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 A B S T R A C T

Marine resources such as wind and wave are expected to play an important role in decarbonising the UK’s 
energy network, as part of the global transition from fossil fuels to renewable energy. However, potential 
increases in global weather systems variability due to climate change cast doubt on the long-term sustainability 
of offshore renewable development and the ambitions of the UK government to rapidly expand current capacity. 
As such, growing interest in co-located wind–wave systems is being paid as a means of enhancing the climate 
resilience of the future energy network. This study investigates the impacts of climate change on wind and 
wave resources in the UK from 2015 to 2100, using available CMIP6 datasets and numerical wave modelling 
using SWAN. In doing so, an initial assessment of the potential for co-located infrastructure is undertaken 
to inform future research into its role in strengthening the climate resilience of ocean renewable generation. 
The results reveal gradual reductions in resource availability under a high emission scenario, with statistically 
significant annual trends detected across most of the study area. Reductions in average annual wind energy 
reach −16.0% in coastal areas of Northern Ireland towards the end of the century, while decreases in wave 
energy of more than 25% are projected in certain regions of the North Sea. These trends are primarily driven 
by seasonal reductions during summer months, with decreases in average wind power during these months 
as much as −29.0% and decreases in wave power of over −40%. In addition, increases in resource variability 
from the mid-century onwards suggest that climate change is likely to negatively affect the availability of the 
UK’s wind and wave energy resources in the long term.

1. Introduction

The 6th Assessment Report by the International Panel on Climate 
Change (IPCC) identifies greenhouse gas emissions as the leading driver 
of climate change, contributing to increasingly unstable global weather 
systems [1]. In addition to rising temperatures, climate change has 
been linked to the increasing occurrence and intensification of extreme 
weather events such as droughts, wildfires and storms, with direct con-
sequences for people and ecosystems worldwide [2]. Energy production 
is estimated to account for approximately 76% of global emissions 
each year, placing the transition from fossil fuels to renewable energy 
sources at the centre of global climate change mitigation [3].

The potential role of marine resources in this transition, namely 
wind and wave energy, presents significant benefits over onshore al-
ternatives. For offshore wind, this includes higher energy yields and 
reduced environmental impacts compared to onshore wind [4], while 
wave energy has been shown to provide more stable energy yields 
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throughout the year than wind and solar [5]. Wave energy also presents 
strong logistical advantages for the access to clean power, given that 
two thirds of the world’s population reside less than 60 km from coastal 
areas [6].

Since the 1980s, Europe has cultivated a leading role in the global 
energy transition, in large part through the rapid expansion of offshore 
wind projects [4]. At present, the UK is the region’s leading developer 
of offshore wind, with the ambitious goal of quadrupling current capac-
ity by 2030 [7]. This is parallel to growing interest in wave energy in 
both public and private sectors, including the recent establishment of 
the Marine Energy Taskforce in 2025, supported by the Crown Estate, 
to support the research and deployment of wave energy projects [8].

However, the integration of renewable energy at this rate and scale 
presents a number of significant challenges. From a supply perspective, 
renewable resources cannot be dispatched at need, causing problems 
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for network operators who must balance supply and demand [9]. 
Moreover, energy systems with high levels of renewable penetration 
become overtly reliant on climate, rendering infrastructure vulnerable 
both to short term intermittency as well as large scale climatological 
impacts, such as climate change [10].

Diversification of renewable supply is considered one of the stro-
ngest methods to mitigate these impacts. This can be achieved through 
the co-location of different technologies to harness multiple types of 
resource at the same time and place. In an offshore context, benefits 
of combining wind and wave resources can include higher annual 
energy yields as well as reduced intermittences compared to individ-
ual resources [11]. The operational benefits of co-located wind and 
wave also include increased site accessibility as a result of shadow-
ing effects, whereby an array of wave energy converters (WECs) can 
serve to absorb incoming wave energy during harsh weather condi-
tions [12]. Previous research has indicated that European regions of 
the Atlantic Ocean are particularly promising for co-located wind-wave 
projects [13]. Meanwhile, increasing interest in hybrid projects is being 
paid in the UK by stakeholders in both public and private sectors [14]. 
The UK therefore presents a unique context within which to explore 
research opportunities for hybrid offshore infrastructure.

The potential for commercial scale integration of wave energy 
systems alongside existing offshore wind first warrants an investigation 
of long term climate impacts on respective wind and wave resources in 
the region. At present, joint energy assessments of wind-wave resources 
are important to understand resource dynamics and synergies but are 
largely dominated by the study of historical resource availability: [15] 
provides a regional assessment of offshore wind and wave resources 
across Europe using hindcast data for 2001–2010 and identified west-
ern offshore areas in the region as optimal for combined wind-wave 
systems based on theoretical resource availability. [16] performs a 
similar analysis in the Mediterranean Sea based on linear temporal 
correlations between wind-wave resources, based on WAVEWATCH3 
simulations forced with reanalysis wind inputs. At a national scale, [17] 
analyses historical resource availability using ERA5 wind data to force 
a SWAN model for the coast of Portugal. [18] generates wave outputs 
using a WAVEWATCH3 model for Ireland, with input winds from the 
high-resolution HERMOINE dataset for the period 2000–2013. [19] 
adopts a spatial planning approach to assess correlations between wind 
speeds and significant wave heights across the Italian Peninsula, and 
contextualise results in relation to designated ecological reserves and 
industry infrastructure. Elsewhere, [20] conducts a local joint energy 
assessment for a proposed co-located wind-wave farm off the coast of 
Denmark.

