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 A B S T R A C T

The power performance of wave energy converters (WECs) is directly related to the characteristics of ocean 
waves, which are influenced by climate change through variations in wave height, frequency, direction, and 
storm intensity. This study investigates the impacts of long-term sea state climate variability on the power 
performance of single-body heaving point absorber WEC arrays through a case study of four geographically 
diverse regions: the Western Tropical Pacific, Southwest Indian Ocean, North Pacific, and South Atlantic. 
The trends and evaluation of wave energy availability, along with the power absorption of four WEC array 
configurations across different temporal and spatial resolutions, are analyzed using the ERA5 European Centre 
for Medium-Range Weather Forecasts (ECMWF) historical hourly wave condition dataset from 1940 to 2023. 
The results highlight regional differences in the effects of climate change on wave energy potential and WEC 
power performance. Statistical methods, including the Mann–Kendall trend test, are employed to quantify trend 
magnitude and direction. Despite an overall increase in absorbed power due to climate-driven changes in wave 
patterns, observed trends in CWR and q-factor are not uniformly positive, highlighting the complex influence 
of wave-structure interactions and inconsistent wave climates. This analysis underscores the importance of 
understanding both spatial and temporal changes in wave conditions when optimizing WEC array layouts for 
sustained, efficient energy capture in a changing climate.
1. Introduction

As global energy demands continue to increase and concerns about 
climate change intensify, the search for reliable, renewable energy 
sources has become a priority [1,2]. Ocean wave energy presents a 
promising and largely untapped potential among these sources [3,4]. 
WECs are devices designed to harness the kinetic energy of ocean 
waves. However, the long-term performance of WECs may be influ-
enced by changing climate conditions [5]. It is necessary to understand 
how climate change impacts the availability and characteristics of wave 
energy resources. Climate change is expected to alter oceanographic 
conditions, including wave height, period, and direction, which are 
critical factors for the power generation capacity of WECs [6,7]. Re-
gions of the world can experience significant variations in wave energy 
potential, which impacts the efficiency and reliability of wave energy 
systems. The ability of WECs to adapt to these changes will be essential 
for ensuring their long-term viability as a part of the global renewable 
energy solution [8].

Climate change can affect the amount of harvested power by WECs 
through its impact on key oceanographic factors that determine wave 
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energy potential [9]. The primary effects include changes in wave 
height, wave frequency, wave direction, and storm intensity [10–12]. 
The energy harvested by WECs is proportional to the square of the 
wave height [13]. This means even small changes in wave height can 
significantly affect the generated power. As the climate changes, certain 
regions may experience either increases or decreases in average wave 
heights. Changes in wind patterns, a direct consequence of climate 
change, can alter wave frequency [14,15]. This could either enhance or 
reduce the effectiveness of WECs, depending on whether the changes 
align with their optimal operating conditions. Changes in wind patterns 
due to climate change can also alter wave direction [16]. If waves begin 
coming from a direction that the WEC is not optimized for, the amount 
of harvested energy may decrease unless the system can adapt.

Climate change is likely to increase or decrease the frequency 
and intensity of storms in some regions [17]. This can lead to more 
frequent shutdowns or damage to WECs in areas with severe storms, 
reducing long-term power output [18]. Alternatively, calmer seas may 
also reduce the available wave energy in regions where storm intensity 
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Fig. 1. Geographical locations of the considered points to study the power performance 
of case study WEC arrays.

decreases [19]. Rising sea levels can change the depth and profile 
of wave propagation as they reach coastal areas which are the place 
where WECs are installed. Deeper water might enhance or reduce the 
efficiency of certain WEC designs depending. As sea levels rise due 
to global warming [20,21], WECs installed in shallow coastal waters 
may experience altered wave dynamics, potentially reducing their ef-
ficiency [22]. Seasonal and long-term climate variability can cause 
fluctuations in wave energy potential [23]. This may create challenges 
for grid stability and reliability of energy supply from WECs.

Some studies related to the effects of long-term climate change on 
wave energy resources and WECs’ performance have been conducted in 
past years. Research [24] introduced a method to measure the impacts 
of climate change on wave energy generation by a WEC. When applied 
to the Wave Hub site off Cornwall, it suggested that future wave condi-
tions will slightly increase or decrease available wave power and energy 
yield, depending on greenhouse gas emission scenarios. Studies [25,26] 
have shown that rising upper-ocean temperatures and shifting wind 
patterns have contributed to a measurable increase in global wave 
power, with regional variations in its impact. The study [27] analyzed 
the 20th-century wave energy resource trends off the west coast of 
Ireland. It concluded a 40% increase over the century and significant in-
creases in the last 20 years. It highlighted the impact of these variations 
on the power absorption of WECs and noted a rise in extreme events. 
The key studies on the impacts of climate change on various renewable 
energy sources were reviewed in [10]. It highlighted research gaps, 
especially in specific regions and technologies, and underscored the 
need for economic estimates with a value chain perspective.

Ref. [28] summarized key scientific works from the 2018 SEEP 
conference, focusing on renewable energy and environmental protec-
tion. It includes advances in energy conversion systems, policies for 
renewable energy adoption, greenhouse gas emission reductions, and 
CO2 capture progress. Study [29] investigated how climate change 
affects wave energy potential along the Atlantic coast of the Iberian 
Peninsula. According to this research, high-emission global warming 
scenarios show a decreasing trend in wave power, especially in the 
northwest, with slight increases near the Strait of Gibraltar. The long-
term variability in global wave power was evaluated in [30] using the 
ERA5 wave reanalysis data (1940–2022). Findings showed a consis-
tent increase in wave power which is driven by climate change and 
Antarctic Oscillation events. These changes were especially significant 
in the Southern Hemisphere, affecting mid and low-latitude regions of 
the oceans.

Ref. [18] examined how long-term changes in wave climate affect 
oscillating water column WECs in the Mediterranean. According to this 
research, projected wave climate changes by year 2100 show significant 
regional variations in optimal device geometry and potential increases 
in annual energy production. Study [15] investigated the impact of 
long-term variations in wave periods on the WECs performance from 
1900 to 2010. Using reanalysis data (ERA-20C and ERA5). It found 
significant changes in wave periods globally and at specific locations 
like Ireland. The findings reveal that performance variations of up to 
2 
20% occur for oscillating water column devices and floating bodies due 
to deviations from their natural resonance frequency or optimal wave 
period.

In recent years, Artificial Intelligence (AI) has revolutionized the 
wave energy by improving the efficiency, control, and reliability of 
WECs. AI techniques are extensively employed to optimize wave en-
ergy extraction [31–33] and prediction of wave conditions [34–37]. 
For instance, a time-series auto-regressive model was applied to pre-
dict wave excitation force in the near future [38]. The paper [39] 
presented a Meta-learner gradient boosting method to improve wave 
energy prediction accuracy, leveraging multi-layer convolutional dense 
neural networks and optimized extreme gradient boosting. Study [40] 
integrated parallelized deep reinforcement learning and computational 
fluid dynamics to control a point absorber WEC by dynamically ad-
justing the PTO force based on the wave features. These advancements 
indicate the pivotal role of AI in wave energy by allowing intelli-
gent decision-making, optimizing energy conversion, and enhancing 
resilience against climate change wave variability [41].

The literature review clearly shows that comprehensive and diverse 
research on how climate change affects the performance of WECs is still 
lacking and more research is needed in this field. While several studies 
have investigated WEC performance, most focus on short-term analyses, 
typically spanning a few years. It is crucial to understand how climate 
change-induced variations in wave characteristics influence power per-
formance over multiple decades. Existing research primarily evaluates 
individual WEC performance or simple array configurations without 
considering how different array layouts respond to climate change. 
Given that array interactions can significantly impact power absorption 
and overall efficiency, it is essential to analyze how various configura-
tions perform under evolving wave conditions. Moreover, Many prior 
assessments focus on a limited number of locations, often in European 
or North American waters. However, climate change effects on wave 
energy resources vary significantly across different ocean basins. The 
long-term effects of climate change on wave energy resources and the 
power performance of WEC arrays remain insufficiently understood.

This study aims to investigate the potential impacts of long-term cli-
mate variability on the power performance of single-body heaving point 
absorber WEC arrays in selected ocean regions from 1940 to the end of 
2023 based on the ERA5 ECMWF reanalysis data set [42]. By focusing 
on four diverse regions – the Western Tropical Pacific, the Southwest 
Indian Ocean, the North Pacific, and the South Atlantic – this research 
provides insight into how different geographical locations may have 
experienced changes in wave energy resources over the past decades. 
These analyses focus on the interaction between changing climate 
variables (Significant height of combined wind waves and swell, Peak 
wave period, and Mean wave direction) and the operational efficiency 
of WEC arrays. To do this purpose, several analytical approaches are 
conducted: a comprehensive analysis of historical wave climate data 
to identify trends and changes in wave patterns of the considered 
studied area, simulation of four different types of single-body heaving 
point absorber WEC arrays, assessing how different wave conditions 
impact considered WEC arrays’ efficiency using existing WEC power 
performance criteria that relate wave parameters to power generation, 
including annual, seasonal, and extreme event performance metrics, 
and finally use statistical metrics, graphs, and tables to compare WEC 
performance across different climate scenarios.

