and allows obtaining the first performance estimates [332, 333, 334, 335, 336]. At
the same time, the wave data used for evaluate the WECs performance are frequently
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numerical data modeled with low spatial resolution [337, 338, 339, 340] with reduced
accuracy compared to in-situ instruments and local numerical models data. The use of
such wave numerical data derives from the limited availability of in-situ data, both from
a temporal and spatial point of view. Furthermore, the implementation of local numeri-
cal downscaling models is time consuming and the process is not scalable. In particular,
models like SWAN must be calibrated ad hoc in order to identify the best set-up with
respect to the location of interest [341, 342, 343].
In this context, the influence of the wave data source on the calculation of WEC per-
formance is investigated to provide a comprehensive overview of the advantages and
limitations of different data sources.

WAVE DATA SOURCES FOR PEWEC PERFORMANCE ESTIMATION
The site of interest is Pantelleria, and the device analyzed is PeWEC. Synthetic param-
eters provided by in-situ instruments are employed to reconstruct time series of fre-
quency spectra and frequency-directional spectra to determine PeWEC’s excitation forces.
This involves both monodirectional analyses, using the frequency spectrum, and multi-
directional analyses, using the frequency-directional spectrum. Similarly, data from the
calibrated and validated SWAN model, as well as those provided by ERA5, are utilized,
considering the same temporal coverage of the in-situ dataset. The JONSWAP spec-
trum [126] is employed for reconstructing the frequency spectrum, while the directional
spectrum is derived using the formulation proposed by Mitsuyasu [60]. Moreover, this
study assumes the PeWEC aligned with the peak direction of incoming waves. In fact,
the PeWEC is sensitive to the direction of wave arrival, and the assumption of alignment
with the wave front is based on the goal of capturing the maximum possible energy from
the waves.
The time windows during which the analysis is conducted are shown in Tab. 7.1, corre-
sponding to the instruments data record and described in Section 4.2.1. It should be em-

Table 7.1: Time windows coverage for the different instruments installed in Pantelleria

Dataset Time coverage

Nortek AWAC-AST 600 KHz 26 September 2015 - 4 December 2015

Nortek AWAC-AST 600 KHz 18 July 2019 - 16 September 2019

Datawell Waverider DWR-G buoy 3 September - 2021 28 February 2022

Datawell Waverider DWR-G buoy 1 June 2022 - 1 September 2022

phasized that only the instrumental measurements validated by the quality control pro-
cess are used in this study. Consequently, only the time instances of these validated mea-
surements are stored and used to identify the wave power from the numerical databases
corresponding to the same time instances.

Synthetic parameters derived from in-situ measurements offer a direct representa-
tion of local wave conditions. Meanwhile, the SWAN model and ERA5 data provide
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broader, model-based perspectives that are calibrated and validated against real-world
observations. The primary difference between these two models lies in the spatial reso-
lution of the data. The SWAN model uses an unstructured grid with a minimum spatial
resolution of 100 meters near the coast, gradually increasing up to 10 kilometers off-
shore. This approach reduces computation times compared to a dense structured grid
while maintaining high accuracy near the coast. Conversely, ERA5 data have a spatial
resolution of 0.5◦x0.5◦ (approximately 50 km x 50km) and do not analyze coastal dy-
namics in detail, representing wave conditions over a broad sea area. In particular, the
comparison is based on SWAN numerical data, referencing the centroid of the trian-
gular cell closest to the instrument installation site (36°49’23”N, 11°55’13”E), with this
centroid located at coordinates 36°49’30”N, 11°55’19”E. On the other hand, ERA5 data
are provided on a regular grid, with the cell centroid from which the data are extracted
positioned at coordinates 37°00’00”N, 12°00’00”E.
The advantage of using ERA5 data compared to in-situ and SWAN data lies in cost-
effectiveness, ease, and speed of access. Installing in-situ instruments and implement-
ing the SWAN model are time-consuming and expensive processes. Furthermore, the
SWAN model requires in-situ data for calibration and validation, as these data represent
the benchmark for estimating the accuracy of all other data sources.

PEWEC PERFORMANCE RESULTS BASED ON DIFFERENT WAVE DATA SOURCES

Fig. 7.1 shows an extract of the time series of the PeWEC power in the monodirectional
(1D) and multidirectional (2D) case obtained on the basis of in-situ data and on the basis
of SWAN data (Fig. 7.1a ) and ERA5 (Fig. 7.1b) respectively.

The temporal resolution of the power time series is hourly. As can be observed, in-
situ data exhibit greater variability on a small time scale. These comparisons highlight
the influence of different data sources on estimating PeWEC performance. The in-situ
data serve as a benchmark for accuracy, demonstrating that the SWAN model, partic-
ularly in its 2D analysis, provides a closer approximation to real-world conditions. In
contrast, ERA5 data, while useful for broader and more cost-effective evaluations, show
more significant deviations, especially in the 1D analysis. This suggests that for precise
performance estimation, detailed local measurements and multidirectional analyses are
crucial.

To evaluate the fit of the modeled data with the in situ data, scatterplots are used. In
particular, the comparison is carried out by evaluating the dispersion of the point cloud
in reference to the bisector.

The first set of figures (Fig. 7.2) compares the power obtained by forcing the PeWEC
based on in situ data and data provided by SWAN. As observed, around the bisector
there is a dispersion which is reduced going from the monodirectional case (1D) to the
multidirectional case (2D). This result suggests that increasing the level of detail in the
analysis, in particular considering the directional distribution of energy, the correlation
between the powers estimated using SWAN data and in-situ data improves.

The second set of figures (Fig. 7.3) shows the correlation between the powers ob-
tained from the in situ data and those obtained by forcing the device using the ERA5
data. In this case there is an overestimation of the power values for the lower ranges and
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(a) Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of synthetic parameters provided
by the in-situ instruments and SWAN numerical model

(b) Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of synthetic parameters provided
by the in-situ instruments and EAR5 numerical model

Figure 7.1: Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of syntetic
provided by ERA5 and syntetic parameters provided by the in-situ instruments

an underestimation for the higher ones. Specifically, in both the 1D and 2D cases, the
point cloud is positioned above the bisector when focusing on powers calculated using
in situ data below 20 kW. For higher power values, however, the point cloud tends to dis-
tribute below the bisector, highlighting an average underestimation of power based on
ERA5 data.

Tab. 7.2 presents a detailed comparison of PeWEC performance metrics using dif-
ferent data sources. The Root Mean Square Error (RMSE) is lower for the SWAN model
compared to ERA5 in both 1D and 2D analyses, indicating that the SWAN data offers a
closer match to the in-situ data. The B I AS is also lower (closer to zero) for the SWAN
model, suggesting smaller systematic error than ERA5. The Correlation Coefficient (CC )
is higher for the SWAN model in both cases, demonstrating a better linear relationship
with the in-situ data. The dispersion index (S) is lower for the SWAN model, indicating a
better overall fit to the in-situ data.

Regarding annual energy conversion and the standard deviation of the power (Tab.
7.3), annual energy conversion is highest for in-situ data, followed by the SWAN model
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(a) Scatter of the power computed with monodirectional as-
sumption and using in-situ and SWAN wave data

(b) Scatter of the power computed with multidirectional as-
sumption and using in-situ and SWAN wave data

Figure 7.2: Comparison of the scatter plot of power obtained from different wave data souces in 1D and 2D
analysis

(a) Scatter of the power computed with monodirectional as-
sumption and using in-situ and ERA wave data

(b) Scatter of the power computed with multidirectional as-
sumption and using in-situ and ERA wave data

Figure 7.3: Comparison of the scatter plot of power obtained from different wave data souces in 1D and 2D
analysis

and lowest for ERA5 in both 1D and 2D analyses. This confirms that ERA5 data tends to
underestimate the energy potential compared to in-situ measurements. The standard
deviation of power follows a similar trend, being highest for in-situ data and lowest for
ERA5. This indicates that ERA5 data can smooth out some of the variability present in
real measurements. In particular, the results show that in the monodirectional case, the
underestimation of the energy produced by the PeWEC based on SWAN data, in regard
to the in-situ data, is 9.1%, which increases to 17.4% when using ERA5 data. Conversely,
the underestimation is reduced when moving to multidirectional analysis. Specifically,
the energy produced by the PeWEC calculated using SWAN data underestimates that cal-
culated with in-situ data by 6.3%, while the underestimation is 12.9% when using ERA5
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Table 7.2: Performance indicators for PeWEC power production using using different wave data sources for
monodirectional (1D) and multidirectional (2D) analyses

Dataset RMSE
[kW]

B I AS
[kW]

CC S

1DPar am i n−si tu-1DPar am SW AN 5.411 -0.826 0.946 1.091

1DPar am i n−si tu-1DPar am ER A5 7.456 -1.581 0.907 1.278

2DPar am i n−si tu-2DPar am SW AN 3.533 -0.390 0.952 1.044

2DPar am i n−si tu-2DPar am ER A5 4.762 -0.799 0.918 1.202

data.
When comparing the error induced by the monodirectional analysis to the multidirec-
tional one, a similar overestimation is observed across different datasets. Specifically,
this overestimation is 31.9% for the in-situ observations, 29.8% for the SWAN data, and
28.1% for the ERA5 data. In conclusion, it appears that, on average, in Pantelleria, there is
an overestimation of energy of around 30% if the monodirectional assumption is made.
This result stems from the distribution of energy across different directions.