On the other hand, assessments of future climate change impacts 
on renewable energy availability have primarily focused on standalone 
resources. For instance, [21] investigates future impacts on wind re-
sources across northwestern Europe under two pathways using CMIP6 
datasets, showing decreases in wind energy availability across the UK 
for both intermediate and high emission scenarios. [22] provides a 
similar assessment specifically for offshore areas, finding larger re-
ductions in long term wind energy potentials under a high emission 
scenario. Wave energy has been similarly assessed separately for the 
region: [23] uses CMIP5 projection data to drive a nested wave model 
with WAVEWATCH3 and SWAN, and find decreases in wave energy po-
tential across the northwestern Iberian Peninsula under a high emission 
scenario. [24] assesses future impacts on the economic viability of wave 
energy and evaluate the performance of fourteen WEC technologies, 
with a focus on profitability measured in terms of the Levelised Cost of 
Energy (LCOE).

In comparison, joint assessments of wind-wave resources for future 
periods across Europe remain limited. An exception is found in [25], 
where an assessment of solar, wind and wave resources is conducted 
using CMIP6 data under a high emission scenario for areas of the 
Atlantic coast and the Mediterranean basin. In doing so, decreases in 
wave energy are detected for the remainder of the 21st century, while 

synergies between resources remain relatively unchanged. However, 
within this unique subfield, a comprehensive national-scale assessment 
quantifying the future impacts of climate change on the UK’s wind-
wave resources based on the latest generation of global climate models 
is currently lacking.

The novelty of this study is to utilise multiple Coupled Model 
Intercomparison Project phase 6 (CMIP6) datasets to assess climate 
change impacts on these marine resources within the UK’s Exclusive 
Economic Zone (EEZ) and serves as an initial assessment to improve 
understanding of the long-term potential for co-located wind–wave 
systems. This is achieved through an investigation of spatiotemporal 
trends in theoretical resource availability for multiple future periods 
(2025–2049, 2050–2074 and 2075–2099), relative to a present-day 
baseline (2015–2024), as well as continuous resource evolutions over 
time. In doing so, the research novelty is twofold: firstly, a multi-model 
wind and wave energy ensemble is created specific to the UK EEZ for 
a high emission scenario (SSP5-8.5), with direct relevance for policy 
makers and industry stakeholders. Applying the same methodological 
framework to both wind and wave resources addresses methodolog-
ical inconsistency between previous studies of standalone resources, 
and allows resource changes to be quantified on a comparable basis. 
Secondly, this study provides a robust assessment of future impacts 
on wind and wave resources in the UK under a worst case climate 
change scenario, with implications for future renewable development. 
This is primarily achieved through the use of a Multi-Model Ensemble 
(MME) approach, comprised of datasets of high temporal resolution 
(three hourly), allowing to minimise errors resulting from single model 
bias, to better depict uncertainty, and deliver more reliable long term 
climate signals.

The structure of the present study is as follows: Section 2 provides 
an overview of the data used and the applied methodology. Section 3 
will present and discuss key research findings, with references to ex-
ternal research findings, followed by a summary of conclusions and 
underlying limitations in Section 4.

2. Materials & methods

2.0.1. The 6th coupled model intercomparison project (CMIP6)
Climate projection datasets provide valuable information on future 

climate systems for a range of variables, including those relevant to 
renewable energy production. The most frequently utilised group of 
these models within contemporary energy assessment literature are 
those developed under the Coupled Intercomparison Project (CMIP), 
coordinated by the World Climate Research Program (WCRP). The 6th 
phase of CMIP (CMIP6) is the most recent publicly available iteration, 
with climatological institutions around the world contributing with 
single models using several controls, the most important being the 
presence of anthropological greenhouse gas emissions in the Earth’s 
atmosphere. CMIP6 data are available for a number of Shared Socioe-
conomic Pathways (SSPs), each representing a potential future climate 
change outcome, which accounts for variations in collective societal 
responses to climate change, including adaptation and mitigation, as 
well as the amount of greenhouse gas emissions, reflected by a radiative 
forcing level [1]. Of these, SSP5-8.5 represents a future dominated 
by fossil fuel development, characterised by rapid global economic 
growth coupled with continued reliance on fossil fuel resources and 
increasing global energy demands [26]. This scenario is among the 
most frequently researched in resource assessment literature as the 
worst case scenario for climate change, and is not often considered in 
future planning for sustainable development of marine renewables.

Data for eight CMIP6 datasets were obtained with global coverage 
from the Earth System Grid Federation (ESGF) nodes, based on the 
availability of three hourly average vertical and horizontal near surface 
(10 m) wind speed variables, with full coverage from 2015 to 2100 (Ta-
ble  1). This was determined the minimal temporal resolution required 
to force a numerical wave model, and datasets were selected based on 
their availability at these intervals. All were obtained under the same 
variant label (r1i1p1f1) to ensure consistency across ensemble members 
(r1), initialisation method (i1), physics (p1), and forcing (f1).
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Table 1
Available CMIP6 datasets and their spatial resolutions.
 Model Longitude resolution Latitude resolution 
 CMCC-CM2-SR5 1.25◦ 0.94◦  
 CMCC-ESM2 1.25◦ 0.94◦  
 IPSL-CM6A-LR 2.50◦ 1.27◦  
 MPI-ESM1-2-LR 1.88◦ 1.86◦  
 EC-Earth3 0.70◦ 0.70◦  
 EC-Earth3-Veg 0.70◦ 0.70◦  
 MIROC6 1.41◦ 1.40◦  
 GFDL-ESM4 1.25◦ 1.00◦  