Understanding these trends is crucial for optimizing WEC designs 
to ensure resilience against climate-driven changes. This research con-
tributes to the broader goal of integrating wave energy into future 
renewable energy strategies, offering valuable insights for policymak-
ers, engineers, and researchers working to secure a sustainable energy 
future in a changing climate. In general, the necessity of conducting 
this research can be listed as follows:

• Understanding how long-term climate changes might affect WECs 
ensures that future energy planning and infrastructure develop-
ment remain robust, adaptable, and economically viable.
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Fig. 2. The overall hourly mean of ERA5 collected data for the world’s significant wave height and peak wave period from 1940 to 2023.
Fig. 3. The overall hourly mean of ERA5 collected data for the world’s significant wave height of different seasons from 1940 to 2023.
• Climate change can alter critical sea state parameters such as 
wave height and period. All these parameters directly influence 
the efficiency and performance of WECs. Assessing these changes 
helps anticipate and adapt to future variations in energy output, 
which reduces uncertainties in energy supply from WECs.

• Investigating long-term climate impacts on WECs allows engi-
neers and designers to build more adaptive systems capable of 
maintaining performance even as climate patterns change. This 
ensures the long-term sustainability and reliability of wave energy 
projects.

• By studying specific locations, such as the Western Tropical Pa-
cific or South Atlantic (as in this study), it is possible to design 
wave energy systems to optimize performance in specific cli-
mates. This geographical focus enhances understanding of region-
specific challenges and opportunities.

• Studying the interplay between climate change and WEC per-
formance fills gaps in understanding how ocean energy systems 
might evolve over the coming decades.

• By understanding the climate’s evolving impact on energy infras-
tructure like WECs, governments can create better policies and 
3 
financial models that promote sustainable energy development 
over the next few decades.

The novelty of this study lies in its comprehensive, long-term assess-
ment of WEC array performance under climate-driven wave variations, 
which has not been extensively explored in previous research. Unlike 
most studies that focus solely on changes in wave energy potential, 
this work explicitly examines how these changes affect power perfor-
mance metrics, such as capture width ratio (CWR) and q-factor, across 
different WEC array layouts. Additionally, this research employs a high-
resolution historical dataset (ERA5,1940–2023) and apply statistical 
trend analysis to evaluate spatial and temporal variations in wave 
energy conversion. This study uniquely highlights how site-specific 
wave-structure interactions influence efficiency trends. By bridging 
climate science and wave energy engineering, this research provides 
new insights into optimizing WEC arrays for long-term resilience in a 
changing climate.

Other remaining parts of the manuscript are as follows: Section 2 
presents the used methods and materials, starting with the selection 
of study areas (Section 2.1), followed by the considered wave climate 
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Fig. 4. Schematic representation of the considered WEC array layouts.
Fig. 5. Calculated added mass coefficients in the heave direction for WEC 1 (upper right corner) of Layout 2 (square layout) and its interaction with other WECs.
data from the ERA5 reanalysis dataset (Section 2.2), and explanation 
of different WEC array layouts (Section 2.3). Section 3 outlines the 
governing equation of motion of the WEC arrays, capturing the dy-
namic interactions between the devices and the wave environment. 
In Section 3.1, the power performance metrics are introduced which 
provides a framework for evaluating the efficiency and effectiveness of 
the WEC arrays under long-term wave conditions. The results of the 
4 
analyses are presented in Section 4, followed by the conclusions drawn 
from this study in Section 5.

2. Methods and materials

This section outlines the methodology and the materials used in 
this research. The study focuses on several regions with diverse wave 
climates using historical wave data from the ERA5 reanalysis. The WEC 
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Fig. 6. Calculated radiation wave damping coefficients in the heave direction for WEC 1 (upper right corner) of Layout 2 (square layout) and its interaction with other WECs.
Fig. 7. Absorbed power performance (kW) matrix of the considered point absorber WEC based on 3600 s time-domain simulation.
array configurations and system parameters, including the geometric 
layout and PTO system, are detailed.

2.1. Study areas

The study areas were selected in a way that they have been affected 
by climatic changes in recent years. Table  1 shows the details of consid-
ered areas to study the power performance of case study WEC arrays. 
Moreover, their geographical locations on the map are illustrated in 
Fig.  1. These areas are spread across four major ocean regions: Western 
Tropical Pacific, Southwest Indian Ocean, North Pacific, and South 
Atlantic. The chosen regions are selected based on their diverse wave 
energy characteristics, spanning multiple ocean basins with distinct me-
teorological and oceanographic conditions. These regions represent a 
range of wave climates, including high-energy environments and lower-
energy tropical regions. The inclusion of different climatic regimes, 
such as monsoonal influences in the Southwest Indian Ocean and the 
effects of strong westerly winds in the South Atlantic, ensures that the 
study captures a wide spectrum of wave energy variations driven by 
long-term climate trends. Furthermore, these locations are strategically 
selected to cover both developed and emerging wave energy resource 
regions that contribute to the global understanding of the impacts of 
climate change on WEC performance. The availability of long-term, 
5 
high-resolution wave data from ERA5 for these regions allows for 
a robust statistical assessment of wave energy trends. This diverse 
selection enhances the representativeness of the study and strengthens 
its contribution to the field of wave energy converter performance 
analysis under climate change scenarios.

2.2. Wave climate dataset

In this study, the considered areas’ wave climate data are collected 
from the ERA5 reanalysis dataset [42] to analyze the long-term effects 
of climate change on studied WEC arrays. The ERA5 is produced by 
the ECMWF. It is the fifth-generation reanalysis of the global climate 
and weather, providing high-resolution data over the past eight decades 
from 1940 onwards. ERA5 provides data from 1979 onward, while 
earlier periods are based on reanalysis estimates. The dataset offers 
hourly estimates of various atmospheric, land, and oceanic parameters 
on a global scale, with a spatial resolution of 0.5◦ × 0.5◦ for ocean 
wave parameters. Here, yearly wave parameters including Significant 
height of combined wind waves and swell (𝐻𝑠), Peak wave period (𝑇𝑝), 
and Mean wave direction (𝛽) are extracted for the selected points ( 
Table  1) from 1940 to 2023. These data provide insights into the long-
term variability and trends in wave conditions, which are critical for 
assessing how climate change might impact the energy potential of 
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Fig. 8. The overall yearly mean±std of 𝐻𝑠, 𝑇𝑝, 𝑃𝑤 of all spatially discretized points of the world oceans from 1940 to 2023.
Table 1
Considered areas to study the power performance of case study WEC arrays.
 Region Location Coordinates Water depth (m) 
 Western Tropical Pacific Soghonara Island, Solomon Islands 9.0◦ S, 160.0◦ E 100  
 Port Moresby, Papua New Guinea 9.5◦ S, 147.0◦ E 200  
 Southwest Indian Ocean Victoria, Seychelles 5.0◦ S, 56.0◦ E 115  
 Vohemar, Madagascar 13.0◦ S, 50.0◦ E 250  
 North Pacific Huntington Beach, California 33.5◦ N, 118.0◦ W 250  
 Vancouver Island, Canada 48.5◦ N, 125.5◦ W 100  
 South Atlantic Cape Town, South Africa 33.5◦ S, 18.0◦ E 200  
 Rio de Janeiro, Brazil 23.0◦ S, 43.0◦ W 100  
WECs. Fig.  2 shows the overall hourly mean of collected data for the 
world’s 𝐻𝑠 and 𝑇𝑝 from 1940 to 2023. Moreover, the overall globe 
hourly mean of 𝐻𝑠 values for different seasons is illustrated in Fig.  3. 
According to these figures, the Southern Ocean is the most active region 
globally in terms of both wave height and period.

2.3. Studied WEC array layouts

In this study, four distinct types of single-body heaving point ab-
sorber homogeneous WEC arrays are considered. The point absorber 
WECs are a widely used technology due to their ability to harness 
energy from a wide range of wave directions and frequencies [43]. 
These WECs operate by utilizing the vertical motion of the waves 
(heaving) to generate power, making them well-suited for a variety 
of wave climates [44]. The arrays are designed to be homogeneous, 
which means that each unit within the array is identical in terms of 
size, shape, and power conversion capacity. This uniformity ensures 
consistent performance across the array and simplifies the modeling 
and comparison of power output across different layouts. This ap-
proach provides a robust foundation for comparing the energy yield 
and resilience of different WEC array configurations in diverse wave 
climates.

