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ABSTRACT: The increasing importance of wind energy in the electricity mix underscores the need for accurate estima-
tion of wind energy production in the coming decades. Here, we present a new statistical–dynamical downscaling approach
to quantify the energy production of wind farms in an ensemble of future climate projections. This approach relies on two
reanalysis-driven regional climate model simulations, one of which includes a wind farm parameterization to account for
wind farm–atmosphere interactions and wake losses. We then apply this method to a projected, 92-GW offshore wind farm
distribution in the North Sea and compare the energy production between the wind climate of 1985–2014 and 38 projections
for the wind climate of 2025–54. The ensemble mean difference in 30-yr energy production is 25% for JJA, 22.5% for
SON, and near zero for DJF and MAM. However, these 30-yr differences have a large ensemble spread, with an interquartile
range (IQR) of around 8% and a range of around 15%. Furthermore, the ensemble probability distribution of decadal energy
production is different compared to the reference period. For winter, 16% of future decades fall below the 5th percentile
(P5) of the historical period and 12% of future decades exceed the 95th percentile (P95). Finally, we demonstrate the impor-
tance of considering the secondary effect by which wind climate changes increase or reduce wake losses, as long-term changes
can differ strongly when these effects are not included. The potential changes in energy production discussed here should be
considered alongside other effects, such as near-future increases in interfarm wake losses and technological advancements to
optimally constrain the uncertainty in near-future wind energy production.

SIGNIFICANCE STATEMENT: Wind energy is playing an increasingly significant role in the electricity mix, making
it essential to quantify the uncertainty in near-future wind energy production for developing secure energy infrastruc-
ture. In this context, we introduce a novel approach that combines future climate projections with high-resolution
regional climate model simulations to quantify the uncertainty in future energy production in a cost-effective way. Im-
proving upon existing methods, this approach also considers the two-way interactions between wind farm clusters and
the atmosphere.
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1. Introduction

As part of the urgent transition to low-carbon energy sys-
tems, the offshore wind energy sector reached a global capac-
ity of 72.6 GW at the end of 2023 compared to 7.1 GW at the
end of 2013 (International Renewable Energy Agency 2024).
In Europe, the offshore capacity is planned to increase to be-
tween 300 and 450 GW by 2050 in order to achieve climate
neutrality (European Commission 2020). How much energy
a wind farm will actually produce over its lifetime depends
on the available wind resource, which is usually quantified in
a preconstruction wind resource assessment. Such assess-
ments are typically based on (a combination of) historical
measurements and reanalysis data (e.g., Kim et al. 2022;
Zekeik et al. 2024), with the implicit assumption of climate

stationarity. However, the future wind resource might differ
from a historical reference period as a consequence of long-
term climate variability and climate change (Feser et al. 2015;
Bodini et al. 2016; Karnauskas et al. 2018). Previous studies
addressing the uncertainty in future wind resources and en-
ergy production have relied on global climate model (GCM)
projections from the Coupled Model Intercomparison Pro-
ject (CMIP), which cover a range of greenhouse gas emission
scenarios embedded in different shared socioeconomic path-
ways (SSPs).

A common approach is to directly analyze the GCM data
(e.g., Fant et al. 2016; Devis et al. 2018; Zhao et al. 2024), but the
resolution of these data is usually low (grid spacing $ 100 km)
so this approach is only suitable for regional or global analy-
ses. Various methods have been developed to downscale
wind fields and enhance the GCM projections to higher spa-
tial and temporal resolution (Pryor and Hahmann 2019). One
approach is the dynamical downscaling of GCM projections
with higher-resolution regional climate models (RCMs),
which has been used extensively to quantify future wind re-
sources (e.g., Hueging et al. 2013). Because the downscaling
of GCM simulations has a very high computational cost,
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hybrid statistical–dynamical methods have also been employed
where selected cases are dynamically downscaled and extrapo-
lated statistically to longer periods (e.g., Mengelkamp 1999;
Najac et al. 2011; Reyers et al. 2015). The three aforemen-
tioned approaches have been applied to study the future wind
resources over the European North Sea: Carvalho et al. (2021)
found a decrease of wind resources for 2045–65 based on the
analysis of 15 CMIP6 GCMs, with stronger reductions under
SSP5-8.5 than under SSP2-4.5 and stronger reductions for
summer than for winter. Hahmann et al. (2022) only found a
decreased wind resource over summer for 2031–50 based on
the analysis of 16 CMIP6 GCMs under SSP5-8.5. In both these
studies, the findings were characterized by a large ensemble
spread. Research based on (statistical)dynamical downscaling
has mostly been restricted to CMIP5 driving GCMs and down-
scaled products with a grid spacing $ 12 km. Moemken et al.
(2018) analyzed an ensemble of four GCMs downscaled by two
RCMs and did not find a change in the mean wind resource
over the North Sea for 2031–50. However, they did find a de-
crease in the summer wind resource for the period 2071–2100.
Comparability between different studies is limited due to the
use of different ensembles in terms of size, models, scenarios,
and periods.