Table 2
Wave buoy identifiers and spatial properties. Proximity to shore relates to the 
nearest distance to the UK mainland.
 Alias Longitude Latitude Depth (m) Proximity to 

Shore (km)
 Tyne/Tees −0.786◦ 54.9189◦ 63 67  
 Hastings 0.7547◦ 50.7461◦ 37 15  
 SW Isles of Scilly −6.5444◦ 49.8167◦ 91 101  
 Blackstones 7.0567◦ 56.0619◦ 96 77  
 Moray Firth −3.3331◦ 57.9664◦ 50 45  

2.0.2. ECMWF reanalysis version 5 (ERA5)
Reanalysis datasets seek to assimilate historical observations into 

numerical climate models, using data from meteorological stations, 
wave buoys and satellites, to create highly accurate estimations of past 
climate. The latest version of the European Centre for Medium Range 
Weather Forecasts (ECMWF) Reanalysis dataset (ERA5) provides high 
resolution climate data from 1940 to present at hourly intervals, and 
is widely utilised across energy assessment literature, both to evaluate 
hindcast data and to assess resources.

ERA5 has been shown to perform more accurately than alternative 
reanalysis datasets such as MERRA2 for key variables including wind 
speed [27] and solar irradiance [10]. Moreover, numerical wave mod-
els forced using ERA5 wind data have demonstrated better accuracy 
than others such as CFSv2, important for the successful calibration 
of the wave model [28]. Limitations of using ERA5 to drive numer-
ical wave models have been shown to include underestimations in 
wave power, particularly for swell-exposed locations [29], necessitat-
ing comprehensive model calibration targetting swell dissipation and 
windscaling (see Section 2.1.2).

For the purposes of evaluating the CMIP6 datasets and to calibrate 
the numerical wave model, three hourly averages were derived from 
hourly ERA5 data for vertical and horizontal near surface wind speeds, 
obtained from the Copernicus Climate Data Store, at a spatial resolution 
of 0.25◦ for northwestern Europe (−30 W to 25 E and 35 N to 75 N) 
for 2015 to 2024.

Bathymetry data was obtained from the General Bathymetric Chart 
of the Oceans (GEBCO) at a spatial resolution of 0.0042◦. Data was 
obtained for the area −22.5 W to 5.5 E and 39 N to 70 N, to encompass 
the full extent of the study area including the computational grid of the 
parent wave model (Fig.  1).

To calibrate and validate wave model outputs, in-situ wave data 
was obtained from the WaveNet data portal, run by the Centre for 
Environment, Fisheries and Aquaculture Science (CEFAS), for five wave 
buoys located around the UK coastline (Table  2, Fig.  2). Post-recovery 
data for significant wave height (𝐻𝑠) and average zero crossing period 
(𝑇𝑧) were acquired for 2015 to 2024 at 30 min intervals. The data 
undergoes a number of quality control procedures as it is collected, 
where recorded values are screened to remove invalid entries based 
on set maximum rates of change per hour [30]. Thus, raw observed 
values were determined to be of sufficient quality for the purposes of 
calibrating the numerical wave model.

Several datasets were sourced to define the study area using ad-
ministrative boundaries. Maritime limits were obtained from the UK 

Hydrographic Office, which provides data for the UK’s EEZ, as well as 
the Scottish Government’s marine open data network, which provides 
data for Scottish Marine Regions. Within the EEZ, water depths reach 
4354 m, with the deepest waters located in the north along the Euro-
pean continental shelf, which greatly exceeds the maximum depth for 
floating wind projects and commercial scale wave energy converters 
(WECs) [31].

In order to maximise the relevancy of findings, the study area was 
modified to exclude a number of Scottish Marine Regions, namely Rock-
all, the Faroe Shetland Channel and Bailey, where mean water depths 
exceed 1300 m (Fig.  2). The following analysis therefore concerns 
administrative areas of the EEZ wherein commercial scale co-located 
wind-wave projects can potentially be feasible in the future.

2.1. Methodology

All eight CMIP6 datasets and the ERA5 dataset were re-gridded 
to 0.5◦ to using the first order conservative method, to enable cross 
comparison whilst preserving minimum and maximum values [32]. 
The magnitude of wind speed at 10 m (𝑈10) was then derived from 
horizontal (u) and vertical (v) components as: 

𝑈10 =
√

𝑢2 + 𝑣2 (1)

In the absence of technical specifications for any single turbine 
design, theoretical wind energy can be calculated as the Wind Power 
Density (WPD), a product of the cube of wind speed: 
𝑊𝑃𝐷 = 0.5𝜌𝑎𝑈3

100 (2)

Where 𝜌𝑎 is the air density (1.225 kgm−3) and 𝑈100 is the wind 
speed magnitude at 100 m height, a typical hub height for offshore 
wind turbines, which can be extrapolated using Power Law as: 

𝑈100 = 𝑈10

(

𝑍
𝑍𝑟

)𝛼
(3)

Where 𝑍𝑟 is the height of near surface wind speed (10 m) and 𝛼
is the wind shear exponent. Because the analysis concerns coastal and 
offshore resource only, a constant 𝛼 value of 0.11 was used to represent 
the rate at which wind speed increases with height for sea surface 
areas [33].