The WEC used in this study consists of a solid combined structure 
with a hemispherical base and a cylindrical top. The hemispherical bot-
tom is designed to provide hydrodynamic stability, while the cylindrical 
upper section enhances energy absorption from the vertical heaving 
6 
motion of the waves. This hybrid design maximizes the efficiency of 
the point absorber by allowing it to respond effectively to a wide range 
of wave conditions. The hemisphere has a radius of 4 m. The cylindrical 
section has a height of 6 m with a draught of 6 m. Each WEC in the 
array is equipped with a linear Power Take-Off (PTO) system with no 
stiffness and damping 1.2 × 106 N m−1 s.

For the analysis, four different WEC array layouts (Fig.  4) are 
considered to evaluate their performance and energy capture efficiency. 
The first one is a triangle layout with equal spacing of 100 m between 
each unit. the triangular layout may enhance constructive wave interac-
tions, which leads to improved power absorption in certain conditions. 
The second one is a square layout with a spacing of 100 m between 
each unit. The WECs are placed at the corners of the square. The 
square layout with the uniform spacing can contribute to more stable 
energy extraction across varying wave conditions. The third one is a 
rectangular layout with a WEC in the Middle. This array consists of 
WECs placed at the corners of a rectangle, with an additional WEC 
located at the center. The length and width of the rectangle are 150 and 
100 m, respectively. This layout is designed for areas with directional 
wave energy, where wave fronts may interact favorably with the central 
WEC. The last one is a pentagon layout where the WECs are arranged 
at the vertices of a regular pentagon. The side length of the pentagon 
layout is considered to be 100 m. The pentagon layout improves the 
overall structural stability and performance which results in more 
reliable long-term performance..
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3. WEC array equation of motion

The linear potential flow theory is applied to model the interaction 
between waves and WEC structures. In this approach, the fluid is 
considered to be inviscid (lacking viscosity), incompressible (constant 
density), and irrotational (no vorticity). This simplification significantly 
reduces computational complexity while retaining accuracy for many 
practical applications [45]. The general form of the equation of motion 
for a WEC array with 𝑁 devices in the heave direction is given 
by [43,46]: 

𝐌𝐳̈(𝑡) + ∫

𝑡

0
𝐾𝑟(𝑡 − 𝜏)𝐳̇(𝜏)d𝜏 + 𝐂𝐳̇(𝑡) +𝐊𝐳(𝑡) = 𝐅ex(𝑡) + 𝐅PTO(𝑡) (1)

where 𝐳(𝑡) ∈ R𝑁  is the displacement vector of the heaving WECs. 𝐳̇(𝑡) ∈
R𝑁  and ̈𝐳(𝑡) ∈ R𝑁  are the velocity and acceleration vectors of the WECs, 
respectively. 𝐌 ∈ R𝑁×𝑁  is the mass matrix of the WEC array, which 
includes the mass and added mass of each WEC device. 𝐂 ∈ R𝑁×𝑁  is 
the damping matrix. 𝐊 ∈ R𝑁×𝑁  is the stiffness matrix, representing the 
hydrostatic restoring forces acting on the WECs. The stiffness matrix 
helps to bring the WECs back to equilibrium after being displaced by 
waves. 𝐅ex(𝑡) ∈ R𝑁  represents the hydrodynamic excitation force acting 
on each WEC, induced by the incident waves. 𝐅PTO(𝑡) ∈ R𝑁  is the force 
exerted by the PTO system on each WEC. 𝐾𝑟 is the radiation impulse 
response function (IRF): 

𝐾𝑟 (𝑡) =
2
𝜋 ∫

∞

0
𝐵𝑟𝑑 (𝜔) cos (𝜔𝑡)d𝜔 (2)

where 𝜔 and 𝐵𝑟𝑑 (𝜔) are the frequency, and frequency-dependented 
radiation damping coefficient.

The external force 𝐹ext is calculated by convolving the wave eleva-
tion 𝜂(𝑡) with the non-causal excitation IRF 𝐾ex(𝑡) [47]: 

𝐹ex (𝑡) = ∫

∞

−∞
𝐾ex (𝑡 − 𝜏) 𝜂 (𝜏) d𝜏 (3)

where 
𝐾ex (𝑡) =

1
2𝜋 ∫

∞

−∞
𝑋 (𝜔, 𝛽) 𝑒𝑖𝜔𝑡d𝜔 (4)

here, the incident wave direction is denoted by 𝛽, and 𝑋(⋅, ⋅) represents 
the magnitude of the excitation force.

3.1. WEC array power performance metrics

The performance of the considered WEC arrays is evaluated based 
on three key metrics that quantify their efficiency in capturing wave 
energy under various sea states. The following performance criteria are 
considered in this study:

3.1.1. Average power output
The average power output is calculated as the mean power absorbed 

by the WEC array over a specified period: 

𝑃avg =
1
𝑇 ∫

𝑇

0
𝑃abs(𝑡) 𝑑𝑡 (5)

where 𝑃abs(𝑡) is the total instantaneous absorbed power at time 𝑡, and 
𝑇  is the time period over which the power is averaged.

3.1.2. Capture width ratio (CWR)
The CWR is a commonly used dimensionless metric to assess the 

efficiency of a WEC in converting available wave energy into useful 
power. A higher CWR indicates better performance. For an array, it can 
be generalized to reflect the combined performance of multiple WECs. 
The CWR is defined as: 
CWR =

𝑃abs
𝑃wave ⋅ 𝐿array

(6)

where 𝑃abs is the total power absorbed by the WEC array, 𝑃wave is the 
incident wave power per meter of the wave front, and 𝐿array is the 
effective length of the array, representing the span of the WECs along 
the wave front.
7 
3.1.3. Array interaction factor (q-factor)
The q-factor quantifies the hydrodynamic interactions between 

WECs in an array. It measures the extent to which adjacent WECs 
influence each other’s power absorption, considering both constructive 
and destructive wave interference: 

q =
𝑃abs

𝑛 ⋅ 𝑃single
(7)

where 𝑃abs is the total power absorbed by the WEC array, 𝑃single
is the power absorbed by a single WEC in isolation, and 𝑛 is the 
number of WECs in the array. A q-factor value greater than 1 indicates 
constructive interference, while a value less than 1 suggests destructive 
interference between the WECs.

4. Results

4.1. WEC array modeling

This research employs linear potential flow theory based Ansys 
Aqwa software to model the hydrodynamic forces induced by waves 
on the WEC array structure within the frequency domain. Initially, 
a frequency domain analysis is performed to determine the hydrody-
namic coefficients, including added mass, radiation damping, and wave 
excitation forces. These coefficients are subsequently integrated into 
the time-domain equation of motion to model the dynamic response 
to varying wave conditions. The global coordinate system originates at 
the mean free surface, where the 𝑍-axis points upwards. Wave direction 
is defined by the angle between the wave propagation path and the 
positive 𝑋-axis, measured counterclockwise. The setup parameters for 
the frequency domain response analysis are as follows: The setup 
parameters for the frequency domain response analysis are as follows: 
Gravitational acceleration is specified as 9.806 m s−2. The water density 
is set to 1025 kg m−3. Wave directions span from −180 to 180 degrees, 
discretized into 7 steps. The frequency range under consideration ex-
tends from 0.1 to 3.5 rad s−1, discretized into 50 steps. Each WEC body 
mesh size is set to 0.40 m. Viscous effects are not considered. More-
over, the hydrodynamic interaction between WECs is considered in the 
modeling, which allows for a more accurate simulation of how the 
devices influence each other’s hydrodynamic parameters. Figs.  5 and 6 
depict the added mass and radiation damping coefficients in the heave 
direction for the upper right corner WEC of Layout 2 (Section 2.3) and 
its interaction with other WECs in the layout. These figures illustrate 
the WEC’s hydrodynamic response in the frequency domain, accounting 
for both the direct effects of incident waves and the interactions with 
other WECs in the array. It should be noted that all figures cannot be 
presented here due to page number limitations. Therefore, some figures 
are presented selectively.

Time domain modeling of the WEC array involves simulating the 
dynamic response of the system under wave conditions obtained from 
considered locations of the studied areas (Section 2.1). Here, the JON-
SWAP wave spectrum is used to generate the wave elevation time series 
based on the studied significant wave height and peak wave period. The 
simulation time is set to 3600 s with time step 0.1 s for each studied 
sea state. Fig.  7 shows the absorbed power performance matrix of the 
considered single-body WEC based on 3600 s time-domain simulation. 
The values in the matrix cells represent the average absorbed power 
𝑃𝑎𝑣𝑔 time series. The power matrix provides a detailed relationship 
between the sea state parameters and the corresponding output power 
of the WEC.