Table 7.3: Annual PeWEC energy conversion and standard deviation of the power using different wave data
sources for monodirectional (1D) and multidirectional (2D) analyses

Dataset E [kWh] σPower [kW]

1DPar am i n−si tu 72.72 16.428

1DPar am SW AN 66.07 15.102

1DPar am ER A5 60.06 12.631

2DPar am i n−si tu 49.52 11.532

2DPar am SW AN 46.38 11.110

2DPar am ER A5 43.14 9.471

PEWEC PERFORMANCE RESULTS DISCUSSION BASED ON DIFFERENT WAVE

DATA SOURCES
Identifying the appropriate wave dataset to characterize the site of interest is crucial for
conducting an accurate wave resource estimate.
Databases such as INSITU_GLO_WAV_DISCRETE_MY_013_045 [147] and the National
Data Buoy Center [150] provide valuable resources for finding free in situ measurements
near the area of interest. These datasets offer time series of wave measurements time-
series validated through quality control processes. However, the global distribution of
such instruments is uneven, with regions like South America, Africa, and Australia being
poorly covered. The scarcity of in-situ measurements and their limited temporal cover-
age necessitate the search for alternatives.
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Marine stakeholders and WEC developers sometimes install in situ instruments directly
at the site of interest. However, this approach faces bureaucratic challenges, high costs,
and extended timescales, making it particularly difficult. As a result, alternatives such as
global or local numerical models become essential.
From the analysis conducted, it is evident that the SWAN model, especially in its 2D
analysis, provides a more accurate approximation to in-situ data than ERA5, both in
terms of error metrics and energy estimation. While ERA5 data are useful for broader,
cost-effective evaluations, they exhibit more significant deviations and lower variability,
making them less accurate for detailed estimates of PeWEC performance. This under-
scores the importance of using high-resolution, locally calibrated models like SWAN for
precise energy predictions in wave energy applications.

7.2.2. ASSESSING PEWEC PERFORMANCE ESTIMATION ERRORS

BASED ON DISCRETIZED SYNTETIC PARAMETERS

T HE evaluation of the error induced by the use of the power matrix and the scatter of
occurrences for determining the energy conversion of the PeWEC, with reference to

the sea states occurred in Pantelleria in 2022, is investigated. This common methodol-
ogy involves determining the device’s power matrix relative to different pairs of values of
Hs and Te . By multiplying this matrix by another matrix with the same bin resolution,
which describes the average annual occurrence of the Hs −Te pairs, one can determine
the energy produced for each pair. This approach is commonly used to estimate a de-
vice’s capacity to extract energy at a specific site [327, 328, 329, 330, 331].

In this section, the errors resulting from this methodology are investigated by using
three different bin resolutions for the Hs−Te value pairs in the monodirectional analysis,
and three different resolution triplets for Hs −Te − s in the multidirectional analysis. It
should be noted that common practice usually employs only the Hs −Te pairs, and the
analysis is typically based on the assumption of monodirectional waves. In this case, the
standard methodology is enhanced by incorporating the s parameter. Through direc-
tional spreading, we can account for the dispersion of energy around the average wave
direction, providing a more accurate representation of the wave energy spectrum.
In detail, the methodology followed is based on the identification of three different dis-
cretization scenarios of the synthetic parameters. Once the resolution of the different
bins is defined, both the frequency spectrum and the frequency-directional spectrum
are reconstructed for each sea state, approximating the values of the synthetic parame-
ters obtained from the SWAN model with respect to the closest value of the discretized
parameters. For the reconstruction of the frequency spectrum the JONSWAN [126] spec-
trum is used, while for the directional spectrum the formulation proposed by Mitsuyasu
[60] is used.
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PEWEC PERFORMANCE RESULTS BASED ON DISCRETIZED SYNTETIC PARAM-
ETERS

The Fig. 7.4 present an extract of the hourly time series of the PeWEC power calculated
using different discretizations compared with the power time series based on synthetic
parameters directly provided by SWAN. The comparison of the spectra obtained by the
syntetic parameters computed via SWAN with the spectra reconstructed using the dis-
cretized synthetic parameters, both in the monodirectional (1D) and multidirectional
(2D) cases, is provided. These synthetic parameters are also obtained from the SWAN
model and subsequently discretized based on the chosen bin cell. The resolutions of
the synthetic parameters vary between the three analysis, offering a comparison of the
performance of PeWEC under different discretization conditions.

In the Fig. 7.4a, the power converted by PeWEC is calculated using a synthetic pa-
rameters resolutions of ∆Hs = 0.25m ∆Te = 0.5s and ∆s = 2.5◦. The red lines represent
the reference data, with the dotted line indicating the monodirectional spectrum and the
solid line the multidirectional spectrum. The green lines show the results obtained using
the discretized synthetic parameters, respectively in the monodirectional (dashed line)
and multidirectional (solid line) cases. It is observed that the power calculated with dis-
cretized synthetic parameters follows the reference lines quite closely, indicating a good
match with the original SWAN data. However, there are some discrepancies, especially
in power peaks, suggesting that the chosen resolution may not be sufficient to capture
all variations.
The Fig. 7.4b uses a coarser resolution of the synthetic parameters: ∆Hs = 0.5m ∆Te = 1s
and ∆s = 5◦. Here too, the red lines represent reference power data and the green lines
the results obtained with the discretization of the synthetic parameters. We note that the
correspondence between the synthetic and reference data is slightly less precise than in
Fig. 7.4a, with larger discrepancies in the power peaks. This indicates that coarser reso-
lution may lead to a decrease in the accuracy of power estimates.
In the Fig. 7.4c, the resolution of the synthetic parameters is further decreased to ∆Hs =
1m ∆Te = 2s and ∆s = 10◦. The discrepancies between the red and green lines are even
more noticeable, especially during periods of high power. This suggests that too low
resolution of synthetic parameters is unable to adequately capture wave variability and
complexity, leading to less accurate power estimates.
Overall, the graphs highlight the importance of using adequate resolution of synthetic
parameters to obtain accurate estimates of power produced by PeWEC. Multi-directional
(2D) analysis tends to provide more precise results than mono-directional (1D) analysis,
as it is better able to capture the complexity of sea waves. These results suggest that
greater attention to the choice of parameter resolution is crucial for improving WEC en-
ergy conversion predictions.

For a more detailed comparison of the different cases, the scatterplot is used. This
graph shows a comparison of the PeWEC powers obtained by forcing the device with the
spectra obtained by the syntetic parameters directly provided by SWAN and with those
reconstructed using discretized synthetic parameters, both in the monodirectional (1D)
and multidirectional (2D) cases. The different resolutions of the synthetic parameters
used in the graphs allow analyzing and comparing the performance of the PeWEC under
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(a) Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of spectra computed by synthetic
parameters provided by SWAN and spectra reconstructed using discretized synthetic parameters provided by SWAN, using
∆Hs = 0.25m ∆Te = 0.5s and ∆s = 2.5◦ as bin resolution

(b) Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of spectra computed by synthetic
parameters provided by SWAN and spectra reconstructed using discretized synthetic parameters provided by SWAN, using
∆Hs = 0.5m ∆Te = 1s and ∆s = 5◦ as bin resolution

(c) Comparison of the time series of the powers obtained by forcing the PeWEC on the basis of spectra computed by synthetic
parameters provided by SWAN and spectra reconstructed using discretized synthetic parameters provided by SWAN, using
∆Hs = 1m ∆Te = 2s and ∆s = 10◦ as bin resolution

Figure 7.4: Extract of the hourly time series of the power extracted from PeWEC as a function of the discretiza-
tion of the synthetic parameters provided by SWAN, both in the monodirectional (1D) and multidirectional
(2D) case
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various discretization conditions, providing a more complete view of the accuracy and
variability of the power estimates as a function of the different methodologies adopted.
In Fig. 7.5a, the power produced by PeWEC is calculated using a synthetic parameter
resolution of ∆Hs = 0.25m and ∆Te = 0.5s. Most of the points align well with the dashed
diagonal line, which represents a perfect match between the powers calculated with the
discretized synthetic parameters and the reference ones. However, some discrepancies
are present, especially in the higher power values, suggesting that this resolution may
not fully capture all variations in the sea states. In Fig. 7.5b, the PeWEC power is calcu-
lated using a similar resolution but in the context of a multidirectional analysis, with the
addition of the parameter s with resolution ∆s = 2.5◦ . Here too, most points follow the
diagonal line, indicating a good match, but discrepancies in the highest power values
persist.

(a) Comparison of the powers obtained by forcing the PeWEC
on the basis of 1D spectra obtained by original synthetic pa-
rameters provided by SWAN and 1D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN, using
∆Hs = 0.25m and ∆Te = 0.5s as bin resolution

(b) Comparison of the powers obtained by forcing the PeWEC
on the basis of 2D spectra obtained by original synthetic pa-
rameters provided by SWAN and 2D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN, using
∆Hs = 0.25m ∆Te = 0.5s and ∆s = 2.5◦ as bin resolution

Figure 7.5: Comparison of the scatter plot of power obtained from wind wave and swell spectra with and with-
out using linear calibration for different cases

Fig. 7.6a shows the results obtained with a resolution of the synthetic parameters of
∆Hs = 0.5m and ∆Te = 1s. in a monodirectional context. The dots show greater scatter
around the diagonal line compared to previous plots, indicating that coarser resolution
leads to a decrease in the accuracy of power estimates. Fig.7.6b uses the same param-
eter resolution as the 7.6a graph but in a multidirectional context, with the addition of
the s parameter with ∆s = 5◦. Although there is a slight reduction in discrepancies com-
pared to Fig. 7.6a, the scatter of points still suggests that this resolution is not optimal
for accurately capturing wave variability.