To quantify theoretical wave energy, Wave Energy Flux (WEF) can 
be used as a function of significant wave height (𝐻𝑠) and absolute 
energy period (𝑇𝑎) as: 

𝑊𝐸𝐹 =
𝜌𝑜𝑔2

64𝜋
𝐻2

𝑠 𝑇𝑎 (4)

Where 𝜌𝑜 is the ocean water density (1025 kgm−3) and g denotes 
gravitational acceleration (9.81 ms−2).

2.1.1. CMIP6 dataset evaluation
The deployment of climate projection data for the assessment of 

resource potential warrants an investigation of how well each dataset 
simulates wind climate. To understand the geographical variance in 
model accuracy, the relative bias at each grid point was quantified with 
respect to monthly average near surface wind speed magnitude values 
by calculating the mean absolute percentage error (MAPE, Eq.  (5)), as 
well as the corresponding magnitude of error as the mean absolute error 
(MAE, Eq.  (6)): 

𝑀𝐴𝑃𝐸 = 100 × 1
𝑁

∑

|𝑥𝑖 − 𝑦𝑖|
𝑥𝑖

(5)

𝑀𝐴𝐸 = 1
𝑁

∑

|𝑥𝑖 − 𝑦𝑖| (6)

Where 𝑁 is the total number of paired values, while 𝑥𝑖 and 𝑦𝑖
represent the observed and modelled values, respectively. Each atmo-
spheric model is evaluated based on the magnitude of error at each grid 
cell, where MAPE values exceeding 100% are considered unreliable for 
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Fig. 1. Computational grids used for the SWAN model in relation to the wave buoy locations (shown in red) used for model calibration.

Fig. 2. Wave buoy locations and bathymetry across the study area. Highlighted areas indicate Scottish Marine Regions excluded from the study due to high mean 
water depths exceeding 1300 m. As a Crown Dependency, the Isle of Man is not part of the UK’s EEZ.

drawing statistical conclusions. Therefore, any dataset in which more 
than 10% of grid points exceed this threshold will be excluded from 
the analysis to safeguard the quality of subsequently derived resource 
potentials. These criteria were informed from an examination of the 
spatial distribution of MAPE values across datasets, which indicated 
that the chosen threshold effectively distinguished datasets exhibiting 
disproportionately large errors.

2.1.2. Numerical wave modelling
Simulating WAves Nearshore (SWAN) is third generation spectral 

wave model developed by Delft University of Technology and is primarily 
intended for coastal applications and nearshore environments, with 
implicit non-linear solutions for terms such as depth breaking, triads, 
etc. It applies the action balance equation (Eq.  (7)) to generate wave 
characteristics using a series of inputs, including near surface wind 
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Table 3
Validation periods assigned to each buoy.
 Alias Start date End date  
 Tyne/Tees 2015-01-01 2015-03-14 
 Hastings 2017-03-15 2017-05-26 
 SW Isles of Scilly 2019-05-27 2019-08-07 
 Blackstones 2021-08-08 2021-10-19 
 Moray Firth 2023-10-20 2023-12-31 

speed and bathymetry: 
𝜕𝑁
𝜕𝑡

+ 𝜕
𝜕𝑥

(

𝑐𝑥𝑁
)

+ 𝜕
𝜕𝑦

(

𝑐𝑦𝑁
)

+ 𝜕
𝜕𝜎

(

𝑐𝜎𝑁
)

+ 𝜕
𝜕𝜃

(

𝑐𝜃𝑁
)

= 𝑆
𝜎

(7)

Where 𝑁 is the action density function of intrinsic frequency (𝜎), 
wave direction (𝜃), spatial coordinates (𝑥, 𝑦), and time (𝑡). The first 
term describes the temporal variation of 𝑁 , followed by terms repre-
senting its propagation in geographical space (𝑥, 𝑦), frequency space 
(𝜎), and directional space (𝜃), with 𝑐𝑥, 𝑐𝑦, 𝑐𝜎 , and 𝑐𝜃 denoting the 
corresponding propagation velocities. The source term 𝑆 accounts for 
energy generation by wind, dissipation (through white-capping, depth-
induced breaking, and bottom friction), and nonlinear wave–wave 
interactions [34].

Since its inception, SWAN has been deployed extensively across 
engineering disciplines to simulate offshore wave climate [35]. Within 
energy assessment literature, this has mostly been applied to assess 
resources for historical periods [36] but has also been used to determine 
future climate using projection data [25]. In the present study, a nested 
SWAN model for a regular grid was carried out to simulate the ocean 
environment with boundary conditions (Fig.  1). These were calculated 
for a 0.5◦ grid, while nested outputs were calculated at 0.25◦, both at 
computational intervals of 30 min.

To determine optimal physics for simulating real wave climate, 
the model was forced using the near surface directional wind speed 
components of the remapped ERA5 wind data and calibrated for the 
year 2015 against observed wave buoy data for individual variables 
𝐻𝑠 and 𝑇𝑧. Although ERA5 is available at finer resolution, the model 
was calibrated and validated using the coarse spatiotemporal grid to 
more accurately reflect performance at similar resolution and to avoid 
interpolation biases.