4.2. Sea states analysis of the world

This subsection presents the global sea state analysis from 1940 to 
2023 by calculating the overall yearly mean of all spatial discretized 
points of the world oceans (Fig.  8). The analysis highlights changes in 
wave energy potential across various locations worldwide. According 
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Fig. 9. The sea state bivariate distribution of the studied locations based on ERA5 hourly data from 1940 to 2023.
to this figure, The overall points yearly mean 𝐻𝑠 values from 1940 
to around 1980 appear to fluctuate within a narrow range (2.21 to 
2.31 m), showing general stability with small yearly variations. There 
are slight dips and peaks but no significant trends, suggesting relatively 
consistent wave conditions over this period. Around 1980, the values 
started to rise slightly from 2.30 m to around 2.42 m by the year 
2000. This period shows a general upward trend with intermittent 
variations which indicates an increase in wave energy. After the year 
2000, the 𝐻𝑠 continues to rise steadily, reaching values as high as 
2.54 m by around 2023. The steep rise in 𝐻𝑠 during the last 20 years 
is notable. This trend might be related to increased global oceanic 
activity, potentially influenced by climate change, which intensifies 
storm events and wind patterns contributing to larger wave heights. 
This overall trend of rising 𝐻𝑠 suggests a general increase in ocean 
wave energy and subsequently the performance of wave energy devices. 
8 
Moreover, the standard deviation (std) of 𝐻𝑠 for the studied period 
(1940–2023) fluctuates between 0.72 m and 0.94 m. There is a general 
trend of increasing variability in 𝐻𝑠 over time, as observed with higher 
std values in the later years. This increasing trend in 𝐻𝑠 variability 
might indicate growing instability in sea states across the globe.

The 𝑇𝑝 values for the years 1940–2023 show a relatively stable 
trend, with values fluctuating between 10.11 and 11.03 s. Early years 
exhibit more moderate values, around 10.2–10.4 s, with slight dips and 
rises over time. Notably, there is a gradual increase in 𝑇𝑝 during the 
last few decades which indicates longer wave periods in recent years. 
This suggests an overall increase in wave energy transport potential as 
longer wave periods are often associated with more powerful sea states. 
However, variability of 𝑇𝑝 remains minimal which shows consistent 
periods over the long term. The analysis of ocean wave power from 
1940 to 2023 reveals a clear upward trend. In the early years, wave 
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Fig. 10. The wave roses of the studied locations based on ERA5 hourly data from 1940 to 2023.
power ranged from 24.94 to around 29.65 kW m−1, with occasional 
fluctuations. From the 1970s onwards, wave power begins to steadily 
increase in recent years. This upward trend, especially prominent in the 
last few decades, suggests that ocean conditions are becoming more 
energetic potentially due to increasing storm intensities and climate 
change effects. Despite some variability, the overall increase indicates 
a more powerful wave climate globally with significant implications for 
wave energy harvesting.

4.3. Sea states analysis of the studied points

The sea state analysis provides insights into the wave climate char-
acteristics at the studied locations, which significantly influence the 
power performance of WECs. For each selected point, wave parameters 
are analyzed using the hourly resolution ERA5 reanalysis data from 
1940 to 2023. Sea states are categorized based on wave heights and 
wave peak periods, and further separated into different seasonal and 
monthly intervals to capture variability throughout the year.

Table  2 presents the statistical measures of overall hourly data 
collected for all studied locations. Moreover, the bivariate distribution 
of sea state matrices of all studied locations based on 𝐻𝑠 and 𝑇𝑝 is 
illustrated in Fig.  9. The contours in this figure are the wave power per 
unit of wave-crest length (kW m−1). According to this figure, a diverse 
range of sea states across different points can be seen. A majority of 
the sea states are concentrated around lower wave heights and shorter 
periods. In general, the data shows a tendency towards moderate sea 
states, while extreme events (very high 𝐻𝑠 and long 𝑇𝑝) are rare, as 
reflected by the low percentages in those bins. The most frequent sea 
state in the bivariate distribution matrix corresponds to the bin with 
the highest percentage value. Based on the matrix provided for Point 
1, the bin with 𝐻𝑠 = [0 0.5] m and 𝑇𝑝 = [6 6.5] s has the highest 
occurrence percentage of 22.5%. Therefore, Point 1 experiences more 
frequent, lower-energy sea states, suitable for smaller WEC designs. 
Points 6 and 7 show a broader range of sea states. Point 6 has relatively 
low occurrence percentages (peaking at 2%) but includes a broader 
distribution across higher energy states. The wave power contours 
indicate higher power values at Points 6 and 7 due to the higher 
significant wave heights and longer periods. Points 2 and 3 generally 
show lower wave power values with a mixture of short and long period 
waves.

The wave roses of the studied locations are presented in Fig. 
10 [48]. Each plot shows the direction from which waves are coming, 
9 
with percentages representing the occurrence frequency of waves from 
each direction. The units are in true degrees. It means the direction 
relative to the geographic North Pole. This shows the origin of the 
waves: 0 degrees means they come from the north, and 90 degrees 
means they come from the east. According to this figure, the directions 
vary across the different points, with some locations experiencing 
waves from more concentrated directions (like Points 2 and 3), while 
others see waves from a wider spread (like Points 1, 5, and 8). Point 
2 experiences the most concentrated directional pattern, which is ideal 
for directional wave energy devices designed to capture waves from 
a fixed direction. Points 1 to 4 show waves predominantly from the 
southeast. Point 1 exhibits a greater distribution of wave directions, 
predominantly from the southeast (about 12%) or northeast (about 
4.8%). For Points 5 to 7, waves predominantly come from the west 
and southwest, with a peak occurrence of around 16%, 18%, and 
25%, respectively. Waves predominantly arrive from the south for 
Point 8. The differences in wave directionality and significant wave 
heights across these points suggest that each location would benefit 
from tailored WEC designs optimized for its specific wave conditions.

Fig.  11 presents the overall yearly mean±std of 𝐻𝑠 for the studied 
locations from 1940 to 2023. According to this figure, most locations 
show a general increase in 𝐻𝑠 values over time. This increase is 
consistent with the impacts of climate change, which is expected to 
intensify wind speeds and wave activity due to warmer sea surface 
temperatures and changing storm patterns. Point 1 is situated in a 
region with low wave power, as 𝐻𝑠 values hover around 0.5 to 1 m. 
Points 4, 6, and 7 exhibit higher 𝐻𝑠 values, representing regions more 
exposed to storms or powerful wind fetch, with 𝐻𝑠 values consistently 
between 2.0 to 2.5 m in recent years. Point 2 fluctuates around 1.0 to 
1.15 m, with a slight increasing trend. This location likely experiences 
modest increases in wind energy. Point 3 Shows a consistent increase 
from around 1.37 m to 1.56 m. Point 8 consistently increases over 
time, peaking at around 1.36 m from initial values of around 1 m. 
This situation is also true for Point 7. Moreover, the overall yearly 
mean±std of 𝑇𝑝 for the studied locations is shown in Fig.  A.1. This 
figure suggests that despite fluctuations, the trend does not show 
significant long-term increases. However, slight fluctuations might still 
be connected to seasonal variations. Points 1 to 4 tend to have lower 
overall 𝑇𝑝 values which range from around 5 to 10 s. For instance, 
Point 1 has mean values that vary around 6.4 to 7.8 s which shows 
slight fluctuations, while Points 2 and 3 follow a similar trend, with 
Point 3 reaching up to 9.73 s. Points 5 to 8 display higher 𝑇  values, 
𝑝
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Table 2
The sea state statistical measures of the studied locations based on ERA5 hourly data from 1940 to 2023.
 Data set Feature Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8 
 

𝐻𝑠

Mean 0.56 1.04 1.46 1.82 0.86 2.12 2.23 1.22  
 Median 0.48 0.96 1.38 1.74 0.81 1.87 2.11 1.13  
 Std 0.25 0.48 0.41 0.64 0.27 0.99 0.73 0.44  
 Variance 0.06 0.23 0.17 0.42 0.07 0.99 0.53 0.19  
 Min 0.19 0.11 0.66 0.54 0.25 0.44 0.61 0.35  
 Max 5.36 3.52 3.44 8.06 4.39 8.92 8.46 4.35  
 Range 0.26 0.69 0.62 0.98 0.27 1.3 0.9 0.55  
 Skewness 2.42 0.69 0.72 0.58 2.02 1.21 1.12 1.14  
 Kurtosis 14.19 3.05 2.96 2.98 11.14 4.76 5.25 4.72  
 

𝑇𝑝

Mean 7.07 7.18 9.18 8.48 12.91 11.38 11.6 9.96  
 Median 6.17 7.28 9.07 8.47 12.87 11.36 11.7 9.88  
 Std 2.96 1.47 1.33 1.46 2.52 2.81 1.94 2.19  
 Variance 8.78 2.18 1.78 2.14 6.39 7.91 3.77 4.8  
 Min 2.56 2.03 4.01 3.69 2.91 3.3 3.67 3.31  
 Max 21.1 17.53 21.02 19.54 23.65 23.68 21.94 21.48  
 Range 5.14 1.99 1.55 1.81 2.61 4.01 2.28 3.07  
 Skewness 0.75 −0.25 0.73 0.3 −0.53 0.12 −0.19 0.28  
 Kurtosis 2.79 2.99 5.85 4.14 4.01 2.65 3.88 2.86  
especially Points 5 and 6, where 𝑇𝑝 mean often exceeds 12 s. These 
longer-period waves are characteristic of the open ocean regions where 
storms are more frequent, generating powerful, long-period swells. In 
general, no dramatic increases are observed over time, indicating that 
while climate change might be impacting storm behavior, it may not 
be drastically altering 𝑇𝑝 at these locations in the studied period.