Because wind resource changes derived from CMIP5 and
CMIP6 have been shown to differ substantially (Carvalho
et al. 2021; Jung and Schindler 2022), there is a need for
downscaled versions of the next-generation CMIP6 model
simulations. However, several factors limit the applicability of
existing downscaling methods in quantifying future energy
production uncertainty at the level of a wind farm. First, the
wind resource changes are usually not dynamically linked to
the actual energy production of a wind farm. Offshore wind
turbines and wind farms are so large that they interact with
the large-scale flow, which can substantially impact the effi-
ciency through waking inside and between wind farms (e.g.,
Volker et al. 2017; Fischereit et al. 2022b; Borgers et al. 2024).
The sensitivity of a wind farm to these wake effects also de-
pends on the local wind climate, so that future wind climate
changes can either reduce or increase the impact of these pro-
cesses. To include these wind farm–atmosphere interactions,
kilometer-scale RCM simulations are needed that can include
a parameterization of these interactions. Full dynamical
downscaling of a large ensemble of CMIP6 simulations is un-
feasible at this grid resolution, so a new statistical–dynamical
approach is required which uses kilometer-scale RCM sim-
ulations. Furthermore, the existing statistical–dynamical ap-
proaches often use a wind speed class resolution that is too
coarse given the highly nonlinear relationship between wind
speed and wind turbine power production. Moreover, only a
limited number of cases are typically calculated for each class,
so that the underlying atmospheric variability might not be
fully captured. Finally, the statistical part of these algorithms
is generally applied to higher-level winds (e.g., 850 hPa) in-
stead of turbine-level winds, which can lead to errors due to a
lack of vertical correlation and/or the use of vertical extrapo-
lations during postprocessing.

In this study, we propose a new statistical–dynamical down-
scaling algorithm to estimate the future wind energy production

and its uncertainty for one or several wind farms. This algorithm
uses high-resolution RCM simulations driven by reanalysis data
and includes a mesoscale wind farm parameterization in the
RCM to account for wind farm–atmosphere interactions. These
simulations provide a lookup table where wind farm energy pro-
duction is given as a function of wind speed and direction, which
can be used to calculate energy production in the future wind cli-
mate of a GCM. We apply the algorithm to an ensemble of 38
future GCM simulations to quantify the near-future energy pro-
duction of a projected, 92-GW wind farm distribution in the
North Sea. Section 2 describes the different datasets and model
simulations used in this study, in addition to the statistical–
dynamical downscaling algorithm. Section 3 presents the results
of the GCM analysis and of the downscaling algorithm, followed
by a discussion of the method and results in section 4. Finally,
conclusions are formulated in section 5.