Upon optimisation of model physics, 30 min output values for each 
variable were then generated for the full baseline period before being 
used to derive WEF as a product of 𝐻𝑠 and 𝑇𝑧, in the absence of 
observed values for 𝑇𝑎. Results for WEF, as well as 𝐻𝑠 and 𝑇𝑧, were 
then validated by allocating each point a unique window of 73 days in 
the baseline period (one fifth of a 365 day year), in order to provide 
a balanced and comprehensive assessment of model accuracy for each 
location (Table  3). Throughout the calibration and validation phases, 
the performance of the wave model was assessed using a number of 
metrics to determine the bias (Eq.  (8)), root mean squared error (RMSE, 
Eq.  (9)), and scatter index (SI, Eq.  (10)) and correlation (CC, Eq.  (11)) 
relative to observed values: 
𝑏𝑖𝑎𝑠 = 𝑦̄ − 𝑥̄ (8)

𝑅𝑀𝑆𝐸 =
√

1
𝑁

∑

(𝑦𝑖 − 𝑥𝑖)2 (9)

𝑆𝐼 = 𝑅𝑀𝑆𝐸
𝑥̄

(10)

𝐶𝐶 =
∑

(𝑦𝑖 − 𝑦̄)(𝑥𝑖 − 𝑥̄)
√

∑

(𝑦𝑖 − 𝑦̄)2
√

∑

(𝑥𝑖 − 𝑥̄)2
(11)

Where 𝑥𝑖 is the observed value at interval 𝑖, 𝑦𝑖 is the model output 
and 𝑥̄ and 𝑦̄ represent the mean of observed and modelled values, 
respectively. Upon validation of the results, the model was forced using 
the directional near surface wind components of each CMIP6 dataset. 
Due to computational resource constraints, outputs were generated at 
three hourly intervals.

2.1.3. Multi-Model Ensembles (MMEs)
Due to the non-linearity of both WPD and WEF, two Multi-Model 

Ensembles (MMEs) were derived as a simple average of daily mean 
WPD and WEF values, respectively. This procedure was applied across 
the CMIP6 datasets deemed of sufficient quality from the results of the 
evaluation. Combining models in this way helps reduce single model 
biases, based on the assumption that errors will cancel out; also provid-
ing a better representation of the associated uncertainty, in line with 
the number of models included [37]. This approach is commonplace 
in energy assessments for future periods that utilise multiple single 
models, and presents an alternative to the application of bias correction 
to individual datasets [22].

However, MMEs constructed for individual variables prior to the 
computation of final variables have been shown to severely underes-
timate wave power [38]. Tests conducted within this study confirmed 
this, whilst showing underestimations in modelled WPD according to 
an average of raw near surface wind speeds. Additionally, the sequence 
of resource calculation was shown to impact the strength of climate 
impact over time, as MMEs of raw variables elicited weaker climate 
signals than those constructed from modelled resources of single mod-
els. Thus, resources were assessed using MMEs, as the average of single 
model wind and wave resources, respectively.

To assess implementation of the MME method, hindcast data for 
the baseline period was evaluated against ERA5 using a number of 
statistical measures applied to the monthly resampled data series of 
WPD values, for single CMIP6 datasets as well as the wind MME, 
within the study area. Namely, the correlation coefficient (CC, Eq. 
(11)), standard deviation (𝜎, Eq.  (12)) of each model, as well as the 
centred root mean squared difference (CRMSD, Eq.  (13)) relative to 
ERA5 values: 

𝜎 = 1
𝑁

√

∑

|

|

𝑦𝑖 − 𝑦̄|
|

2 (12)

𝐶𝑅𝑀𝑆𝐷 = 1
𝑁

√

∑
[(

𝑦𝑖 − 𝑦̄
)

−
(

𝑥𝑖 − 𝑥̄
)]2 (13)

To properly quantify climate impacts, analyses must be conducted 
at broad temporal horizons spanning multi-decadal periods relative to a 
historical baseline. Therefore, each MME was divided into four different 
time periods to define the present-day baseline (2015–2024), near fu-
ture (2025–2049), mid future (2050–2074) and far future (2075–2099) 
periods to fully account for the remainder of the 21st century.

In addition, to comparing multi-decadal periods, the strength and 
significance of continuous change over time was conducted by applying 
a linear regression to each grid point. This was applied to each MME 
after removal of seasonal bias, whereby monthly average values were 
subtracted from the full 85 year study period, in order to elicit a clearer 
climate signal. The temporal variability of renewable resources has 
significant implications for project development, where more stable 
resource output is more desirable from both investor and grid control 
standpoints. The stability of each resource was therefore measured by 
applying the Coefficient of Variation (CoV, Eq.  (14)) to daily average 
values of each MME, to understand the variability of resources relative 
to the mean of each period: 
𝐶𝑜𝑉 = 𝜎

𝑥̄
(14)

3. Results & discussion

3.1. Evaluation of CMIP6 datasets

Grid-point evaluation of single-model bias shows pronounced geo-
graphic variation in each dataset’s accuracy in representing past near-
surface wind speed magnitudes.(Fig.  3). It can be observed that the 
models generally perform better for offshore areas than onshore and 
coastal regions. This is attributable to poorer quality altimeter data 
for coastal areas [39], which is typically used to calibrate atmospheric 
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Fig. 3. MAPE values for monthly average near surface wind speed magnitudes across all single CMIP6 datasets.

models, as well as oversimplification of onshore topography due to the 
coarse spatial resolution of the data [40].