Finally, Fig. 7.7a and 7.7b use an even coarser resolution of ∆Hs = 1m and ∆Te = 2s,
respectively in monodirectional analysis, and multidirectional, with the parameter s dis-
cretized according to the bin ∆s = 10◦. These plots show the greater dispersion of the
points around the diagonal line, highlighting how too low a resolution is unable to ade-
quately capture the complexity of the waves, leading to less accurate power estimates.
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(a) Comparison of the powers obtained by forcing the PeWEC
on the basis of 1D spectra obtained by original synthetic pa-
rameters provided by SWAN and 1D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN, using
∆Hs = 0.5m and ∆Te = 1s as bin resolution

(b) Comparison of the powers obtained by forcing the PeWEC
on the basis of 2D spectra obtained by original synthetic pa-
rameters provided by SWAN and 2D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN,using
∆Hs = 0.5m ∆Te = 1s and ∆s = 5◦ as bin resolution

Figure 7.6: Comparison of the scatter plot of power obtained from the original synthetic parameters provided
by SWAN and using discretized synthetic parameters provided by SWAN

(a) Comparison of the powers obtained by forcing the PeWEC
on the basis of 1D spectra obtained by original synthetic pa-
rameters provided by SWAN and 1D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN, using
∆Hs = 1m and ∆Te = 2s as bin resolution

(b) Comparison of the powers obtained by forcing the PeWEC
on the basis of 2D spectra obtained by original synthetic pa-
rameters provided by SWAN and 2D spectra reconstructed us-
ing discretized synthetic parameters provided by SWAN, using
∆Hs = 1m ∆Te = 2s and ∆s = 10◦ as bin resolution

Figure 7.7: Comparison of the scatter plot of power obtained from the original synthetic parameters provided
by SWAN and using discretized synthetic parameters provided by SWAN

Overall, these plots highlight the importance of using adequate resolution of syn-
thetic parameters to obtain accurate estimates of power extracted from WEC. Multidi-
rectional analysis tends to provide more precise results than monodirectional analysis,
as it better captures the complexity of sea waves.

Tab. 7.4 provides a comparison of the performance indicator based on the power
generated by PeWEC and using different resolutions of the synthetic parameters for monodi-
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rectional (1D) and multidirectional (2D) analyses.

Table 7.4: Performance indicators for PeWEC power production using the original synthetic parameters pro-
vided by SWAN and using discretized synthetic parameters provided by SWAN, for unidirectional (1D) and
multidirectional (2D) analyses

Dataset RMSE
[kW]

B I AS
[kW]

CC S

1DPar am-1DPar am ∆Hs=0.25m ∆Te=0.5s 1.883 0.013 0.990 0.991

1DPar am-1DPar am ∆Hs=0.5m ∆Te=1s 3.924 -0.031 0.959 0.964

1DPar am-1DPar am ∆Hs=1m ∆Te=2s 5.747 0.562 0.911 0.952

2DPar am-2DPar am ∆Hs=0.25m ∆Te=0.5s ∆s=2.5◦ 1.245 0.006 0.991 0.993

2DPar am-2DPar am ∆Hs=0.5m ∆Te=1s ∆s=5◦ 2.591 -0.016 0.965 0.966

2DPar am-2DPar am ∆Hs=1m ∆Te=2s ∆s=10◦ 3.856 0.326 0.918 0.978

Regarding the monodirectional (1D) analysis, the configuration with ∆Hs = 0.25m
and ∆Te = 0.5s shows an RMSE of 1.883 kW and a B I AS of 0.013 kW, with a correla-
tion coefficient ( CC ) of 99.0% and a scatter index (S) of 0.991. These values indicate a
good correspondence between the data obtained from the reconstruction of the spec-
trum from discretized synthetic parameters and the reference ones, with a low error and
a high correlation. However, by increasing the resolution to ∆Hs = 0.5m and ∆Te = 1s,
the RMSE increases to 3.924 kW and the B I AS moves to -0.031 kW, while the CC de-
creases to 95.9% and the scatter index becomes 0.964. This indicates a decrease in the
accuracy of power estimates with increasing parameter resolution. The configuration
with∆Hs = 1m and∆Te = 2s shows a further deterioration in performance, with a RMSE
of 5.747 kW, a B I AS of 0.562 kW, a CC of 91.1% and a scatter index of 0.952, highlighting
how too low a resolution reduces the accuracy of the results.

For multidirectional (2D) analysis, the configuration with ∆Hs = 0.25m, ∆Te = 0.5s
and ∆s = 2.5◦ presents much better values, with a RMSE of 1.245 kW, a B I AS of 0.006
kW, a CC of 99.1% and a scatter index of 0.993. These results suggest that adding the
directional dispersion parameter improves the accuracy of the estimates. The configu-
ration with ∆Hs = 0.5m, ∆Te = 1s and ∆s = 5◦ shows an RMSE of 2.591 kW, a B I AS of
-0.016 kW, a CC of 96.5% and a scatter index of 0.966, indicating a slight degradation in
performance compared to the finer resolution configuration. Finally, the configuration
with ∆Hs = 1m, ∆Te = 2s and ∆s = 10◦ shows a RMSE of 3.856 kW, a B I AS of 0.326 kW,
a CC of 91.8 % and a scatter index of 0.978, confirming that too low a resolution of the
synthetic parameters not completely capture the complexity of the waves.

In general, the results show that the RMSE increases with the bin size, while the CC
and S decrease. Regarding the B I AS, there is no clear trend, as the rounding of the syn-
thetic parameter values to a higher or lower value is unpredictable and depends on the
specific data distribution. This variability in rounding making it difficult to establish a
definitive pattern.
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The Tab. 7.5 provides a comparison of the total energy produced (E) in the year 2022
and the standard deviation of the power (σpower ) also based on the hourly historical
series of the power in the year 2022, in reference to the different case studies.

Table 7.5: Annual PeWEC energy conversion and standard deviation of the power using the original synthetic
parameters provided by SWAN and using discretized synthetic parameters provided by SWAN, for monodirec-
tional (1D) and multidirectional (2D) analyses

Dataset E [kWh] σPower [kW]

1DPar am 59.54 13.207

1DPar am ∆Hs=0.25m ∆Te=0.5s 59.64 13.353

1DPar am ∆Hs=0.5m ∆Te=1s 59.29 13.870

1DPar am ∆Hs=1m ∆Te=2s 64.06 13.772

2DPar am 40.79 9.462

2DPar am ∆Hs=0.25m ∆Te=0.5s ∆s=2.5◦ 40.84 9.546

2DPar am ∆Hs=0.5m ∆Te=1s ∆s=5◦ 40.66 9.897

2DPar am ∆Hs=1m ∆Te=2s ∆s=10◦ 43.41 9.561

For both monodirectional and multidirectional analyses, the results indicate that
there is no universally applicable trend based on bin size, regardless of whether it is
more whether it is finer or larger. Specifically, it is not possible to identify a constant
trend of underestimation or overestimation of the power and, consequently, of the en-
ergy produced by the devices. This result is directly related to the rounding effects on the
synthetic parameters as described above. Rounding can lead to unpredictable variations
in results, preventing the creation of a clear pattern.

However, if we analyze the absolute error between the energy obtained using the
synthetic parameters provided directly by SWAN to reconstruct the spectra and those
obtained with discretized synthetic parameters, some conclusions can be drawn. In the
monodirectional case, the absolute error is 0.16% for the dataset with the densest dis-
cretization, 0.42% for the medium discretization, and 7.59% for the sparsest discretiza-
tion. For the multidirectional case, the absolute error is 0.12% for the densest discretiza-
tion, 0.32% for the average one, and 6.42% for the sparsest discretization.

Comparing the energy obtained from the monodirectional analysis using a discretiza-
tion of ∆Hs = 1m and ∆Te = 2s with the energy obtained from the multidirectional anal-
ysis based on the synthetic parameters provided directly from SWAN, a significant error
of 57.1% occurs. This substantial discrepancy underlines the importance of considering
the directional distribution of energy and highlights the impact of discretization choices
on the accuracy of the energy estimate for the PeWEC. As expected, the multidirectional
methodology tends to provide lower estimates of converted energy, since not all wave
components hit the device hull perpendicularly.
Furthermore, with coarser resolutions of the synthetic parameters, the energy estima-
tion error and power standard deviation increase significantly, confirming that higher
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resolution is necessary to adequately capture the complexity of sea waves.