2. Data and methods

a. Processing of GCM data

The GCM simulation output used in this work was gener-
ated within phase 6 of the CMIP (CMIP6) (Eyring et al.
2016). This output was downloaded from the Earth System
Grid Federation (ESGF) data nodes (Petrie et al. 2021), using
Wget scripts generated in the online search interface. Data
were obtained for a historical reference period (1985–2014)
and the near future (2025–54). The historical simulations are
part of the historical experiment of the CMIP activity, while
the future data are part of the SSP experiment of the Scenario
Model Intercomparison Project (ScenarioMIP) activity. Table 1
gives an overview of the 17 GCMs considered in this study. For
each GCM, a simulation for each fully available SSP scenario
was included. Many CMIP6 models could not be included in this
work: In some cases, the necessary data at model levels were not
available. For other models, downloads did not start or failed re-
peatedly for large file sizes. Two models were not included based
on the poor performance found for these models by Hahmann
et al. (2022) in terms of simulating the North Sea wind climate
at turbine level. The choice to consider 30-yr periods is based on
several reasons. First of all, it is comparable to the lifespan of
the turbines in an offshore wind farm (Li et al. 2022). Second,
the World Meteorological Organization (WMO) recommends
at least three consecutive 10-yr periods for calculating climate
normals (World Meteorological Organization 2017). Third,
wind resource assessments at offshore wind farm development
sites have generally not considered periods longer than 30 years
(Sempreviva et al. 2008; Carta et al. 2013).

The calculation of wind speed and wind direction at typical
wind turbine nacelle heights (;100 m) was performed analo-
gously to the method detailed in Hahmann et al. (2022). The
necessary variables were downloaded from the 6hrLev table,
i.e., instantaneous data at model levels at 6-hourly intervals.
For models with a pressure-based vertical coordinate, also
temperature (ta), surface pressure (ps), and specific humidity
(hus) were required to compute the height of the model levels
at each time step by vertically integrating the hypsometric
equation. For the vertical interpolation of wind speed, the
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power law was used in which the power (shear) coefficient
was inferred from the model levels above and below the tar-
get height as in Borgers et al. (2024). For wind direction, the
zonal and meridional wind components were first linearly in-
terpolated to the target height.

The different GCMs were evaluated in terms of their ability
to represent the historical wind climate over the study area.
With this aim, seasonal wind roses of each GCMwere compared
at a central location in the North Sea (558N, 38E) with their
counterparts in the ERA5 reanalysis (Hersbach et al. 2020).
ERA5 has been shown to agree well with offshore wind meas-
urements (e.g., Hahmann et al. 2022; Kalverla et al. 2020) and to
outperform other reanalyses for the characterization of offshore
wind resources (Olauson 2018; Soares et al. 2020). The seasonal
wind roses were compared with the Perkins skill score (PSS),
which expresses the fraction of overlap between two histograms:

PSS(W1, W2) 5 ∑
n

i51
∑
m

j51
MIN(Fij

W1
, Fij

W2
), (1)

where W is a wind rose, i.e., a two-dimensional histogram of
wind speed and wind direction; n (m) is the number of wind
speed (direction) bins; and F represents the normalized fre-
quency in a wind rose bin. The PSS ranges between 0 and 1,
where 1 represents the complete overlap. Prior to the compar-
ison, the ERA5 winds were first regridded to the GCM scale.
Whereas most of the work presented here uses the GCM
winds interpolated from model levels, a first assessment of
wind climate differences between the historical and future pe-
riods was carried out based on surface winds, also at a tempo-
ral resolution of 6 h. This assessment was done during the

downloading and processing of the model-level datasets. For
all applications of the GCM data, except for the performance
analysis, the historical and future wind speed data were first
bias corrected using a per-season quantile mapping approach
(e.g., Li et al. 2019), with ERA5 as the reference.

b. COSMO-CLM configuration

The regional simulations were performed with the regional
climate model COSMO-CLM (version 5.0-15), codeveloped
between the Consortium for Small-Scale Modeling (COSMO)
and the Climate Limited-Area Modeling Community (CLM-
Community) (Rockel et al. 2008). The primitive equations
are formulated in nonhydrostatic, compressible form and are
integrated with a Runge–Kutta dynamical core (Doms and
Baldauf 2013). The model grid is made up of a rotated longi-
tude–latitude grid with a height-based, terrain-following coor-
dinate. The model setup used in this study is mostly identical
to the one of Borgers et al. (2024). The horizontal domain
covers most of the North Sea using a grid increment of 0.0258
(;2.8 km), corresponding to 339 and 409 grid cells in the
zonal and meridional directions, respectively (Fig. 1). The lat-
eral boundary forcing was applied within the 40-km-wide relax-
ation zone and was derived from the ERA5 reanalysis at
hourly frequency. No intermediate nesting stages were used,
following sensitivity experiments from Brisson et al. (2016) and
Borgers et al. (2024). The vertical dimension of the grid consists
of 61 vertical levels with a spacing of approximately 30 m at tur-
bine rotor height. Interactions between the atmosphere and
Earth’s surface are accounted for by roughness- and stability-
dependent surface flux parameterizations, in addition to the
multilayer soil model TERRA-ML (Doms et al. 2013). In the

TABLE 1. Overview of the considered CMIP6 models and simulations. Models for which the experiment matrix is filled with } were
excluded based on the historical performance analysis.