Fig.  12 presents the overall yearly mean±std of 𝑃𝑤 for the studied 
locations. Points 1, 2, and 5 show lower overall wave power compared 
to the others. While there are fluctuations, especially in Point 1, the 
trend appears to have mild variations. Points 6 and 7 show consistently 
high wave power values, particularly in more recent years (post-1980s), 
which could indicate stronger or more frequent storms or larger waves 
driven by ocean currents and changes in wind patterns due to climate 
change. There is a general rising trend in wave power in Points 7 and 
8. Point 6, in particular, shows some significant variations, with mean 
values ranging from 19 kW m−1 to peaks of 40 kW m−1, especially in 
recent decades. Similarly, Point 7 exhibits high and increasing wave 
power values, peaking at 39.29 kW m−1 in some years. The data shows 
increased variability in wave power in many locations, especially after 
the 1980s. The increase in wave power in certain regions (e.g., Points 6 
and 7) may provide enhanced opportunities for wave energy exploita-
tion. However, the increased variability may also pose challenges for 
the consistent WECs’ performance. This suggests a need to optimize 
WEC designs to handle a wider range of wave conditions efficiently.

The overall seasonal mean boxplot of 𝑃𝑤 for the studied locations 
is illustrated in Fig.  13. According to this figure, winter and summer 
generally have higher wave power compared to the other seasons, 
particularly at Points 1 and 4, where the maximum values are notably 
higher. Points 6 and 7 exhibit the highest 𝑃𝑤 during all seasons which 
indicates potentially more energetic seas. Points 1 and 5 tend to have 
consistently low wave power throughout all seasons. Some points, such 
as Point 8, show higher wave power during spring than winter, which 
may reflect local oceanographic conditions or exposure to different 
wave systems. Most points exhibit the highest median 𝑃𝑤 during the 
summer season, with Points 6, and 7 displaying larger values. The 
interquartile range (IQR) is also broader for these points, suggesting 
more variability and higher energy waves. In general, winter has the 
lowest median 𝑃𝑤. The red dots represent outliers, or extreme wave 
power values that fall beyond the whiskers of the boxplots. These dots 
can be interpreted as individual extreme wave events, storms, or other 
rare conditions that significantly increased 𝑃𝑤 for short periods. Points 
4, 6, and 7 have numerous high outliers in all seasons that suggest these 
locations are subject to extreme wave events throughout the year. The 
presence of many outliers indicates the importance of accounting for 
extreme wave events when designing wave energy systems. Moreover, 
10 
additional results about the seasonal variations of 𝐻𝑠 and 𝑇𝑝 of the 
studied locations are provided in Fig.  A.2 and Fig.  A.3, respectively.

The overall monthly mean boxplot of 𝑃𝑤 for the studied locations 
is illustrated in Fig.  14. Moreover, the overall monthly mean of the 𝐻𝑠
and 𝑇𝑝 are shown in Fig.  A.4 and Fig.  A.5, respectively. Based on Fig. 
14, in most of locations (except Point 6 and Point 5), wave power is 
higher during the summer months (June to August) and lower during 
the winter and autumn months. Point 6 exhibits the highest wave power 
values, with peak values occurring in the winter months (December to 
February). Point 1 and Point 5 have relatively lower and more stable 
wave power values throughout the year, with minor fluctuations. Point 
7 maintains relatively high wave power values consistently throughout 
the year, with a peak in June and a minimum in January. Point 6 has 
the highest IQR values, peaking at 48.23 kW m−1 in December. This 
indicates a wide range of wave power values and significant variability 
throughout the year. Point 1 has the lowest IQR values, with the highest 
being 1.2 kW m−1 in February and the lowest being 0.46 kW m−1 in 
May. Point 2, Point 3, Point 4, Point 6, and Point 7 show significant 
seasonal variations, with higher IQR values during the middle of the 
year (summer months) and lower values during the beginning and end 
of the year (winter months). Point 1 and Point 5 have relatively lower 
and more stable IQR values throughout the year which indicates less 
variability in wave power.

4.4. Climate change impacts on WECs’ power performance

To represent the overall hourly data in the form of annual or 
seasonal, and capture climate-driven trends in wave characteristics, it is 
helpful to compute summary statistics and key metrics for each studied 
point during the considered temporal resolution. The considered mea-
sures of the sea states are mean and median which show the central 
tendency, 10th percentile which indicates calmer wave conditions, and 
90th percentile which highlights extreme conditions that are relevant 
for assessing high wave impacts on WECs. These statistical metrics 
are calculated for considered WEC array power performance metrics 
(Section 3.1) of each considered WEC layout (Section 2.3). These 
measures summarize sea states of considered temporal resolution and 
give insights into trends and variability driven by climate change.

Fig.  15 presents the yearly absorbed power of considered single-
body WEC for the studied locations from 1940 to 2023, obtained by 
the overall yearly mean of the sea states. The mean absorbed power 
increases steadily over time for all studied points, suggesting a general 
upward trend in wave energy. The median follows a similar trend to 
the mean but shows slightly lower values. It indicates that while the 
average wave energy is increasing, the distribution might be skewed 
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Fig. 11. The overall yearly mean±std of 𝐻𝑠 for the studied locations from 1940 to 2023.
by higher extreme values. In general, 90th percentile shows a sharper 
increase over time, more pronounced than the mean or median. This 
indicates that the highest waves’ power is increasing significantly and 
suggests more frequent extreme wave events. The 10th percentile also 
increases over time but at a much slower rate, indicating that the lowest 
energy waves are relatively stable. These trends suggest a growing dis-
parity in wave power, with high-energy events becoming more frequent 
and intense while lower energy events remain relatively stable. This has 
implications for the design and operation of wave energy converters, 
as they need to be robust enough to handle increasing extreme events 
while still capturing energy efficiently from waves.

Fig.  16 presents the yearly total absorbed power of considered WEC 
array layouts for the studied locations from 1940 to 2023, obtained by 
11 
the overall yearly mean of the sea states. According to this figure, all 
considered WEC layouts show an upward trend in absorbed power from 
1940 to 2023. This suggests improvements in wave energy harvesting 
technology and possibly increasing wave energy availability over the 
decades. Layouts 3 and 4 are more efficient, absorbing more power con-
sistently compared to Layouts 1 and 2. The variations in the absorbed 
power year by year highlight the impact of changing wave conditions. 
Layout 4 consistently exhibits the highest absorbed power, suggesting it 
might be the most efficient and effective configuration among the four 
layouts. The linear trend line for Layout 4 has a steep positive slope, 
which indicates a considerable increase in total absorbed power over 
the years. Layout 1 has the lowest absorbed power overall. Its trend 
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Fig. 12. The overall yearly mean±std of 𝑃𝑤 for the studied locations from 1940 to 2023.
line is the least steep, representing the slowest growth rate among the 
layouts.

For more details of other performance metrics, the yearly capture 
width ratio and q-factor of these points based on the overall yearly 
mean of the sea states are shown in Fig.  17 and Fig.  18, respectively. 
According to these figures, given that the general trend of total ab-
sorbed power (𝑃𝑎𝑣𝑔) is increasing over the years, but CWR and q-factor 
do not exhibit the same clear upward trend. 𝑃wave is proportional to 
the square of significant wave height and wave energy period. If the 
absorbed power does not increase proportionally with the wave power, 
it could result in a stable or even declining CWR. This might happen 
if WECs become less efficient under certain wave conditions. CWR 
reflects the efficiency of the WEC in converting wave energy. If the 
energy conversion efficiency by the WECs decreases over time (due 
to degradation or suboptimal wave conditions), this would cause a 
decline in CWR, even if 𝑃  increases. Different WEC array layouts may 
abs
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respond differently to changes in wave direction. If the wave direction 
varies over time, certain layouts may capture less energy effectively, 
reducing the CWR even if 𝑃abs is increasing. Here, 𝐿 is constant, so this 
parameter would not influence changes in CWR over time.