PEWEC PERFORMANCE RESULTS DISCUSSION BASED ON DISCRETIZED SYN-
TETIC PARAMETERS

The use of power matrix, based on significant wave height (Hs ) and energy period (Te ), is
the simplest methodology for calculating the total energy extractable from waves using
a WEC. This matrix is pre-processed independently of the time series of sea states. Once
the Hs -Te pairs are defined, the power calculation is carried out, and the matrix is built
based on the Hs and Te bins. By multiplying the power matrix with the scatter of occur-
rences for the site of interest, the total energy produced is directly determined without
generating a time series of the power extracted from the WEC.
This methodology is straightforward and offers significant computational benefits. Ad-
ditionally, the power matrix can be determined even without specific wave information
from a site, allowing for the evaluation of the best site for WEC installation by multiply-
ing the power matrix by the scatters of occurrences at different locations. However, the
assumption of monodirectionality, combined with a coarse choice of matrix bins, can
lead to high absolute errors. Specifically, for PeWEC at the locality of Pantelleria per the
2022 year, this error exceeds 50%.
The results indicate that the main source of error is the assumption of monodirectional-
ity. When comparing spectra reconstructed using the original synthetic parameters pro-
vided by SWAN under monodirectional and multidirectional assumptions, there is an
overestimation of 31.5% for the year 2022. Using bins of ∆Hs = 0.25m and ∆Te = 0.5s in
the monodirectional assumption and ∆Hs = 0.25m ∆Te = 0.5s and ∆s = 2.5◦ in the mul-
tidirectional case, the overestimation remains 31.5%. For intermediate discretization,
the overestimation is 31.2%, reaching 32.2% for bins with lower resolution. These results
suggest that regardless of bin resolution, the overestimation error is approximately 30%
for this specific case.
To mitigate this error, it is recommended to use a three-dimensional scatter that also ac-
counts for the directional distribution of energy through the s parameter. This approach
eliminates the error associated with the assumption of monodirectionality, leaving bin
choice as the primary error factor. It is advised to set the bins accurately, avoiding site-
specific configurations. Identifying the resolution of the cells based on specific sea site
conditions may be optimal for the studied case, but applying this method to another site
could lead to excessive approximations. The analysis shows that there is no linear trend
in overestimation or underestimation of energy as a function of bin resolution, due to
the unpredictable and uncontrollable allocation of synthetic parameters within specific
cells.
In conclusion, these comparisons highlight the trade-offs between computational sim-
plicity and the precision of energy conversion estimates. The analysis underscores the
potential improvements that can be made to the standard methodology by incorporating
the s parameter. This additional parameter allows for the consideration of the directional
spreading of wave energy, which is often overlooked in traditional monodirectional anal-
yses.



7

190 7. INTRODUCTION

7.2.3. ASSESSING THE PEWEC PERFORMANCE CORRELATION

BASED ON 1D AND 2D ASSUMPTION

A S previously described, monodirectional analysis is commonly employed to deter-
mine the power extracted from WECs based on the sea states at a specific site. This

common methodology typically involves using the significant wave height and the en-
ergy period to reconstruct the frequency spectrum and calculate the excitation forces
acting on the device, and finally deduce the power extracted by the device. The analy-
sis conducted in this study aims to explore the correlation between the results obtained
from monodirectional analysis and those from multidirectional analysis. Moreover, in
these analysis the PeWEC is assumed to always be aligned with the peak direction of the
spectra.
The study aims to investigate whether there is a correlation between the power results
obtained from the monodirectional assumption and those derived from multidirectional
analysis. This analysis is important because standard practice often involves identifying
the power extractable from WECs based on their interaction with frequency wave spec-
tra. The objective is to develop an innovative methodology that accurately and simply
determines the power extractable from WECs, thereby avoiding the need for compre-
hensive studies on multidirectional interactions. Instead, the focus is on identifying the
correlation between monodirectional and multidirectional analyses.
Such a comparison is crucial for understanding the accuracy and reliability of power
predictions made using different analytical methods. By doing so, the study aims to op-
timize the performance and implementation of WECs in various marine environments.
This approach could significantly streamline the process of evaluating WEC performance,
making it more efficient and less resource-intensive while maintaining accuracy.
By evaluating the correlation between monodirectional and multidirectional power es-
timations, the study seeks to provide a practical and effective tool for marine energy
stakeholders. This tool would allow for the rapid assessment of potential WEC sites and
configurations without the need for detailed directional analysis, thus facilitating better
decision-making and faster deployment of wave energy technologies.
The wave dataset used is from the SWAN model for the year 2022. In this case, the spec-
trum directly provided by SWAN is utilized to calculate the excitation forces. The di-
rectional frequency spectrum is directly obtained from the model output, while the fre-
quency spectrum is determined by integrating the 2D spectrum over all directions.

PEWEC PERFORMANCE CORRELATION RESULTS BASED ON 1D AND 2D AS-
SUMPTION

A correlation emerges from the comparison of the results between 1D analysis and 2D
analysis (Fig. 7.8). In particular, despite a deviations from the bisector of the scatter
plot, which represents perfect correlation between the data, the clouds of points follow
a smooth trend, indicating a significant linear correlation.

The simple linear regression [344] is uned in this analysis and is one of several Bias
Correction Techniques that can be used to adjust raw data values to better approximate
the statistical properties to more reliable reference data [345]. These techniques are
purely statistical tools and are widely used in climate and meteorological studies [346,
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Figure 7.8: Scatter of the power computed from 1D and 2D assumptions

347]. Notably, the application of these techniques does not necessitate a fundamental
understanding of the underlying physical processes or data assimilation methods [348],
making them versatile for a variety of variables. However, the accuracy and reliability
of the calibrated dataset are highly dependent on the quality of the reference dataset,
which is considered the ground truth.
This technique consists in fitting a simple linear regression model to the data. In this
process the power are calculated using both the 1D assumption (monodirectional anal-
ysis) and the 2D assumption (multidirectional analysis) for the dataset, that is split in a
calibration and a validation dataset. Specifically, the first 10 days of each month of 2022
are extracted and used to create the calibration dataset, while the remaining days of the
year are used as validation one. The 1D power values of the calibrated dataset serve as
the independent variable (X ), while the 2D power values of the calibration dataset serve
as the dependent variable (Y ). In this scenario, the regression model can be expressed
as

Ycal i b = a +bXcal i b (7.1)

where the regression coefficients a and b are the intercept and the slope pf the straight
line, respectively. These coefficients are calculated using the least squares method [349],
which minimizes the sum of the squared differences between the dependent and inde-
pendent variable.

b = COV (Xcal i b ,Ycal i b)

V AR(Xcal i b)
(7.2)

a = Ycal i b −bXcal i b (7.3)

Once the regression coefficients a and b are determined, the regression equation can be
used to adjust the 1D power values, resulting in bias-corrected power values:

Yval i dl i near cal i b.
= a +bXval i d (7.4)

This method directly applies linear regression to model the relationship between the 1D
and 2D power values, providing a straightforward approach to linear correction. By ad-
justing the 1D power values of the validation dataset using the regression model, the
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accuracy of the power estimates is enhanced.

The Fig. 7.9 provides an extract of the time series of the power obtained by PeWEC
with respect to the 1D and 2D assumption. As can be seen, the power obtained from the
2D spectra is lower than that based on the frequency spectrum, following however the
same trend.

Figure 7.9: Extract of the hourly time series of the power extracted from PeWEC as a function of the monodi-
rectional (1D) and multidirectional (2D) analysis

Based on the evident linear correlation between the 1D and 2D hypotheses (emerged
from Fig. 7.8), a calibration dataset and a validation dataset is identified, and the coeffi-
cients for the linear calibration are determined based on the calibration dataset and the
effectiveness evaluated on the validation dataset.
Figure 7.10a shows the comparison between the power obtained from the monodirec-
tional and multidirectional assumption with reference to the calibration dataset, where
the dashed red line represents the bisector and the solid green line represents the lin-
ear regression line of the data points. The scatter plot shows a linear trend, suggesting
that the power calculated from the 1D and 2D spectra follows a consistent relationship,
which can be described by linear regression.
Figure 7.10b corresponds to the calibration dataset after applying linear calibration us-
ing the equation derived from linear regression. This figure shows that the calibrated
data points align more closely with the bisector, highlighting the effectiveness of linear
calibration in improving the correlation between 1D and 2D assumptions.
In the validation dataset (Fig. 7.10c and 7.10d), the performance of the linear calibra-
tion is further evaluated. The scatter plots reveal that the linear calibration derived from
the calibration dataset successfully maintains a strong linear relationship between the
1D and 2D analysis throughout the entire year. The dashed red line still represents the
bisector, and the alignment of the data points along this line after calibration indicates
that the simple linear regression effectively reduces the discrepancies observed in the
raw data.

Overall, the analysis confirms that linear calibration significantly improves the cor-
relation between 1D and 2D hypotheses, leading to more accurate predictions of PeWEC
output power. The use of performance indicators is carried out in order to quantify the
improvement obtained from linear calibration. Tab. 7.6 presents a comparison of the
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(a) Scatter of the power computed from 2D analysis with
power computed from 1D analysis, for the calibration dataset

(b) Scatter of the power computed from 2D analysis with
power computed from 1D analysis linear calibrated, for the
calibration dataset

(c) Scatter of the power computed from 2D analysis with
power computed from 1D analysis, for the validation dataset

(d) Scatter of the power computed from 2D analysis with
power computed from 1D analysis linear calibrated, for the
validation dataset

Figure 7.10: Comparison of the scatter plot of power obtained from 1D and 2D spectra with and without using
linear calibration

performance indicators based on the calibration and validation datasets described pre-
viously. These performance indicators are calculated both before and after applying lin-
ear calibration.