Model
Atmospheric
component

Grid spacing
(lon 3 lat)

ScenarioMIP experimenta

Variantb Reference1-1.9 1-2.6 2-4.5 3-7.0 4-3.4 4-6.0 5-8.5

ACCESS-CM2 HadGAM/UM 1.258 3 1.8758 x x x x r5i1p1f1 Bi et al. (2020)
CanESM5 CanAM 2.81258 3 2.798 } } } } } } } r1i1p2f1 Swart et al. (2019)
CMCC-CM2-SR5 CAM 1.258 3 0.948 } } } } } } } r1i1p1f1 Cherchi et al. (2019)
CNRM-CM6-1 ARPEGE 1.48 3 1.48 x x r1i1p1f2 Voldoire et al. (2019)
CNRM-ESM2-1 ARPEGE 1.48 3 1.48 x x x x x r1i1p1f2 Séférian et al. (2019)
FGOALS-g3 GAMIL 28 3 2.258 x x x r1i1p1f1 Li et al. (2020)
GISS-E2-1-G ModelE 2.58 3 28 x x r1i1p1f2 Kelley et al. (2020)
HadGEM3-GC31-MM HadGAM/UM 0.8338 3 0.5568 x x r1i1p1f3 Sellar et al. (2020)
IPSL-CM5A2-INCA LMDZ 3.758 3 1.8758 } } } } } } } r1i1p1f1 Sepulchre et al. (2020)
IPSL-CM6A-LR LMDZ 2.58 3 1.278 x x x x x x r1i1p1f1 Boucher et al. (2020)
MPI-ESM1-2-HR ECHAM 0.93758 3 0.9358 x x x x r1i1p1f1 Müller et al. (2018)
MPI-ESM1-2-LR ECHAM 1.8758 3 1.8658 x x r1i1p1f1 Mauritsen et al. (2019)
MRI-ESM2-0 GSMUV 1.1258 3 1.1218 x x r1i1p1f1 Kawai et al. (2019)
NorESM2-LM CAM 2.58 3 1.8958 } } } } } } } r1i1p1f1 Seland et al. (2020)
NorESM2-MM CAM 1.258 3 0.948 x x r1i1p1f1 Seland et al. (2020)
TaiESM1 CAM 1.258 3 1.0.948 } } } } } } } r1i1p1f1 Lee et al. (2020)
UKESM1-0-LL HadGAM/UM 1.258 3 1.8758 x x x x r1i1p1f2 Sellar et al. (2020)
a Each ScenarioMIP experiment is based on a global socioeconomic scenario and an associated end-of-century (2100) radiative forcing.
For example, SSP3-7.0 consists of a socioeconomic scenario SSP3 (“ARocky Road”) and a radiative forcing of 7 Wm22 by 2100 compared
to the preindustrial baseline (O’Neill et al. 2016).
b The ripf code identifies each individual simulation performed by a model for a given experiment in terms of the realization (r),
initialization method (i), model physics (p), and forcing specification (f).
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planetary boundary layer (PBL), subgridscale turbulent fluxes
are parameterized using a one-dimensional, turbulent kinetic
energy (TKE)-based diagnostic closure scheme after Mellor
and Yamada (1982). Furthermore, the feedback of gridscale
cumulus convection on the model variables is represented by
the bulk cloud parameterization of Tiedtke (1989). Finally,
radiative processes are taken into account with the radiative
transfer scheme of Ritter and Geleyn (1992). An extensive de-
scription of the model system is available in the documentation
(e.g., Doms and Baldauf 2013). The skill of COSMO-CLM in
modeling the North Sea wind climate has been thoroughly
compared to data from 19 in situ measurement stations, five
wind lidars, and Advanced Scatterometer (ASCAT) satellite
measurements (Borgers et al. 2024). In general, the wind cli-
mate at turbine rotor height is modeled well and captures the
observed directional, seasonal, and interannual variability.