The q-factor does not exhibit the same increasing trend as 𝑃wave
based on Fig.  18. This phenomenon can stem from constructive and 
destructive interference between waves and the WECs in the array. 
The layout and distance between individual WECs influence how waves 
propagate through the array. In years where wave conditions align well 
with the optimal configuration of the array, constructive interference 
may be more prevalent, resulting in a higher q-factor. In other years, 
changes in wave conditions could result in more destructive interfer-
ence between WECs, lowering the q-factor despite an increase in wave 
energy or absorbed power. Array layout and spacing play a crucial role, 
as suboptimal configurations lead to energy losses through shadow-
ing and scattering. Additionally, non-linear effects and the mismatch 
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Fig. 13. The overall seasonal mean boxplot of 𝑃𝑤 for the studied locations from 1940 to 2023.
between wave frequency and WEC resonance limit efficiency gains. 
Lastly, temporal variations in wave direction and energy over time 
cause changes in interference patterns, which can prevent consistent 
improvements in the q-factor despite the overall rise in wave energy.

In order to summarize the results and avoid providing multiple 
figures, a summary of the overall trend of the considered time series is 
presented in Tables  3 to 5 based on Mann–Kendall trend test [49,50]. 
It is a non-parametric test and robust to outliers (either increasing or 
decreasing) that identifies monotonic trends in time-series data which 
is useful for analyzing long-term trends in WECs’ power performance 
data. For wave condition data which often contains variability, sea-
sonality, and possibly outliers (e.g., from extreme weather events), 
robust methods that can handle non-linear trends and are less sen-
sitive to outliers are generally more suitable. The test provides both 
the direction and significance of the trend. A positive Kendall’s Tau 
13 
coefficient indicates an upward trend, while a negative value indicates 
a downward trend.

Table  3 summarizes the yearly total absorbed power trends for 
different WEC array layouts across eight study points. Overall, most 
locations show positive Tau values across all layouts which implies 
that the general trend in absorbed power has been upward over the 
study period. However, the magnitude of these trends varies by point 
and layout. Points 7 and 8 generally show the highest positive Tau 
values across layouts, indicating that these locations have experienced 
the most significant upward trends in power absorption. Conversely, 
Point 5 displays notably lower or even negative Tau values, particularly 
for the 10th percentile in some layouts. Layouts 1 and 2 tend to have 
higher Tau values overall.

According to Table  4, tau coefficients indicate mixed trends across 
different WEC array layouts and points. While some layouts and points 
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Fig. 14. The overall monthly mean boxplot of 𝑃𝑤 for the studied locations from 1940 to 2023.
show increasing trends (positive tau coefficients), others display de-
creasing trends (negative coefficients). The 10th percentile generally 
shows positive coefficients, suggesting an increasing trend for lower 
quantiles. In contrast, the 90th percentile often shows negative coef-
ficients, indicating a decreasing trend for higher quantiles. Based on 
mixed results, it cannot be said that over time, climate change has 
necessarily caused an increase or decrease in captured wave energy 
by the WECs. The variability in trends also suggests that site-specific 
and design-specific factors play crucial roles in the efficiency and 
effectiveness of WECs. Moreover, the q-factor analysis using the Mann–
Kendall Tau coefficients is shown in Table  5. Here also, the results 
show diverse trends across different layouts and points. While some 
points and layouts exhibit increasing trends, most show a decline in 
q-factor, indicating a reduction in efficiency over time. These mixed 
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results underscore the complexity of long-term performance evaluation 
and the necessity for continuous monitoring and adaptive strategies to 
optimize WEC performance. Therefore, it can be said that the climate 
change does not necessarily increase or decrease the q-factor of the 
array, but it is the WEC layout, body geometric characteristics, and 
wave climate that will determine the value of this parameter.

The Mann–Kendall Tau coefficients for the seasonal mean of total 
absorbed power (𝑃𝑎𝑣𝑔) across different WEC layouts from 1940 to 2023 
are presented in Table  6. The analysis indicates positive trends in most 
seasons and WEC layouts and points. However, some mixed results 
in the summer season suggest variability in wave energy conditions. 
Winter, spring, and autumn show positive coefficients at all layouts 
and points, indicating an increasing trend in the total absorbed power. 
In general, the highest trend is related to points 8 and 7 and the 
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Fig. 15. The yearly absorbed power 𝑃𝑎𝑣𝑔 of considered single-body WEC for the studied locations from 1940 to 2023, obtained by the overall yearly mean of the sea states.
lowest trend is related to points 5 and 2, respectively. On average, the 
highest positive trend occurs in winter, spring, summer, and autumn, 
respectively, but this difference is insignificant. The highest trends are 
observed in Layout 4, 3, 1, and 2, respectively. Moreover for more 
details, WEC layouts seasonal mean CWR and q-factor Mann–Kendall 
Tau coefficients are provided in Tables  A.1 and A.2.

Given the long-term observed changes in wave climate and their 
impact on WEC power performance, practical engineering adaptations 
should be considered to increase the flexibility and efficiency of WECs 
in a changing ocean environment. One potential approach is to opti-
mize WEC array configurations to better align with anticipated changes 
in wave height, frequency, and direction, ensuring maximum con-
structive interference and minimizing energy losses due to destructive 
interactions. In addition, advances in real-time control strategies could 
enable adaptive tuning of PTO parameters, which could enable WECs 
15 
to dynamically respond to fluctuating wave conditions and improve 
energy capture efficiency. Structural modifications, such as adjustable 
WEC body geometry or adjustable mooring systems, may also en-
hance survivability and performance in diverse wave climates. Further-
more, integrating predictive maintenance and reliability assessments 
could help mitigate the risks associated with increasing wave energy 
variability and extreme events.

5. Conclusion

This study analyzed the long-term effects of climate change on the 
power performance of WEC arrays in various global regions using ERA5 
hourly wave data from 1940 to 2023. By evaluating different WEC 
array layouts and examining performance metrics such as the total ab-
sorbed power, CWR, and q-factor, the impacts of wave climate changes 
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Fig. 16. The yearly total absorbed power 𝑃𝑎𝑣𝑔 of considered WEC array layouts for the studied locations from 1940 to 2023, obtained by the overall yearly mean of the sea states.
were explored on the efficiency and effectiveness of WEC arrays in 
capturing energy over time. Trends in wave energy availability and 
WEC power absorption were quantified using different statistical and 
visualization methods which revealed spatial and temporal variations 
across different study points. The main findings of this research are as 
follows:

• Increasing Trend in Ocean Power: Global sea state analysis 
revealed a stable mean significant wave height (𝐻𝑠) from 1940 
to 1980, followed by a gradual rise to 2.42 m by 2000, and a 
steep increase to 2.54 m by 2023, suggesting increased wave 
energy likely driven by climate change. The 𝑇𝑝 values showed 
relatively stable trends with slight increases over the decades. 
Similarly, ocean wave power demonstrated a notable upward 
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trend, especially post-1970s, underscoring more energetic ocean 
conditions and greater wave energy harvesting potential.

• Hourly Sea States Analysis of the Studied Points: The analysis 
of wave heights (𝐻𝑠) and peak wave periods (𝑇𝑝), categorized by 
season and month, shows a tendency towards moderate sea states 
at most locations, while extreme conditions are rare. Points 6 and 
7 experience higher power values due to higher 𝐻𝑠 and longer 𝑇𝑝, 
while Points 2 and 3 have lower power with mixed wave periods. 
Directional wave analysis indicates variability across locations, 
with Points 1 to 4 experiencing southeast waves, Points 5 to 7 
predominantly southwest, and Point 8 mainly from the south. 
Over time, 𝐻𝑠 values generally increase across most locations, 
correlating with climate-induced wind intensification. Although 
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Fig. 17. The yearly capture width ratio of considered WEC array layouts for the studied locations from 1940 to 2023, obtained by the overall yearly mean of the sea states.
𝑇𝑝 values fluctuate, they remain relatively stable, particularly in 
open ocean regions with longer wave periods at Points 5 and 6. 
Rising wave power trends, notably at Points 6, 7, and 8, align 
with potential climate impacts, enhancing wave energy poten-
tial but also introducing variability. This increased wave power 
suggests expanded wave energy opportunities but highlights the 
importance of adaptable WEC designs to account for fluctuating 
conditions.

• Seasonal and Monthly Analysis of Wave Power of the Studied 
Points: Winter and summer generally present higher 𝑃𝑤 across 
locations. Seasonally, summer exhibits the highest median wave 
power, especially for Points 6 and 7, which also have a broader 
IQR which indicates substantial variability and higher energy 
17 
waves. Monthly, 𝑃𝑤 generally peaks in summer (June-August) and 
dips in winter, except for Points 6 and 5. Point 6 shows the highest 
wave power in winter, particularly in December. The variability 
of 𝑃𝑤 is highest at Point 6, peaking at an IQR of 48.23 kW m−1 in 
December, and lowest at Point 1, which has consistently low and 
stable values. Points 1 and 5’s limited variability contrasts with 
significant seasonal variations and higher mid-year IQR values 
observed at Points 2, 3, 4, 6, and 7. These trends underscore the 
influence of seasonal and monthly shifts in wave power.