In the calibration dataset, the Root Mean Square Error (RMSE) without calibration
is 3.886 kW, while after applying linear calibration, the RMSE drops to 0.534 kW. This
represents a significant reduction in error, demonstrating the effectiveness of linear cali-
bration. The B I AS goes from 2.152 kW to a value close to zero (1E-15 kW), indicating that
the calibration almost completely eliminates any systematic error. The correlation coef-
ficient (CC ) remains very high (99.8%) in both cases, showing a strong linear correlation
between 1D and 2D data. The scatter index (S) improves from 0.774 to 1.00, suggesting
that the linear calibration brings the data almost perfectly in line with the bisector.
In the validation dataset, the RMSE drops from 2.947 kW to 0.468 kW after linear cali-
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Table 7.6: Performance indicators for PeWEC power production using SWAN spectra in monodirectional (1D)
and multidirectional (2D) analyses based on calibration and validation datasets

Dataset RMSE
[kW]

B I AS
[kW]

CC S

Calibration

2DTot Spc -1DTot Spc 3.886 2.152 0.998 0.774

2DTot Spc -1DTot Spc l i near cal i b. 0.534 1E-15 0.998 1.00

Validation

2DTot Spc -1DTot Spc 2.947 1.493 0.998 0.764

2DTot Spc -1DTot Spc l i near cal i b. 0.468 0.028 0.998 0.990

bration, confirming that the calibration remains effective even on data not used for the
initial calibration. The B I AS is reduced from 1.493 kW to 0.028 kW, almost completely
eliminating the systematic error. Again, the CC remains constant at 99.8%, indicating a
strong linear correlation between the data. The S improves from 0.764 to 0.990, demon-
strating that linear calibration significantly improves the match between 1D and 2D data.

The Tab. 7.7 shows a comparison of the total energy produced (E) and standard de-
viation of the power (σPower ) for the calibration and validation datasets. Three different
analysis methods are considered: using 2D spectra, using 1D spectra, and applying a
linear calibration on the 1D results.

Table 7.7: Comparison of PeWEC yearly energy production and standard deviation of the power using SWAN
spectra with 1D assumption, 2D assumption, and linearly calibrated 1D assumption for calibration and vali-
dation datasets

Dataset E [kWh] σPower [kW]

Calibration

2DTot Spc 18.18 11.184

1DTot Spc 23.86 14.363

1DTot Spc l i near cal i b. 18.18 11.171

Validation

2DTot Spc 24.64 8.286

1DTot Spc 32.91 10.773

1DTot Spc l i near cal i b. 24.79 8.379

In the calibration dataset, the total energy produced using 2D spectra is 18.18 kWh
with a power standard deviation of 11.184 kW. When using 1D spectra, the total energy
produced increases to 23.86 kWh, but the standard deviation of power also increases to
14,363 kW, indicating greater variability in power production. After applying linear cali-
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bration, the total energy produced returns to 18.18 kWh, with a power standard deviation
of 11.171 kW, very similar to the values obtained with the 2D spectra. This suggests that
linear calibration is effective in correcting discrepancies between power estimates based
on 1D and 2D assumptions.
In the validation dataset, the total energy produced using 2D spectra is 24.64 kWh with
a power standard deviation of 8.286 kW. Using 1D spectra, the total energy produced
increases to 32.91 kWh, while the standard deviation of the power increases to 10.773
kW. After applying linear calibration, the total energy produced is reduced to 24.79 kWh,
with a power standard deviation of 8.379 kW. This demonstrates that linear calibration
manages to reduce the differences between the results obtained with the 1D spectra and
those obtained with the 2D spectra, improving the accuracy of the power estimates.
It should be emphasized that the differences between the energy obtained from the cal-
ibration dataset and the validation dataset are due to the fact that, in the first case, the
energy corresponds to the total energy produced during the first 10 days of each month
in 2022. In contrast, the energy obtained from the validation dataset refers to the re-
maining days of the year. Consequently, the annual energy production is derived from
the sum of the energy obtained from both the calibration and validation datasets.

PEWEC PERFORMANCE CORRELATION RESULTS DISCUSSION BASED ON 1D
AND 2D ASSUMPTION
The use of simple linear regression to estimate wave power based on 1D analyses, aligned
with the results of 2D analyses, demonstrates its validity for multimodal sea states, such
as those occurring in Pantelleria in 2022. This finding represents a significant advance
in the field of renewable energy derived from sea waves. The commonly used technique
assumes unidirectionality, which, as indicated by the results, leads to an overestimation
of performance.
The advantages of simple linear regression include increased accuracy, simplicity, and
practical application. The linear regression model corrects biases in the 1D power es-
timates, aligning them more closely with the more accurate 2D power values. Linear
regression is easy to implement and computationally efficient, making it accessible for
various applications. This method is especially useful when 2D data is more accurate
but also more computationally demanding to obtain.
Greater precision in power estimates not only improves the reliability of energy forecasts
but also contributes to more efficient and optimal planning of the installation and oper-
ation of wave energy conversion devices. Consequently, this approach can promote the
wider adoption of marine renewable energy technologies, significantly contributing to
sustainability and carbon emission reduction goals.

7.2.4. ASSESSING THE PEWEC PERFORMANCE ERROR BASED

ON MULTIPEAK AND MONOPEAK SPECTRA
A detailed analysis of sea states is critically important when designing a WEC and test-
ing its performance. As highlighted in previous analyses, the inclusion of directionality
plays a key role in accurately identifying the excitation forces that impact the device.
However, in earlier analyses, synthetic parameters representing the entire spectrum are
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used to construct the frequency and frequency-directional spectra. This methodology
finds full theoretical support when the analyzed sea state is uni-modal. To evaluate the
error induced by this assumption, the power extracted by PeWEC under different wave
analysis techniques is examined. Specifically, the device performances obtained from
spectra reconstructed using synthetic parameters from the SWAN model are compared
with those obtained by calculating the excitation forces based on 1D and 2D spectra
directly provided by SWAN. In particular, the 1D spectrum provided directly by SWAN
should be understood as the integral of the frequency-directional spectrum supplied by
the model. This analysis evaluates the error caused by assumptions of uni-modal versus
multi-modal sea states.
The analyses conducted on the Pantelleria wave resource (Section 4.3.1) reveal the per-
sistence of bi-modal sea states, that occur more than 90% of the time. The remaining
waves are primarily characterized by the coexistence of three or four different sea states.
However, 75% of the total annual wave energy is attributed to wind waves and the re-
maining percentage is attributed to swell. This characterization of sea waves is particu-
larly relevant for the analysis conducted. In fact, the objective of this study is precisely
the evaluation of the error induced by the assumption of uni-modality in multi-modality
conditions.

PEWEC PERFORMANCE ERROR RESULS BASED ON MULTIPEAK AND MONO-
PEAK SPECTRA
Fig. 7.11 shows an extract of the power output of the PeWEC time series obtained from
the monodirectional and multidirectional analyzes based on the spectra reconstructed
from the synthetic parameters and directly provided by SWAN.

Figure 7.11: Power time series computed from 1D and 2D swell spectra with alignment of the hull orientation
with the peak direction

As can be seen in the time series comparison, the power values obtained by monodi-
rectional analysis and based on the reconstruction of the spectra using synthetic param-
eters are generally haigher the monodirectional analysis based directly on SWAN spec-
tra. This result is consistent throughout the rest of the time series and is attributed to
the fact that the energy is assumed concentrated around a single frequency peak despite
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being distributed across at least two peaks: one attributed to wind waves and the other
to swells. Regarding the comparison between the power obtained from the frequency-
directional spectra reconstructed from synthetic parameters and the spectra directly
supplied by SWAN, a closer match is observed. This improved agreement is due to the
inclusion of energy distribution on different directions, which enhances the analysis by
accounting for the multidirectional nature of the sea states. However, even in this case
there are discrepancies and the reason is attributed to the different distribution of en-
ergy on frequencies and directions.
Fig. 7.12 presents two scatter plots comparing the power calculated from the spectra
provided directly by SWAN with the power obtained from the spectra reconstructed us-
ing synthetic parameters from SWAN for the year 2022.

(a) Power computed from 1D SWAN spectra compared with
power computed from 1D spectra reconstructed from SWAN
synthetic parameters

(b) Power computed from 2D SWAN spectra compared with
power computed from 2D spectra reconstructed from SWAN
synthetic parameters

Figure 7.12: Comparison of the scatter plot of power obtained from SWAN spectra

The scatter plot of Fig. 7.12a compares the power calculated from the 1D SWAN fre-
quency spectra with the power calculated from the 1D frequency spectra reconstructed
from SWAN synthetic parameters. The graph shows a strong correlation between the
two sets of power values, indicated by the clustering of data points around the bisector
(orange dotted line). However, there is a tendency to overestimate the power when using
reconstructed spectra compared to using the spectra directly provided by SWAN. This
slight dispersion is linked to the distribution of energy around a single frequency peak,
while the sea states at Pantelleria were found to be predominantly multimodal.
Fig. 7.12b shows the power calculated from the 2D spectra obtained directly from SWAN
compared with the power calculated from the 2D spectra reconstructed from SWAN syn-
thetic parameters. Similar to the first plot, there is a strong correlation between the two
datasets, with the point cloud closely following the bisector. This correlation confirms
that the 2D spectra reconstructed using SWAN synthetic parameters effectively repre-
sent the 2D spectra obtained directly from SWAN. The results indicate that incorporating
multidirectional analysis significantly refines and enhances the accuracy of the power
estimations.
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Overall, the figures demonstrate that power estimates derived from spectra reconstructed
using SWAN synthetic parameters are in good agreement with those obtained directly
from SWAN spectra. To further detail the analysis and numerically evaluate the congru-
ence between the two datasets, correlation indicators are used.
The Tab. 7.8 presents the correlation results of the PeWEC performance of the two datasets,
using a monodirectional and a multidirectional assumption. The performance metrics
included are RMSE , B I AS, CC and S.