To represent the wind farm–atmosphere interactions, the
Fitch wind farm parameterization (WFP) (Fitch et al. 2012)
was included. This additional module represents the wind
farm forcing on the atmosphere as a sink of kinetic energy
and a source of TKE, which is applied over the vertical layers
that intersect the turbine rotor. The original implementation
in COSMO5-CLM15 (Chatterjee et al. 2016; Akhtar and
Chatterjee 2020) has previously been updated with several
improvements as described in Borgers et al. (2024). For the

simulations in this study, the code was further updated to
allow rotor height and diameter, turbine density and turbine
power, and thrust curves Cp and Ct to vary spatially. Also, other
schemes exist to represent this wind farm forcing and the differ-
ent schemes can lead to significant differences (Fischereit
et al. 2022a; Ali et al. 2023). However, the Fitch WFP has
been shown to perform well in modeling wind speed deficits
behind wind farms compared to observational datasets in
HARMONIE–AROME (van Stratum et al. 2022; Dirksen
et al. 2022), the Weather Research and Forecasting (WRF)
Model (Garcia-Santiago et al. 2022), and COSMO-CLM (Akhtar
et al. 2021). In addition, studies have found that modeled wind
speed reductions inside wind farms also agree well with airborne
and in situ measurements (Ali et al. 2023; Dirksen et al. 2022)
and Reynolds-averaged Navier–Stokes (RANS) simulations
(Fischereit et al. 2022c).

Two simulations were performed for the period 1990–2020.
One simulation did not incorporate any wind farms and is
used to represent the undisturbed wind climate. The other
simulation included a projected wind farm distribution for
2030, which will be described in detail in the next subsection.
The entire first year was used for temporal spinup of the soil
layers and is omitted from the analysis based on Jerez et al.
(2020). A simulation length of 30 years was chosen for reasons
described in section 2a.

FIG. 1. Map showing the relaxation boundaries of the model domain (cyan), the projected
wind farm distribution for 2030 (white polygons), and the eight locations where the weighting
algorithm was applied (purple points).
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c. The wind farm distribution

The methodology described in this study was tested for a
time-invariant, projected wind farm distribution for 2030, with
a total capacity of 92 GW (Fig. 1). Whereas this time horizon
does not correspond to the center of the time period consid-
ered for the future GCM simulations, i.e., 2025–54, it already
represents a 30% completion of the target for 2050 according
to the Ostend Declaration (2023). In addition, it is more clearly
established which wind farm zones should be occupied by the
year 2030, including the characteristics of those wind farms,
such as turbine type and turbine spacing. After this time hori-
zon, both the locations and characteristics of future wind farms
are highly uncertain. Based on the projected wind farm distribu-
tions used in other studies (e.g., Rosencrans et al. 2024; Borgers
et al. 2024), it was expected that wind farm–atmosphere inter-
actions would be important for this 92-GW distribution.

The inputs for the wind farm parameterization are the
spatial extent of each wind farm, the turbine specifications
(hub height, rotor diameter, Cp curve, and Ct curve), and the
turbine density. The basis of the developed wind farm distri-
bution is the set of wind farms that were operational at the
beginning of 2023. The spatial extent and total capacity of
these wind farms were obtained from the European Marine
Observation and Data Network (EMODnet) (EMODnet
2023). The turbine dimensions and rating were retrieved from
the websites of the different wind farm projects. The turbine
density was then calculated from the spatial extent, total capac-
ity, and turbine rating at each wind farm. Since the thrust and
power curves of the turbines are usually not publicly available,
an approximation method was used. For this, 16 Cp–Ct couples
were used from the study of van Stratum et al. (2022) in
addition to those of three reference wind turbines (RWTs): the
5-MW RWT of the National Renewable Energy Laboratory
(NREL) (Jonkman et al. 2009), the 10-MW RWT of the Tech-
nical University of Denmark (DTU) (Bak et al. 2013), and the
15-MW RWT of the International Energy Agency (IEA)
(Gaertner et al. 2020). The operational wind farms that were
also included in the simulations of van Stratum et al. (2022)
were equipped with the power and thrust curves used in their
work. For all other operational wind farms, the approximation
method was applied. This method relies on the equation for the
power generation of a wind turbine:

P 5
1
2
rACp(V)V3, (2)

where P is the power output, r is a standard air density of
1.225 kg m23, A is the rotor area, V is the wind speed, and Cp is
the wind speed-dependent power coefficient. This relationship
P(V) is highly nonlinear, with an increase in power output
from the cut-in wind speed (;3 m s21) to the rated wind speed
(;12 m s21), followed by constant power up to the cut-out
wind speed (;25 m s21) above which the turbine blades are
stalled to prevent damage (see Fig. S1 in the online supplemental
material for an example). Based on the known rotor diameter at
each operational wind farm, the Cp curve (and corresponding Ct

curve) was selected for which the best match was found between
the rated power derived from Eq. (2) and the known turbine

rating. More specifically, the power production derived
from Eq. (2) in the wind speed range of 17–20 m s21 was
compared to the publicly available turbine rating at each
wind farm. The resulting difference in rated power could go
from more than 50% for the worst match to well below 5% for
the best match out of the 19 Cp curves (e.g., Figs. S1 and S2).
The rationale behind this approach is that the ratio between the
turbine rating and the turbine rotor diameter determines the
shape of the power curve. To accommodate for the small mis-
match coming from the approximation method, the turbine den-
sity in each wind farm was slightly reduced or increased to keep
the total wind farm capacity unaffected.

The projected capacity per country is based on pledges
formulated in the Ostend Declaration (2023). For wind farms
expected to be operational by 2030, wind farm locations and
planned capacities were mostly obtained from the EMODnet
database. Some additional zones were retrieved from the
Royal Belgian Institute for Natural Sciences (RBINS) for
Belgium and France (Vigin 2022), from Rijkswaterstraat
(2023) for the Netherlands, from the Crown Estate (2023) for
the United Kingdom, from the work of Hahmann et al. (2022)
for Denmark, and the work of Slavik et al. (2019) for Germany.
For the planned wind farms where the turbine dimensions were
already announced, only the Cp–Ct curves needed to be deter-
mined, which was done with the previously described approx-
imation method. For the remaining planned wind farms, the
15-MW RWT was chosen, including the corresponding Cp

and Ct curves, as 15-MW turbines are expected to be used for
projects in the second half of this decade (Bento and Fontes
2019; Shields et al. 2021). The specifications of the wind farm
groups linked to each of the eight points (see Fig. 1) are sum-
marized in Table 2. The reasoning behind assigning the wind
farms to different points will be detailed in the next section.
Finally, the complete input layers for the wind farm parame-
terization are visualized in the supplements (see Fig. S3).

d. The weighting algorithm

The weighting algorithm was developed to estimate the en-
ergy production (EP) of one or several clustered wind farms
under the wind climate simulated by a GCM. It relies on two

TABLE 2. Description of the wind farm groups assigned to the
points P1–P8. The areal density is computed by dividing the total
wind farm surface area by the area of the smallest circle, centered
around the point where the weighting algorithm is applied, which
contains all of the wind farms assigned to that point.

Point
No. of

wind farms

Total
capacity
(GW)

Mean capacity
density (MW km22)

Areal
density (%)