• Increasing Trend in Absorbed Power: Despite variations across 
locations, the overall trend in absorbed power for most studied 
WEC arrays was positive. It indicates an increase in wave energy 
potential over the years due to climate change. This suggests that 



K. Mahmoodi et al. Energy 326 (2025) 136101 
Fig. 18. The yearly q-factor of considered WEC array layouts for the studied locations from 1940 to 2023, obtained by the overall yearly mean of the sea states.
WEC arrays in certain regions can benefit from the changing wave 
conditions, potentially enhancing their long-term viability as a 
renewable energy source.

• Spatial Variability in Trend Magnitude: Trends in the key sea 
state metrics — mean, median, 10th, and 90th percentiles — 
indicate a shift towards more intense wave conditions over time. 
The mean and median show steady upward trends, suggesting an 
overall increase in wave energy. However, the 90th percentile, 
which captures extreme wave conditions, shows a sharper in-
crease, implying a rise in both the frequency and intensity of 
high-energy wave events. The relatively stable 10th percentile 
values suggest that calmer wave conditions remain less affected 
by climate change. Yearly absorbed power for various WEC array 
18 
layouts further reflects this trend, with each layout showing a 
positive trend in power absorption over the study period. Layouts 
3 and 4 demonstrate the highest efficiency, consistently captur-
ing more power compared to Layouts 1 and 2, with Layout 4 
displaying the steepest upward trend.

• Complexity in CWR and q-Factor Trends: Although the ab-
sorbed power generally increased, the trends in CWR and q-
factor were not consistently upward. This complexity can be 
attributed to wave-structure interactions, including constructive 
and destructive interference, which vary based on wave direction, 
frequency, and the specific layout of WEC arrays. In some cases, 
constructive interactions were insufficient to counterbalance the 
impacts of destructive wave interactions which led to stable or 
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Table 3
WEC layouts yearly total absorbed power (𝑃𝑎𝑣𝑔) trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall Tau 
coefficient.
 Layout Feature Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8 
 
Layout 1

Mean 0.4458 0.3620 0.4378 0.4452 0.1050 0.2605 0.6122 0.6816  
 Median 0.4561 0.3832 0.4756 0.4177 0.0838 0.2456 0.6116 0.6517  
 10th perc 0.4464 0.3115 0.3947 0.4527 0.2765 0.2616 0.5617 0.5978  
 90th perc 0.3580 0.2656 0.3592 0.3976 −0.0098 0.1905 0.5743 0.6948  
 
Layout 2

Mean 0.4441 0.3614 0.4395 0.4441 0.1056 0.2610 0.6116 0.6810  
 Median 0.4573 0.3804 0.4756 0.4165 0.0820 0.2467 0.6139 0.6512  
 10th perc 0.4492 0.3087 0.3964 0.4527 0.2760 0.2605 0.5611 0.5967  
 90th perc 0.3580 0.2656 0.3620 0.3982 −0.0098 0.1905 0.5737 0.6948  
 
Layout 3

Mean 0.4412 0.3609 0.4446 0.4464 0.1050 0.2599 0.6139 0.6810  
 Median 0.4584 0.3815 0.4750 0.4171 0.0838 0.2444 0.6127 0.6506  
 10th perc 0.4429 0.3098 0.4005 0.4515 0.2737 0.2628 0.5628 0.5967  
 90th perc 0.3597 0.2633 0.3655 0.3959 −0.0126 0.1899 0.5731 0.6948  
 
Layout 4

Mean 0.4423 0.3620 0.4400 0.4441 0.1044 0.2616 0.6122 0.6810  
 Median 0.4544 0.3815 0.4756 0.4177 0.0838 0.2484 0.6133 0.6506  
 10th perc 0.4458 0.3098 0.4010 0.4515 0.2754 0.2622 0.5611 0.5972  
 90th perc 0.3574 0.2662 0.3614 0.3976 −0.0109 0.1905 0.5743 0.6948  
Table 4
WEC layouts yearly capture width ratio (CWR) trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall Tau 
coefficient.
 Layout Feature Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8  
 
Layout 1

Mean 0.1102 0.2828 −0.1715 0.3741 −0.3442 −0.1956 −0.6219 −0.5473 
 Median −0.0981 0.2519 −0.3884 0.3936 −0.144 −0.202 −0.6219 −0.5123 
 10th perc 0.3075 0.2467 0.3104 0.2616 −0.0585 0.031 −0.3775 0.5404  
 90th perc −0.0878 −0.2524 −0.2995 0.2587 −0.4114 −0.222 −0.5077 −0.5777 
 
Layout 2

Mean 0.1159 0.2754 −0.1033 0.3775 −0.3511 −0.1813 −0.6208 −0.5427 
 Median −0.1038 0.2559 −0.3339 0.397 −0.1486 −0.1974 −0.6156 −0.5014 
 10th perc 0.3069 0.2456 0.3178 0.2639 −0.0849 0.0356 −0.3655 0.5422  
 90th perc −0.0958 −0.2415 −0.3006 0.381 −0.4108 −0.2197 −0.5077 −0.5749 
 
Layout 3

Mean 0.1073 0.2628 0.1228 0.3678 −0.3419 −0.1922 −0.6219 −0.5181 
 Median −0.0929 0.2433 −0.2553 0.3913 −0.1417 −0.2008 −0.6225 −0.4739 
 10th perc 0.2995 0.2456 0.3781 0.2628 −0.0975 0.0327 −0.3517 0.5404  
 90th perc −0.0849 −0.1962 −0.2708 0.3735 −0.4102 −0.2255 −0.5077 −0.5772 
 
Layout 4

Mean 0.1124 0.2742 −0.0654 0.3683 −0.3442 −0.1847 −0.6225 −0.5422 
 Median −0.0849 0.2582 −0.3511 0.3924 −0.1457 −0.2014 −0.619 −0.5181 
 10th perc 0.3075 0.2427 0.3701 0.2628 −0.0958 0.0333 −0.3752 0.5404  
 90th perc −0.0889 −0.2347 −0.3052 0.3391 −0.4114 −0.2226 −0.5077 −0.5766 
Table 5
WEC layouts yearly q-factor trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall Tau coefficient.
 Layout Feature Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8  
 
Layout 1

Mean 0.004 0.2874 −0.4228 0.3333 0.3339 −0.2398 −0.5915 −0.5955 
 Median 0.0229 0.2587 −0.1951 0.3758 0.1997 −0.2278 −0.5743 −0.5525 
 10th perc 0.2375 −0.0448 0.109 0.1211 0.1922 0.004 −0.0901 0.5055  
 90th perc −0.0356 −0.1377 −0.241 −0.3351 0.4177 0.2347 0.4923 0.5863  
 
Layout 2

Mean −0.0476 0.1377 −0.3723 0.3236 0.1274 0.1279 −0.4504 −0.5737 
 Median −0.0763 0.1916 0.105 0.3402 −0.1601 0.1073 −0.3844 −0.506  
 10th perc −0.0952 −0.1618 0.0333 0.2857 0.1406 −0.0207 0.5066 0.5508  
 90th perc −0.0218 −0.1119 −0.0534 0.3483 0.4131 0.2628 0.51 −0.0155 
 
Layout 3

Mean −0.1308 −0.2851 0.4269 0.3528 0.3414 0.1566 0.572 0.611  
 Median −0.0281 −0.2513 0.4601 0.3695 0.1647 0.1681 0.5863 0.5967  
 10th perc −0.0671 0.1561 −0.1578 0.0103 −0.0407 −0.0189 0.5582 −0.5376 
 90th perc 0.1073 0.1824 0.3356 0.2702 −0.1698 0 0.5066 0.5818  
 
Layout 4

Mean −0.1113 −0.2507 0.1658 0.3832 0.3098 −0.1463 −0.5789 −0.5806 
 Median 0.0241 −0.1561 0.4573 0.3855 0.1107 −0.144 −0.5181 −0.5399 
 10th perc 0.1222 −0.1417 0.2341 0.2375 −0.1256 0.0327 0.1199 −0.3718 
 90th perc −0.1658 0.1509 −0.284 −0.3201 0.3901 0.1876 −0.0172 0.537  
19 
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Table 6
WEC layouts seasonal mean total absorbed power (𝑃𝑎𝑣𝑔) trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall 
Tau coefficient.
 Layout Season Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8 
 
Layout 1

Winter 0.3465 0.2174 0.4905 0.4182 0.1515 0.1681 0.4435 0.5209  
 Spring 0.3029 0.2106 0.3259 0.3052 0.0941 0.2123 0.5060 0.5634  
 Summer 0.4217 0.2324 0.3769 0.3305 −0.0528 0.2335 0.5582 0.5686  
 Autumn 0.3029 0.2392 0.4441 0.3597 0.0608 0.1371 0.5055 0.6294  
 