Table 7.8: Performance indicators for PeWEC power production using SWAN spectra and spectra recustructed
from SWAN synthetic parameters, in monodirectional (1D) and multidirectional (2D) analyses

Dataset RMSE
[kW]

B I AS
[kW]

CC S

Calibration

1DTot Spc -1DPar am 2.008 0.664 0.994 0.902

2DTot Spc -2DPar am 1.212 -0.094 0.992 0.990

For the monodirectional comparison the RMSE is 2.008 kW, indicating a significant
error margin in the power estimates when using 1D spectra compared to reconstructed
1D parameters. The B I AS value of 0.664 kW suggests an overall overestimation of power.
However, the correlation coefficient (CC ) is very high at 99.4%, indicating a strong linear
relationship between the datasets. The S value of 0.902 further supports the similarity
between the datasets despite the observed errors.
In contrast, the multidirectional analysis shows a lower RMSE of 1.212 kW, which indi-
cates a more accurate power estimation. The near-zero B I AS value of -0.094 kW suggests
that the 2D analysis does not systematically overestimate or underestimate the power.
The CC for the 2D dataset is 99.2%, reflecting a strong linear relationship between the
direct and reconstructed 2D SWAN spectra. The S value of 0.990 indicates a high degree
of similarity between the direct and reconstructed 2D spectra.
Overall, the table demonstrates that the 2D analysis provides a more accurate and un-
biased power estimation compared to the 1D analysis. The lower RMSE and near-zero
B I AS in the 2D case indicate fewer errors and better alignment with the two dataset. Al-
though both methods show high correlation and similarity, the 2D analysis significantly
refines and enhances the accuracy of the power estimates. This underscores the im-
portance of considering multidirectional wave characteristics for reliable wave energy
resource assessments.

The Tab. 7.9 compares the yearly energy production and the standard deviation
of the power for PeWEC using SWAN spectra and spectra reconstructed from SWAN
synthetic parameters, considering both monodirectional (1D) and multidirectional (2D)
analyses. For the power obtained by monodirectional assumption based on 1D SWAN
spectra, the yearly energy production is 48.45 kWh with a standard deviation of 11.935
kW. When using the 1D recustructed spectra from SWAN synthetic parameters, the en-
ergy production increases to 53.30 kWh with a higher standard deviation of 13.255 kW.
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Table 7.9: Comparison of PeWEC yearly energy production and standard deviation of the power using SWAN
spectra and spectra recustructed from SWAN synthetic parameters, in monodirectional (1D) and multidirec-
tional (2D) analyses

Dataset E [kWh] σPower [kW]

1DTot Spc 48.45 11.935

1DPar am 53.30 13.255

2DTot Spc 37.28 9.3502

2DPar am 36.59 9.5247

This suggests that the use of synthetic parameters in the 1D analysis results in a higher
estimate of energy production and also introduces greater variability.
In the case of the 2D analysis, the power obtained by SWAN spectra shows a yearly energy
production of 37.28 kWh with a standard deviation of 9.3502 kW. The power computed
from the 2D recustructed spectra using synthetic parameters, on the other hand, indi-
cates a slightly lower energy production of 36.59 kWh and a standard deviation of 9.5247
kW. This indicates that the multidirectional analysis yields lower and more consistent
energy estimates compared to the monodirectional analysis.
Overall, the comparison highlights that the 1D analysis based on the synthetic param-
eters tends to overestimate energy production and exhibits higher variability, whereas
the 2D analysis provides more consistent estimates. This underscores the importance of
using multidirectional analysis for more accurate and reliable wave energy assessments.

PEWEC PERFORMANCE ERROR RESULS DISCUSSION BASED ON MULTIPEAK

AND MONOPEAK SPECTRA
Detailed knowledge of the sea states at the WEC installation site is essential for detailed
design and correct identification of the forcing agents on the device. This includes eval-
uating the persistence of single-modal or multi-modal sea states and incorporating di-
rectional information through the directional spreading parameter.
Several studies have indicated that the probability of encountering bimodal spectra in
the North Sea varies between 10% and 30%. However, this frequency may increase de-
pending on specific sea conditions and measurement locations. For instance, in the case
of Pantelleria, the occurrence of multimodal sea states is higher than 90%, with the re-
maining sea states characterized by the existence of three or four different sea states.
This result emphasizes the importance of in-depth analysis of wave conditions at the
site of interest, as the coexistence of different sea states redistributes wave energy across
two or more peaks.
Based on the evidence described, a comparative analysis was conducted between the
performance evaluation of the PeWEC in Pantelleria in 2022 using spectra directly pro-
vided by SWAN and spectra reconstructed from the synthetic parameters provided by
SWAN. The spectra directly provided by SWAN are frequency-directional and account
for the coexistence of different sea states. In contrast, the reconstruction of the spec-
tra from SWAN’s synthetic parameters is based on the assumption of mono-modal sea
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states, characterized by a single peak. The JONSWAN spectrum is used to identify the
distribution of wave energy along the frequencies, and the directional spectrum is re-
constructed based on the formulation proposed by Mitsuyasu. This approach replicates
common practice to identify its limitations and quantify the induced error in the specific
case.
The comparison between the powers obtained under the monodirectional assumption
shows that the use of synthetic parameters for the reconstruction of the spectrum in-
duces an overestimation of the energy by 10%. This result is attributed to the assumption
of uni-modal sea states, where the energy is distributed around a single peak frequency.
In the case of multi-modal sea states, however, two or more peaks coexist, and the en-
ergy is distributed in a more complex and less narrow manner.
The results based on the multidirectional analyzes show greater congruence between
the data, with a minimal underestimation of 1.8% between the use of the reconstructed
spectra and the ones directly provided by SWAN. This result is attributed to the complex
energy distribution on 2D spectra characterized by two or more peaks. In particular, the
directional spreading parameter calculated on the basis of the entire directional spec-
trum provides a representative value of the wave energy distribution around the average
direction. Consequently, the presence of two or more directional peaks increases this
parameter, as it represents the standard deviation of the distribution. Assuming the co-
existence of only two sea states, as the directional difference between the peak directions
of these sea states increases, the directional spreading parameter calculated on the en-
tire directional spectrum also increases.
These findings highlight the critical importance of considering directional spreading and
the use of synthetic parameters for the reconstruction of single-modal spectra demon-
strates its reliability, with a reduced error rate. This result is encouraging, as the obtain-
ing and processing of synthetic parameters appears to be simpler and better known.

7.3. PEWEC ENERGY CONVERSION IN PANTELLERIA

T HE analysis of the performance of the PeWEC in Pantelleria is based on 10 years of
2D and 1D hourly spectra obtained from the SWAN model. This analysis aims to

evaluate the manufacturability of the device at the identified site and to quantify the er-
rors arising from the assumption of monodirectionality.
Fig. 7.13 illustrates the seasonal variability of the power output of the PeWEC based on
the monodirectional and multidirectional assumptions.
The Fig. 7.13a shows the monthly minimum, maximum, average, 5th percentile, and
95th percentile of power output throughout the year. From the graph, it is clear that en-
ergy production fluctuates significantly over the year. Maximum power output is consis-
tently higher in the winter months, with peaks observed in March and November. These
results indicate that wave energy, assumed to be monodirectional, is most potent dur-
ing the winter months, which is typical due to increased wave activity during this sea-
son. The 5th percentile line remains close to zero, indicating the presence of sea states
with very low wave energy. The 95th percentile line, representing the highest energy
events, shows substantial variability, particularly in the winter months, suggesting more
frequent high-energy wave events during this period.
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Figure 7.13b presents the seasonal variability of the power output of the PeWEC based on
the multidirectional assumption. Similar to the monodirectional assumption, the graph
shows the monthly minimum, maximum, average, 5th percentile, and 95th percentile
of power output. The graph reveals that power production under the multidirectional
assumption also fluctuates throughout the year, but with some differences compared to
the monodirectional assumption. The maximum power output in the winter months is
still higher than in the summer months, but the peaks are less pronounced. This indi-
cates a more coherent distribution of wave energy across different directions, reducing
the impact of high-energy events. The 5th percentile line remains close to zero, indicat-
ing periods of low wave energy. The 95th percentile line shows less variability than under
the monodirectional assumption, reflecting wave energy that is more evenly distributed
across multiple directions.