P1 4 1.85 5.5 1.1
P2 32 12.3 10 6
P3 18 23.1 7.1 13
P4 10 9.8 4.5 8.6
P5 41 25.2 11.6 11.1
P6 4 5.1 2.2 20
P7 7 5.0 4.7 5.1
P8 5 2.9 4.7 4.3
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RCM simulations with a grid spacing that allows the use of a
wind farm parameterization, i.e., below 5 km (Fischereit et al.
2022a). The simulation length should capture the long-term
wind climate and output the wind field at a high temporal fre-
quency (e.g., 1 h). In the first simulation (RCM-NOWF), no
wind farms are parameterized as they represent the back-
ground wind climate at the location of interest, i.e., the region
around one or several wind farms. The second simulation
(RCM-WF) only differs from RCM-NOWF in that a wind farm
parameterization is included so that wind farm–atmosphere
interactions, including wake effects, are taken into account.
An important requirement for the algorithm is a strong cor-
relation between the two simulations away from the relaxa-
tion boundaries in terms of the synoptic-scale winds. The
complete algorithm is outlined in Fig. 2. First, the GCM wind
rose is constructed at the location of interest (Fig. 2a). Next,
the GCM-scale winds are derived from the RCM-NOWF sim-
ulation, by averaging over a 110 3 110 km2 region centered at
the location of interest. After this averaging, the RCM-NOWF
wind rose is constructed (Fig. 2b). For each hourly wind field
of the RCM-NOWF simulation, the total EP can be deduced
from the RCM-WF simulation by integrating the EP over all
wind farm grid cells. Hence, each time slice of the RCM simu-
lation is assigned to a wind rose bin and has an EP value asso-
ciated with it. These EP values can then be summed into a
cumulative EP matrix which is binned in the same way as the
wind rose (Fig. 2d). Subsequently, the normalized GCM and
RCM wind roses are divided to produce a frequency weighting
matrix (Fig. 2c), which is used to weight the cumulative EP
matrix through elementwise multiplication. Summation over
the bins of the weighted energy matrix then provides an esti-
mate of the EP under the wind climate represented by the
GCM wind rose. The algorithm is additionally described in a

text-based flowchart in Fig. S4. By applying the algorithm for
both the historical and future wind roses of a GCM, the differ-
ence in EP between the two periods can be estimated for the
selected wind farms. Next to the changes in the large-scale
wind climate, the algorithm incorporates the effects of meso-
scale processes and intra- and interfarm wake effects. Further-
more, interactions between the wind climate changes and wake
effects are included, such as the link between changes in the
wind direction distribution and interfarm wakes.

In the application presented here, the RCM-NOWF and
RCM-WF simulations were performed with COSMO-CLM
and are abbreviated as CCLM-NOWF and CCLM-WF, re-
spectively. To capture the full wind climate, the simulations
covered 30 years and output was written every hour, so that
more than 260 000 values were available per grid cell. Hence,
for each wind rose bin, a very large number of instantaneous
samples were available so that the underlying variability of
the atmospheric profiles was included. The persistence of cor-
relation between CCLM-NOWF and CCLM-WF away from
the boundaries was checked for a 1003 100 km2 box centered
at a point away from wind farms (568N, 2.58E). For the space-
averaged wind components, a Pearson correlation coefficient
of .0.999 was found, together with a negligible difference in
the long-term mean wind speed of ,0.1%. Prior to the appli-
cation of the algorithm, the wind speed data of the GCM
simulations were bias corrected to the long-term ERA5 distri-
bution using a quantile mapping approach (e.g., Li et al. 2019).
The weighting algorithm and the bias correction were applied
separately for each season, i.e., for December–February (DJF),
March–May (MAM), June–August (JJA), and September–
November (SON), because the North Sea wind climate is
highly season dependent. All wind roses were constructed for
100 m above mean sea level (MSL). Some parts of the RCM

FIG. 2. Graphical flowchart of the statistical–dynamical downscaling algorithm. (a) A 30-yr GCM wind rose at the weighting location.
(b) The RCM-NOWF wind rose (after spatial averaging) at the weighting location. (c) The weighting matrix containing frequency ratios
between the GCM and RCM per bin. (d) The cumulative EP matrix calculated from the wind farm grid cells in the RCM-WF simulation.
An additional text-based flowchart is available in Fig. S4.
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wind rose were more sparsely populated, typically at low and
high wind speeds. Therefore, to avoid empty or very sparse
bins, an adaptive binning was used, where the amount of direc-
tional bins was reduced according to the amount of data avail-
able in the COSMO-CLM simulation for a certain wind speed
range. In the first step, the wind rose was constructed with bins
of 1 m s21 by 308 above 5 m s21. Below 5 m s21, the wind direc-
tion bin resolution was reduced to 608. For each wind speed bin
above 5 m s21, it was checked if there were at least 10 samples
per wind rose bin. If not, the number of directional bins was
halved down to a minimum of three bins. For very high wind
speeds (well above the rated wind speed), no directional subdivi-
sion was employed due to very low data counts. This adaptive
binning was also done per season.