Layout 2

Winter 0.3419 0.2174 0.4854 0.4194 0.1486 0.1692 0.4429 0.5215  
 Spring 0.3092 0.2111 0.3276 0.3041 0.0947 0.2100 0.5037 0.5640  
 Summer 0.4223 0.2341 0.3787 0.3305 −0.0528 0.2232 0.5594 0.5703  
 Autumn 0.3046 0.2381 0.4441 0.3574 0.0602 0.1388 0.5066 0.6299  
 
Layout 3

Winter 0.3396 0.2100 0.4911 0.4240 0.1549 0.1687 0.4464 0.5215  
 Spring 0.3029 0.2088 0.3282 0.3035 0.0981 0.2123 0.5055 0.5582  
 Summer 0.4188 0.2335 0.3792 0.3310 −0.0516 0.2238 0.5600 0.5680  
 Autumn 0.3138 0.2398 0.4458 0.3580 0.0620 0.1406 0.5072 0.6299  
 
Layout 4

Winter 0.3414 0.2146 0.4917 0.4234 0.1503 0.1692 0.4441 0.5209  
 Spring 0.3110 0.2111 0.3282 0.3046 0.0941 0.2106 0.5049 0.5622  
 Summer 0.4228 0.2335 0.3787 0.3310 −0.0534 0.2329 0.5594 0.5691  
 Autumn 0.3035 0.2410 0.4446 0.3592 0.0591 0.1383 0.5066 0.6294  
even decreasing CWR and q-factor trends. This finding suggests 
that an increase in raw absorbed power does not necessarily trans-
late to improved efficiency metrics, which highlights the need 
for careful array design. To provide a quantitative perspective, 
the Mann–Kendall Tau coefficient trends for CWR across different 
locations and array layouts indicate significant variability. For 
instance, Layout 1 exhibits a mix of positive and negative trends, 
with Point 4 showing the highest positive mean trend (0.3741) 
while Point 7 exhibits the most pronounced decline (−0.6219). 
Similarly, Layout 2 follows a comparable pattern, with a strong 
positive trend at Point 4 (0.3775) but a notable decrease at Point 
7 (−0.6208).

• Climate Change Impact on Wave Patterns: The results indicate 
that climate change is influencing wave patterns in ways that 
affect the performance of WECs. Increased wave energy availabil-
ity was observed in some locations, aligning with global climate 
models predicting more energetic wave climates in certain re-
gions. However, the impact is not uniform, and some areas show 
less consistent trends, which could be related to regional climate 
variability and oceanic circulation changes.

In conclusion, this research demonstrated that while climate change 
can enhance wave energy potential in certain areas, the performance of 
WEC arrays depends heavily on spatial considerations and array con-
figuration. Not all locations or layouts benefit equally from changing 
wave conditions, with some arrays experiencing diminishing efficiency 
metrics despite increased absorbed power. Future WEC development 
should take into account the complex wave-structure interactions and 
consider location-specific trends to optimize power performance. As 
climate patterns continue to evolve, further research should focus on 
adaptive and resilient WEC designs that can capitalize on favorable 
trends while mitigating the impacts of destructive wave interference. 
Moreover, future studies could extend this analysis by incorporat-
ing long-term wave projections from CMIP6 climate models to assess 
how future climate scenarios may impact WEC power performance. 
This would enable a more comprehensive understanding of potential 
changes in wave energy resources and support the development of 
adaptive WEC array designs for future ocean conditions.
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Appendix

Additional results supporting the findings of the research are pro-
vided in this part.

A.1. Figures

See Figs.  A.1–A.5.

A.2. Tables

See Tables  A.1 and A.2.
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Fig. A.1. The overall yearly mean±std of 𝑇𝑝 for the studied locations from 1940 to 2023.
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Fig. A.2. The overall seasonal mean boxplot of 𝐻𝑠 for the studied locations from 1940 to 2023.
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Fig. A.3. The overall seasonal mean boxplot of 𝑇𝑝 for the studied locations from 1940 to 2023.
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Fig. A.4. The overall monthly mean boxplot of 𝐻𝑠 for the studied locations from 1940 to 2023.
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Fig. A.5. The overall monthly mean boxplot of 𝑇𝑝 for the studied locations from 1940 to 2023.
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Table A.1
WEC layouts seasonal mean capture width ratio (CWR) trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall 
Tau coefficient.
 Layout Season Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8  
 
Layout 1

Winter 0.1291 0.1979 0.2737 0.3454 −0.3391 −0.3878 −0.3523 0.1124  
 Spring 0.2312 0.21 −0.039 0.3087 −0.2823 −0.21 −0.5628 0.0293  
 Summer 0.0138 0.1876 −0.179 0.2433 −0.1933 0.0838 −0.4808 −0.035  
 Autumn −0.0855 0.1354 −0.0534 0.2398 −0.1343 −0.1308 −0.3936 0.109  
 
Layout 2

Winter 0.1354 0.1991 0.2783 0.3351 −0.3282 −0.3792 −0.3373 0.1572  
 Spring 0.2433 0.2083 0.0298 0.311 −0.28 −0.1652 −0.5588 −0.0189 
 Summer 0.0092 0.1888 −0.1664 0.2387 −0.1968 0.0683 −0.4722 −0.0671 
 Autumn −0.0895 0.1354 −0.0201 0.2369 −0.1337 −0.066 −0.3781 0.1549  
 
Layout 3

Winter 0.1239 0.2014 0.2737 0.3511 −0.3316 −0.3666 −0.0252 0.4303  
 Spring 0.2593 0.2025 0.1583 0.2937 −0.2817 −0.1515 −0.5674 0.3672  
 Summer 0.0075 0.1899 0.1004 0.2507 −0.1916 0.0373 −0.4699 0.2565  
 Autumn −0.0901 0.1365 0.1721 0.2387 −0.1343 −0.0947 −0.3253 0.4842  
 
Layout 4

Winter 0.1216 0.2008 0.2725 0.3454 −0.3305 −0.3844 −0.2083 0.2496  
 Spring 0.2593 0.2083 0.0235 0.3035 −0.2806 −0.1721 −0.5594 0.1956  
 Summer 0.0155 0.1882 −0.1015 0.2444 −0.1945 0.0769 −0.4745 0.0803  
 Autumn −0.0906 0.136 −0.0149 0.2392 −0.1337 −0.0792 −0.3551 0.2444  
Table A.2
WEC layouts seasonal mean q-factor trend evaluation of the studied locations from 1940 to 2023 based on the Mann–Kendall Tau coefficient.
 Layout Season Point number
 Point 1 Point 2 Point 3 Point 4 Point 5 Point 6 Point 7 Point 8  
 
Layout 1

Winter 0.1417 0.2083 0.1314 0.2651 0.0688 0.0493 −0.5003 −0.3184 
 Spring 0.0734 0.2238 −0.2054 0.2874 0.2622 −0.1337 −0.311 −0.4527 
 Summer −0.0608 0.1979 −0.3328 0.1572 0.2197 0.074 0.3046 −0.4509 
 Autumn 0.0476 0.1084 −0.1411 0.2501 0.1325 −0.1647 −0.4716 −0.5393 
 
Layout 2

Winter 0.1285 0.2111 0.1199 −0.0723 −0.1102 0.1234 −0.4877 −0.1526 
 Spring −0.0052 0.07 −0.012 0.1675 0.2014 −0.101 0.4372 −0.4527 
 Summer −0.0516 0.2215 −0.2725 0.109 0.1492 0.0201 0.4733 −0.4532 
 Autumn 0.0321 0.117 0.0407 0.0797 0.1015 0.0499 −0.1962 −0.4601 
 
Layout 3

Winter −0.0293 −0.1538 0.2513 0.1853 0.3276 0.3741 0.5106 0.5175  
 Spring −0.1905 −0.2243 0.3133 0.1434 0.2679 0.2065 0.5347 0.4785  
 Summer −0.0516 −0.1847 0.3178 0.226 0.2932 −0.1107 0.467 0.455  
 Autumn 0.039 −0.0878 0.3546 0.0069 0.1377 0.117 0.4452 0.5571  
 
Layout 4

Winter 0.0998 −0.0912 0.3081 0.2708 0.0522 0.2547 −0.5032 0.1463  
 Spring 0.1067 0.0419 0.1216 0.2645 0.2697 −0.1365 0.4664 −0.4613 
 Summer −0.0499 −0.1807 0.0711 0.2392 0.1446 0.0872 0.459 −0.4618 
 Autumn 0.0126 0.0189 0.358 0.2232 0.1256 −0.113 −0.3069 −0.3035 
Data availability

Data will be made available on request.
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