(a) Seasonal variability of PeWEC power output based on monodirectional assumption

(b) Seasonal variability of PeWEC power output based on monodirectional and multidirectional assumption

Figure 7.13: Season variability of PeWEC power output based on monodirectional and multidirectional as-
sumption

The analysis of the seasonal variability of PeWEC power production under both monodi-
rectional and multidirectional assumptions highlights the importance of considering di-
rectional spreading in wave energy resource assessments. The monodirectional assump-
tion tends to overestimate energy production during high-energy events, particularly in
the winter months. In contrast, the multidirectional assumption provides a more bal-
anced and accurate representation of the wave energy resource, leading to more reliable
estimates of device performance.
Fig. 7.14 illustrates the inter-annual variability of PeWEC power output based on the
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monodirectional and multidirectional assumption from 2013 to 2022. The graphs show
the yearly minimum, maximum, mean, 5th percentile, and 95th percentile of the power
output. The data based on the monodirectional assumption (Fig. 7.14a) indicate that
the maximum power output remains relatively consistent across the years, with slight
fluctuations. Peaks are observed in the years 2013 and 2021, suggesting that these years
experienced higher wave energy events. The mean power output remains stable across
the decade, indicating consistent wave energy availability. The 5th percentile line re-
mains close to zero, reflecting periods with very low wave energy, while the 95th per-
centile shows slight variability, particularly, highlighting the occurrence of high-energy
wave events.
Fig. 7.14b presents the inter-annual variability of PeWEC power output based on the
multidirectional assumption over the same period. Similar to the monodirectional as-
sumption, the graph shows the yearly minimum, maximum, mean, 5th percentile, and
95th percentile of power output. The maximum power output in the multidirectional
analysis also shows slight fluctuations, with peaks in 2013 and 2021, but the peaks are
less pronounced compared to the monodirectional assumption. The mean power out-
put remains stable, and the 5th percentile line stays close to zero, indicating low-energy
periods. The 95th percentile shows less variability than the monodirectional assump-
tion.

(a) Inter-annual variability of PeWEC power output based on monodirectional assumption

(b) Inter-annual variability of PeWEC power output based on multidirectional assumption

Figure 7.14: Inter-annual variability of PeWEC power output based on monodirectional and multidirectional
assumption

The comparison between the two figures underscores the importance of considering
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multidirectional wave energy analysis for accurate performance evaluation of wave en-
ergy converters. The monodirectional assumption tends to overestimate power output
during high-energy events, as evidenced by the more pronounced peaks in the maxi-
mum power output. In contrast, the multidirectional assumption provides a more bal-
anced and accurate representation of wave energy, with less pronounced peaks and re-
duced variability in the 95th percentile. Overall, the multidirectional analysis results in
more reliable and consistent estimates of PeWEC power output, minimizing the risk of
overestimating energy production. This comprehensive approach to evaluating wave
energy resources ensures better-informed decisions regarding the design, placement,
and operation of wave energy converters, ultimately enhancing the efficiency and relia-
bility of marine renewable energy systems.

7.4. DISCUSSION

T HE chapter focuses on evaluating the performance of the PeWEC using various data
sources and spectral approximations.

The primary objective of this chapter is to analyze the errors in performance estimation
that arise from utilizing different wave data sources and assumptions about wave spec-
tra. The study evaluates PeWEC’s performance using both monodirectional and multidi-
rectional spectral approximations. By comparing these approaches, it becomes evident
that monodirectional assumptions tend to overestimate power output, leading to inac-
curacies. In contrast, multidirectional analysis provides a more balanced and realistic
representation of wave energy, resulting in more reliable estimates of PeWEC’s perfor-
mance. This discrepancy underscores the necessity of considering wave directionality
in performance evaluations to avoid significant errors in energy production predictions.

The chapter begins with a detailed examination of the impact of different data sources,
including in-situ measurements, global numerical models, and local numerical models,
on PeWEC performance evaluation, highlighting their respective advantages and limita-
tions in providing accurate wave data.

Furthermore, the chapter investigates the errors in performance estimation based on
discretized synthetic parameters, reproducing the commonly used technique based on
the power matrix to estimate the producibility of WECs. This involves analyzing PeWEC’s
power output relative to different pairs of significant wave height and energy period val-
ues under the monodirectional assumption, and the triplet of significant wave height,
energy period, and directional spreading under the multidirectional assumption. The
findings demonstrate that simplifying the study using discrete parameters can lead to
substantial estimation errors.

The correlation between performance estimates derived from 1D (monodirectional)
and 2D (multidirectional) assumptions is also explored. The results highlight that mul-
tidirectional wave interactions must be considered for a more realistic assessment of
PeWEC’s performance. The study shows that neglecting these interactions can result in
overestimations of up to 30% in energy production, significantly impacting the feasibil-



7

204 7. INTRODUCTION

ity and design of wave energy projects. To overcome this discrepancy, the use of Bias
Correction techniques, such as simple linear regression, shows promising results.

Moreover, the chapter examines the impact of multi-peak versus single-peak spectra
on performance estimation. The analysis reveals that complex wave spectra character-
ized by multiple energy peaks, typical of the Pantelleria site, require detailed spectral
representations to obtain accurate performance predictions. In particular, comparing
the results of these two cases under the assumption of monodirectionality, clear estima-
tion errors are identified. However, the inclusion of directional energy spreading leads
to more accurate estimates and reduces errors.

Lastly, the chapter evaluates the performance of PeWEC in reference to the sea condi-
tions at Pantelleria from 2013 to 2022, providing insights into stationary and inter-annual
variability.

7.5. CONCLUSION

T HIS chapter concludes that accurate performance evaluation of the PeWEC requires
the use of multidirectional spectral data. The findings highlight that monodirec-

tional assumptions and simplified spectral representations introduce significant errors
in energy production estimates. By employing multidirectional wave data and detailed
spectral models, the study demonstrates a more accurate and reliable prediction of PeWEC’s
performance.

The comparison of various data sources reveals that high-resolution, locally cali-
brated models, such as SWAN, offer better approximations to in-situ data than global
models like ERA5. Although ERA5 is useful for initial evaluations, its lower accuracy un-
derscores the importance of using precise local models for detailed assessments. The
study reveals that the 1D analysis based on ERA5 data induces an error of 21.3% com-
pared to the 2D assumption based on in-situ data.

Moreover, the investigation into discretized synthetic parameters and their impact
on performance estimation underscores the necessity of detailed spectral analysis. Re-
search shows that simplified parameters may fail to capture the complexity of wave con-
ditions, leading to estimation errors. The analysis indicates that, under the multidirec-
tional assumption, the absolute error between parameters provided by SWAN and those
discretized according to different bins varies between 0.12% for the densest discretiza-
tion and 6.42% for the sparsest discretization.

The chapter also addresses the error induced by the assumption of monodirection-
ality and suggests using a simple linear regression technique to calibrate data obtained
from the 1D assumption with respect to the 2D one. The results show that the overesti-
mation of the energy converted by PeWEC exceeds 30% when directional information is
neglected. However, by applying data calibration, this overestimation decreases to 0.6%
for the specific case.
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In conclusion, the chapter compares the power estimates obtained using spectra di-
rectly provided by SWAN with those reconstructed from synthetic parameters provided
by SWAN. This comparison aims to highlight how the assumption of unimodal sea states
can negatively impact the performance estimate of a device installed at a site character-
ized by multimodal sea states. The analysis shows a clear difference in performance
under the monodirectional assumption, which is drastically reduced when using multi-
directional data. Specifically, the overestimation in the 1D case is 10%, while in the 2D
case, it is reduced to 1.8%.
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CONCLUSIONS AND FUTURE WORKS

8.1. CONCLUSIONS AND FUTURE WORKS DESCRIP-
TION

T HIS thesis has explored in depth the energy potential of sea waves fot the Pantelleria
case and the effectiveness of PeWEC under this wave conditions. Through a combi-

nation of in-situ measurement recors, satellite observations and numerical models, it is
possible to obtain a detailed picture of the wave conditions and energy potential of the
site. The main results and conclusions reached are summarized below.

Satellite collocation analysis: The use of satellite data for the validation of numeri-
cal models has become increasingly popular. In particular, since in-situ instruments are
difficult to access and find, as well as having frequent gaps in the records, the expansion
of the validation datasets with the inclusion of satellite data is a useful strategy.
The reliability analysis of satellite data is conducted using a 30-minute time criterion for
data collocation and varying spatial distances from the buoy installation site, ranging
from 10 km to 90 km. This approach aims to determine the optimal spatial range for in-
tegrating satellite data with in-situ buoy data, ensuring a comprehensive understanding
of how spatial factors influence data congruence. Proximity to Tunisia limited the max-
imum distance to 90 km, and a sensitivity analysis assessed the impact of including or
excluding satellite measurements from the southeast quadrant relative to the buoy.
Two methodologies are used to identify the satellites significant wave height value for
each collocation: the nearest measurement to the installation site and the mean value
of the measurements at each collocation. In particular, four case studies are analyzed:
MDQ (Mean-Distance-Quadrant), N DQ (Near-Distance-Quadrant), MD (Mean-Distance),
and N D (Near-Distance), with MDQ and N DQ excluding the southeast quadrant.
Cases with a radius of 10 and 20 km are excluded from the performance analysis due to
small datasets and poor adherence to in-situ data. The analysis indicates that increasing
the radius of the spatial collocation criterion improves the adherence of satellite data to

207
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in-situ measurements, likely due to the larger dataset allowing for more comprehensive
sea condition comparisons. Unexpectedly, excluding data from the southeast quadrant
reduced overall performance, suggesting that including this quadrant enhances the ro-
bustness of the analysis. This finding warrants further investigation with higher tempo-
ral coverage and similar geographical configurations.
The best performance is observed in the MD case with an 80 km radius, achieving a
correlation coefficient (CC ) of 87.8% and an RMSD of 0.316 m, demonstrating good ad-
herence of satellite data to in-situ data despite the challenging geographical conditions.
In conclusion, the results underscore the potential of satellite data even in less favorable
locations and highlight the importance of analyzing spatial criteria to identify optimal
performance conditions. To validate these findings further, similar analyses in differ-
ent locations are recommended. For this thesis, satellite data from AODN are used as a
benchmark for validating the SWAN numerical model, extending the temporal coverage
of the validation beyond what in-situ data alone can offer.