Of all eight CMIP6 datasets, the EC-Earth3-Veg and EC-Earth3 
datasets demonstrate the lowest grid averaged MAPE values of 17.1% 
and 17.2%, respectively, both with grid averaged MAE values of 1.04 
ms−1. This is consistent with previous studies, which also identify the 
EC-Earth3 model as one of the best-performing CMIP6 datasets for wind 
speeds over northwestern Europe based on its distributional similarity 
to ERA5 [21]. MIROC6 shows the weakest performance, characterised 
by higher MAE values, particularly over mainland Europe, with a 
high grid averaged MAPE of 44.4%. These disparities are even more 
pronounced within the study area, wherein MIROC6 displays a grid 
average MAPE of 53.5%, with 15.6% of grid points with MAPE values 
over 100%. In comparison, MAPE values do not exceed 85.4% at any 
given grid point within the study area for the remaining datasets. Thus, 
the decision was made to exclude MIROC6 from both wind and wave 
MMEs to safeguard the quality of research findings.

To compare the overall performances of the selected CMIP6 datasets 
and the resultant wind MME, statistical properties for monthly average 
WPD values within the study area were plotted using a Taylor diagram 
(Fig.  4). Here, datasets at finer spatial resolutions are shown to out-
perform those at coarser scales, while the MME results in an increased 
correlation with ERA5 (0.83), as well as a reduction in CRMSE to 0.44 
kWm−2. The MME of WPD is thus shown to effectively reduce single 
model bias while more accurately representing wind resources within 
the study area for the baseline period.

3.2. Wave model performance

The calibration of the wave model concluded the Source Term 6 
(ST6) wave growth package as the optimal choice based on the results 
compared for all five buoy locations. Unlike alternative parameterisa-
tion schemes such as KOMEN and WESTH, wave dissipation under ST6 
comprises two terms to account for local and cumulative dissipation 
independently [41]. This defines how the wave model accounts for the 
rate of energy dissipation that occurs due to wind-wave interaction at 
the sea surface. ST6 also enables model calibration for a wider range of 
physical properties such as dissipation due to swell and windscaling.

Through an iterative process, combinations for local and cumulative 
dissipation terms and their associated power coefficients, using cali-
brated values listed in the SWAN user manual, and empirical values 
from [41], were tested against various windscaling values. Further ex-
perimentation found that wind drag according to [42] simulated more 
realistic wave outputs according to observed data, in line with findings 
from calibration studies that used ERA5 wind data with ST6 parame-
terisation [43]. Other key parameters that were adjusted to improve 
model performance included dissipation due to bottom friction, swell 
dissipation, and numerical procedures for non-linear computation of 
quadruplet wave interactions. More information on calibrating SWAN 
for ST6 can be found in [41,43].

Table  4 shows the results of the model validation for each variable 
for the buoy locations. As shown, the model performs strongly for 
𝐻𝑠, with a bias ranging from −0.16 m at Blackstones to 0.10 m at 
Tyne/Tees, with an average absolute error of 0.09 m. In terms of wave 
power, the biases for the above mentioned locations are −3.73 kWm−1

and 0.71 kWm−1, respectively, with an average absolute error of 1.25 
kWm−1. Meanwhile, 𝑇𝑧 is generally underestimated across all locations 
with higher RMSE and lower correlations, although with reasonable 
values for SI as low as 0.17. This is reflected in the wave power product 
of 𝑇𝑧, which is shown to underestimate wave energy yields at three of 
the five locations. However, correlation for wave power ranges between 
0.82 at Blackstones and 0.97 at Tyne/Tees, indicating strong model 
performance for energy capture.

The propagation of residual errors in the wave model over time are 
shown in Fig.  5, with implications for long term statistical results. De-
spite positive bias detected at Moray Firth during validation, the model 
slightly underestimates average annual WEF for the baseline period by 
−5.6%. On the other hand, the sizeable negative bias at Blackstones 
propagates an underestimation of −22.4% for average annual WEF, 
rendering absolute changes over time in these areas less reliable than 
regions dominated by locally generated wind-waves. However, the 
high level of correlation between observed and modelled values at 
Blackstones suggests that relative changes are still well captured by 
the model if it is assumed residual uncertainty introduced by the wave 
model remains constant between the baseline and future periods.

Altogether, despite a reduced computational resolution, the results 
of wave model validation are generally consistent with calibration 
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Fig. 4. Performance of single CMIP6 datasets and the MME (excludes MIROC6) for monthly WPD for the baseline period within the study area. Blue lines indicate 
values for CRMSE (kWm−2).

Fig. 5. Average annual observed and modelled WEF for each buoy location (2015–2024).

Table 4
Validation results for 30 min outputs of the SWAN model.
 Buoy Bias RMSE CC SI

 WEF (kWm−1) 𝐻𝑠 (m) 𝑇𝑧 (s) WEF (kWm−1) 𝐻𝑠 (m) 𝑇𝑧 (s) WEF 𝐻𝑠 𝑇𝑧 WEF 𝐻𝑠 𝑇𝑧  
 Tyne/Tees 0.71 0.10 −0.62 5.57 0.31 0.83 0.97 0.95 0.85 0.58 0.18 0.17 
 Hastings −0.52 −0.07 −0.75 1.39 0.21 1.01 0.92 0.92 0.69 0.80 0.28 0.28 
 SW Isles of Scilly −0.22 0.08 −1.02 4.35 0.32 1.34 0.89 0.92 0.59 0.53 0.21 0.25 
 Blackstones −3.73 −0.16 −1.38 12.58 0.53 1.85 0.83 0.90 0.59 0.80 0.29 0.32 
 Moray Firth 1.07 0.02 −0.57 11.33 0.37 0.89 0.95 0.96 0.86 0.80 0.21 0.17 

studies conducted at higher spatiotemporal resolutions [44], including 
subregional analyses conducted within the present study area [45]. The 
model is therefore sufficient to model wave energy using single CMIP6 
datasets at 0.5◦ grid resolution.