SWAN model calibration through the Stage-Gate approach: Calibrating numerical
model such as SWAN is essential for ensuring accurate predictions of sea wave condi-
tions. The Stage-Gate approach adopted in this thesis provides a systematic and efficient
method to calibrate SWAN by reducing the number of configurations to analyze and op-
timizing both accuracy and computational times. This approach divides the calibration
process into distinct phases (Stages), each representing a specific set of parameters to
be calibrated. Each phase is followed by a checkpoint (Gate) where the model’s perfor-
mance is evaluated, and decisions are made on how to proceed. This method allows a
progressive focus on the most relevant aspects, enhancing the efficiency of the calibra-
tion process.
In particular, the calibration of the SWAN model using the Stage-Gate approach led to
notable improvements in terms of accuracy and compuatational times, especially in the
calibration phase of the bathymetric source and mesh resolution. The use of EMODnet
bathymetry, compared to GEBCO, showed a more accurate representation of the param-
eters Hs and Te thanks to the greater spatial resolution provided by EMODnet (approx-
imately 115 m compared to 460 m of GEBCO). In the time-step calibration phase, the
configuration with a 30-minute interval proved to be the most efficient, reducing calcu-
lation time by 87% compared to the configuration with a 5-minute interval, while main-
taining the same level of accuracy.
Configurations for wind and wave boundary conditions, based on two-dimensional frequency-
directional spectra, improved the accuracy of Hs and Te with a 22.5% increase in calcu-
lation time compared to conventional descriptions based on synthetic parameters. The
frequency range analysis phase shows that aligning the frequency range with that of the
in-situ instruments for spectral density propagation and output calculations led to the
highest accuracy, especially for the Te parameter.
The analysis of whitecapping and exponential wind growth patterns led to selecting con-
figurations based on Rogers’ formulations, improving the accuracy of both Hs and Te ,
albeit with a 24% increase in computation time compared to the default configurations.
The wind drag analysis phase identified the default configuration as the most accurate,
maintaining similar compuatational times compared to other formulations.
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Further analysis of additional physical components, such as linear wind growth, bot-
tom friction, and triad-triad wave interaction, highlights that their inclusion does not
improve the model’s accuracy, despite a slight increase in computation time. This un-
derscores the need to carefully evaluate the inclusion of such physical phenomena.
The results indicate that significant improvements in the accuracy of Hs are not achieved,
with RMSD consistently around 0.241 m and CC stable at approximately 96.7%. How-
ever, the accuracy of Te predictions saw notable improvements, with RMSD decreas-
ing from 0.726 s in the initial configuration to 0.432 s in the final configuration. CCTe

increased from 87.8% to 93.4% from the first to the last configuration obtained via the
Stage-Gate approach.
In summary, the choice of bathymetric source and mesh resolution significantly impacts
model accuracy. Balancing the time interval and the maximum number of iterations is
crucial for optimal model performance, as is the careful selection of the physical model
for whitecapping and exponential wind growth. The Stage-Gate approach, by breaking
the problem into manageable subproblems, has proven to be an effective method for
optimizing SWAN model configurations, providing a reliable and efficient tool for ob-
taining accurate data in reasonable computation times.

Prevalence of multi-modal sea states: Wave energy assessment analysis is of funda-
mental importance when operating in the marine sector. In particular, in the field of
Wave Energy Converter (WEC) design, conducting analyses in compliance with IEC/TS
62600-101:2015 standards allows for a coherent and detailed investigation of the sea
states at the study site.
A particularly relevant result emerges from the analysis conducted for the Pantelleria
site. A predominance of bi-modal maritime states is revealed, characterized by the com-
bination of wind waves and swell, occurring with a frequency greater than 80%. The
remaining sea states consist of a superposition of wind waves and at least two swell com-
ponents. Furthermore, the energy contribution of wind waves is significant but not to-
talitarian, constituting approximately 75% of the total wave energy.
These findings highlight how the assumption of uni-modal sea states, described through
synthetic parameters obtained from the overall spectrum, does not accurately character-
ize the site of interest. This result underscores the importance of investigating the direc-
tional and multi-modal nature of sea states to obtain a comprehensive understanding of
the wave energy resource. It is crucial to partition the wave spectrum and analyze the
individual components to accurately capture the complexity of the sea conditions.

Performance evaluation for wave direction sensitive WECs: PeWEC proves to be a
promising device for wave energy conversion in the Mediterranean Sea. Performance
evaluations under various wave conditions highlight the importance of considering mul-
tidirectional waves to obtain accurate estimates of energy production. The analysis re-
veals that monodirectional assumptions tend to overestimate energy production, lead-
ing to significant energy conversion errors. Comparison of data from different sources
shows that high-resolution local models, such as SWAN, provide better approximations
than global data sources like ERA5. This underscores the importance of using accurate
local models for detailed assessments. Specifically, the study reveals that monodirec-
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tional analysis based on ERA5 data induces an error of 21.2% compared to the multidi-
rectional hypothesis based on in-situ data. When using SWAN data, this error is 33.4%.
The reason lies in the underestimation of ERA5 data compared to the wave resource in
Pantelleria and the overestimation due to the assumption of monodirectionality. Com-
paring the errors of the powers extracted by PeWEC based on ERA5 and SWAN data in
the multidirectional case shows an underestimation of 12.8% in the first case and 6.3%
in the second if compared with the power conversion obtained using in-situ data.
Additionally, the analysis concludes that an accurate evaluation of PeWEC’s performance
requires the use of multidirectional spectral data. However, in the absence of such infor-
mation, synthetic parameters can reconstruct frequency-directional spectra, provided
the analysis is carried out under the hypothesis of multidirectionality.
Further investigation of discretized synthetic parameters and their impact on perfor-
mance estimation highlights the need for detailed spectral analysis, avoiding the use of
coarse bins as much as possible. Research indicates that simplified parameters may fail
to capture the complexity of wave conditions, leading to estimation errors. The anal-
ysis shows that, under the multidirectional hypothesis, the absolute error between the
parameters provided by SWAN and those discretized according to different bins varies
between 0.12% for the densest discretization (i.e. ∆Hs = 0.25m ∆Te = 0.5s and∆s = 2.5◦)
and 6.42% for the most scattered (i.e. ∆Hs = 1m ∆Te = 2s and ∆s = 10◦).
The study also addresses the error induced by the monodirectionality hypothesis and
suggests using a simple linear regression technique to calibrate the data obtained from
the monodirectional hypothesis versus the multidirectional one. However, this approach
requires conducting both monodirectional and multidirectional analyses to identify the
correlation coefficients necessary for the calibration. Results show that the overestima-
tion of the energy converted by PeWEC exceeds 30% when neglecting directional infor-
mation. However, by applying data calibration, this overestimation decreases to 0.6% in
the case of Pantelleria.
These analyses aim to highlight how the hypothesis of uni-modal, monodirectional, and
simplified sea states can negatively impact the performance estimate of a device in-
stalled in a site characterized by complex sea states. The analysis shows a clear difference
in performance under the monodirectional assumption, which is dramatically reduced
when using multidirectional data. Evaluation of the PeWEC model demonstrates that
exploiting high-resolution local models and considering the multidirectional nature of
waves is essential for precise estimates of energy production. The results also emphasize
the importance of comprehensive wave characterization for the effective design and op-
timization of wave energy converters.
This results demonstrates that combining advanced measurement methods with nu-
merical models can provide accurate estimates of wave energy resources and the per-
formance of conversion devices. The results underscore the importance of considering
wave multidirectionality and utilizing high-resolution local models for precise assess-
ments. This integrated approach not only enhances the understanding of marine en-
ergy resources but also offers valuable insights for the design and optimization of wave
energy converters, significantly contributing to sustainable development and efficient
utilization of marine resources.
The work conducted represents a significant advancement in evaluating wave energy
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resources and designing efficient devices for their conversion. The methodologies de-
veloped and the results obtained can be applied to other sites, contributing to a broader
and more informed dissemination of wave energy technologies and supporting the tran-
sition towards a more sustainable and diversified energy mix. This thesis, therefore, pro-
vides a solid foundation for future studies and applications in the field of wave energy,
highlighting the importance of data accuracy and the integration of various measure-
ment and modeling techniques to address challenges related to the assessment and uti-
lization of marine resources.
Future works will include the application of non-linear modeling for the analysis of wave-
device interactions. In reality, these interactions are complex and non-linear, and linear-
ity can only be assumed under simplifying hypotheses, such as the assumption of small
motions of the WEC. Addressing these complexities will further enhance the accuracy
and reliability of wave energy assessments and the design of wave energy converters.
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