3.3. Multi-decadal resource evolution

Multi-decadal comparison between baseline and future periods re-
veal generally decreasing trends in average annual WPD, increasing 
in severity towards the end of the century (Fig.  6(a)). The impacts 
are particularly pronounced in coastal regions of Northern Ireland and 
south-west Scotland, with decreases in average annual WPD of up 
to −10.8% (−56.10 Wm−2) in the mid-future and −15.9% (−83.11 
Wm−2) for the far future relative to the historical period. Conversely, 

some regions of south-east England are projected to experience slight 
increases in average annual WPD of 0.9% (3.98 Wm−2) for the mid 
future period, rising to 2.7% (12.39 Wm−2) in the far future.

Similarly, average annual wave resources are projected to decrease 
throughout most of the study area (Fig.  6(b)), particularly across the 
North Sea, with decreases of up to −16.4% in the mid future (−688.32 
Wm−1) and −25.2% in the far future (−1422.73 Wm−1) off the east 
coast of Scotland. However, negligible trends are shown in areas west 
of the Hebrides as well as parts of the Celtic Sea, suggesting minimal 
long term climate impacts on wave resources in these areas. Elsewhere, 
increases of up to 2.4% (440.50 Wm−1) in the mid future and 4.6% 
(188.90 Wm−1) in the far future are projected west of the Bristol 
Channel.

The analysis of continuous change over time, from 2015 to 2100, 
shows 87.8% of grid points within the study area with a statistically 
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(a) 

(b) 

Fig. 6. Multi-decadal changes in annual average WPD (a) and WEF (b) for near future, mid future and far future relative to the baseline period.

 
(a) 

  
(b) 

 

Fig. 7. Spatial distribution of regression-derived annual trends in WPD (a) and WEF (b) based on daily average values. Stippling indicates grid points with 
statistically significant annual trends (𝑝 < 0.05).

Renewable Energy 269 (2026) 125813 

8 



J.-L. McWhirter et al.

Fig. 8. Changes in seasonal WPD for near future, mid future and far future relative to the historical period.

significant trend in the wind resource per year (Fig.  7(a)). The mag-
nitude of this trend ranges between −1.66 Wm−2 per year off the 
coast of Northern Ireland, while increases are projected in the English 
Channel near south-east England of up to 0.39 Wm−2. Meanwhile, 
several regions are identified where no significant change is likely to 
occur, including areas of the Welsh coast and deep water areas in the 
North Sea. On average, the impact of climate change on wind resources 
was found to be −0.62 Wm−2 per year across the study area.

On the other hand, 85.5% of the grid points show statistically 
significant trends in wave resource per year, ranging in magnitude from 
−72.59 Wm−1 near Shetland to 17.25 Wm−1 near the Outer Hebrides, 
with an average of −26.01 Wm−1 across the study area. Meanwhile, no 
significant continuous change is detected for the regions in the English 
Channel and the Irish Sea around the Isle of Man.

From this it can be observed that the impacts of climate change 
on wind and wave resources vary geographically for each resource. 

While relatively small in magnitude, the detection of significant climate 
signals for each MME suggests long term shifts in resource availability 
with implications for the climate resilience of renewable development 
at these locations. That some areas, such as the west coast, experience 
significant decreasing trends in WPD, and negligible or opposing trends 
in WEF, suggests co-location with wave energy systems can potentially 
enhance the sustainability of offshore wind projects in the long term.

3.4. Intra-annual resource evolution

Overall decreases in annual WPD are largely driven by reductions in 
energy yield during summer months (June, July and August), gradually 
increasing in severity towards the end of the century (Fig.  8). Average 
seasonal WPD during these months is projected to decrease by 3.5% 
in the near future, 14.1% in the mid future and 21% in the far future. 
These findings echo those of previous wind energy assessments con-
ducted with CMIP6 data for SSP5-8.5 reported in [22,46]. Interestingly, 
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Fig. 9. Changes in seasonal WEF for near future, mid future and far future relative to the historical period.

increases are projected for winter months (December, January and 
February) across the southern region of the study area, with maximum 
increases of 0.1% (2.53 Wm−2) in the near future, 7.1% (62.64 Wm−2) 
in the mid future and 9.8% (74.39 Wm−2) in the far future.

Similarly, reductions in annual wave resources are found to be 
driven by decreases in average resources during the summer months 
(Fig.  9), in particular from the mid and far future periods, by up to 
−28.0% (−718.60 W/m) and −40.4% (−518.02 W/m), respectively. On 
the other hand, increases in average wave resources for winter months 
are also detected across much of the west coast of the UK, of up to 9.3% 
(1142.68 W/m) in the mid future and 13.5% (1228.94 W/m) in the far 
future. Previous research suggests this may be caused by the projected 
poleward displacement of storm tracks for higher latitudes, leading to 
year-round reductions in available wind and wave resources [47].

That WPD and WEF exhibit similar reductions in energy potential 
during summer suggests co-located wind-wave may remain vulnerable 
to decreasing levels of generation during summer months throughout 

the 21st century. However, positive trends in both resources are exhib-
ited in shared locations for winter, particularly for areas in the Celtic 
Sea and the English Channel, suggesting climate change may act to 
enhance resource synergies during these months.

3.5. Evolution of resource stability

Analysis of wind resource stability shows gradually increasing
trends for CoV from the mid future period onward, following slight 
decreasing trends in the near future across much of the study area (Fig. 
10(a)). Maximum increases of 3.6%, 9.6% and 15.0% for near, mid and 
far future periods, respectively, are projected in the North Sea east of 
Norwich, with more modest trends projected in northwestern regions 
of the study area. This aligns with previous research that found similar 
magnitudes of changes in CoV in the North Sea, and that these changes 
are unique to high emission scenarios [22]. Overall, grid averaged 
changes in CoV are projected with increases of 4.1% in the mid-future 
and 8.4% for the far future.
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(a) 

(b) 

Fig. 10. Multi-decadal changes in CoV for WPD (a) and WEF (b) for near future, mid future and far future relative to the historical period.

The wave resource shows similar trends for CoV, with initial de-
creases of up to −7.2% in the near future in the Celtic Sea (Fig.  10(b)). 
However, increases of up to 4.7%, 10.6% and 19.8% for near, mid and 
far future periods, respectively, are shown for coastal regions of south-
east England, implying particularly localised climate impacts on wave 
resource stability, amidst grid averaged increases of 4.1% and 8.0% 
in CoV for the mid and far future periods, respectively. Nevertheless, 
it remains unclear whether co-location may effectively combat this 
destabilisation due to the theoretical assessment of resource availability 
in the present study.

4. Summary & conclusions

This study quantifies long-term climate change impacts on ma-
rine wind–wave resources in the UK for the remainder of the 21st 
century under a high emission climate change scenario. This was 
achieved through the construction of two MMEs for wind and wave 
energy, respectively, derived from seven available CMIP6 datasets for 
the SSP5-8.5 scenario. The SWAN wave model was implemented for 
each dataset to provide a robust assessment of the evolution of re-
newable wave energy from 2015 to 2100. As the analysis is conducted 
under the SSP5-8.5 scenario, the results presented here are specific to 
this high-emission pathway and therefore represent potential upper-
bound climate change impacts on marine wind–wave resources. The 
key research findings of the present study are summarised as follows.

Several CMIP6 models, namely the EC-Earth3 and EC-Earth3-Veg 
datasets, were found to outperform others in terms of their ability to 
emulate near-surface wind speeds across northwestern Europe. More-
over, the use of MMEs for assessing energy potential demonstrates 
superiority over the use of single models, characterised by reduced bias 
and higher correlation with the reanalysis data. In addition, the wave 
model calibration determined ST6 as the optimal third generation mode 
for the purposes of modelling wave energy with ERA5 in the study area. 
The most important parameters adjusted to improve accuracy were 
identified as the terms for cumulative and local dissipation, and the 
associated windscaling value.

Under a high emission scenario, climate change is likely to result 
in gradual reductions in energy potential for both wind and wave 
resources. Although comparable amounts of area exhibit significant 
annual change for each resource (87.8% to 85.5% of the study area), 
their spatial trends often diverge. As such, decreases in wind energy 
occur in regions where wave impacts are minimal, and vice versa. This 
suggests that future offshore wind developments along the west coast 
of the UK may be less vulnerable to climate-driven reductions in energy 
potential if integrated with co-located wave energy systems. However, 
reductions are primarily driven by decreases in energy potential during 
the summer months for both wind and wave resources. Conversely, 
opposing spatial trends for winter months are shown, with gradual 
increases in average wave power across the west coast of the UK, 
and increases in wind power across the southern half of the EEZ. 
This requires further investigation with respect to seasonal climate 
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extremes and practical energy yields, and presents opportunities for 
future works. In terms of stability, both resources are projected to expe-
rience temporary decreases in variability in the near future, followed by 
gradual increases in the mid and far future. These findings indicate that 
increasing variability in marine energy resources should be considered 
in future offshore energy planning, and warrants further study into the 
potential role of hybrid wind–wave systems in maintaining more stable 
generation profiles under climate change.

The limitations of the present study are largely underpinned by 
the ability of the wave model to simulate realistic ocean conditions 
relevant for energy capture. The underestimation of modelled WEF 
at Blackstones, in particular, highlights the difficulties in wave model 
calibration for larger domains with complex sea states. Although the 
model is shown to perform well overall, the analysis does not account 
for these underestimations in areas dominated by Atlantic swell. On 
the other hand, the spatial resolution of nested SWAN outputs presents 
challenges for the accurate assessment of energy potential for inshore 
regions and complex coastlines that characterise much of the west coast 
of Scotland. The deployment of SWAN on smaller scales nearshore 
is therefore encouraged for a more accurate assessment of localised 
climate change impacts on wave resources.

A second limitation is tied to the relatively coarse spatiotemporal 
resolution of the CMIP6 data. This may also result in underestimations 
of renewable resources largely driven by the inability to reflect extreme 
values. In the present study, this is compounded by the use of the MME, 
which cancels out extreme highs and lows in addition to single model 
bias. As a result, the data used here is unsuitable for an assessment 
of the impacts of climate change on practical energy yields, as well 
as energy droughts and the occurrence of storms, and provides an 
important avenue for subsequent investigation.
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