Applying the weighting algorithm in the center of the North
Sea to analyze the impact on the entire wind farm distribution at
once is not possible due to the degradation of spatial autocorre-
lation away from the weighting point. Therefore, the weighting
algorithm was applied at eight different points over the North
Sea, where each of these points has a collection of wind farms
linked to it that are closest to that point (Fig. 1). This approach
ensured that each large-scale wind field extracted from the
RCM was representative for all the considered wind farms. A
few wind farms (;4%) were farther than 100 km from any of
the eight points and were not considered in the analysis.

The weighting algorithm relies on the regional model simu-
lation to provide information at the farm scale and to include
mesoscale processes and wake effects. To quantify the added
value of the RCM involvement, the EP of the wind farms was
also estimated directly from the bias-corrected GCM simula-
tions. More specifically, the time series of wind speed were con-
structed at the hub height of the turbines in each wind farm grid
cell through interpolation from the model levels. Next, the wind
speed was converted to EP using Eq. (2) and the capacity den-
sity in that grid cell. This simplified method does not consider
mesoscale processes or wake effects in the estimates of EP but
only the changes in the large-scale wind speed distribution. It

should be noted that this is still an improvement compared to
the common approach where surface wind speeds are extrapo-
lated to hub height using constant extrapolation coefficients as
this can introduce large biases (Hahmann et al. 2022).

3. Results

a. GCM analysis

The long-term, seasonal wind roses modeled by the GCMs
for the historical period typically match well with their coun-
terparts in the ERA5 reanalysis (Fig. 3). The ensemble does
not exhibit consistency in terms of which season has better or
worse agreement with the reference. Some models have a
substantially lower agreement for one or more seasons com-
pared to the other models. Therefore, a hard threshold was
implemented to exclude the GCMs for which the agreement
for a season was very low, as it points to insufficient skill in
representing the relevant processes that determine the wind
rose. Model exclusion based on a performance assessment is
one of the common approaches to constraining multimodel
ensembles (MMEs) which is based on the assumption that his-
torical performance is a predictor for the quality of future
projections (Brunner et al. 2020). For each season, the chosen
threshold was the mean minus 1.5x the standard deviation of
the PSS values. Hence, five models were excluded from fur-
ther analyses. The associated wind speed bias for the most
problematic season of these models was typically large, with
the exception of CanESM5 (Fig. S5). The large wind speed
biases for NorESM2-LM (MAM) and CMCC-CM2-SR5
(DJF) are in line with the study of Hahmann et al. (2022),
where a similar analysis was done closer to the Danish shore.
Their study also showed that this comparison is relatively in-
sensitive to the choice of reanalysis dataset.

The change in the mean wind speed between the future and
historical GCM simulations does not exhibit a correlation
with the intensity of the radiative forcing of the different SSP
scenarios (Fig. S6). This is the case for all seasons. The pattern of

FIG. 3. Performance analysis of the historical GCM simulations based on a comparison with ERA5 for the period 1985–2014, for the
winds at 100 m MSL at a central point in the North Sea (558N, 38E). Performance is quantified as the overlap between the wind roses,
using the PSS. The bin widths are 1 m s21 for wind speed and 208 for wind direction. Models are grouped per model family (Table 1).
The dashed lines indicate the cutoff thresholds used for the exclusion of some models.
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which the SSP scenario gives the highest and lowest values is not
consistent across the four models. This is not unexpected, as for
the considered time window all considered SSPs are quite close to
each other in terms of the climate change signal, and so the statis-
tics are dominated by climate variability. Therefore, further analy-
ses will not distinguish among the different SSP scenarios.

The ensemble mean of the 38 CMIP6 simulations for the
future period indicates a slight reduction in the mean wind
speed for JJA and SON compared to the historical period
(Fig. 4a). However, the ensemble spread is large, and for sev-
eral simulations, an increase can be noted. Hahmann et al.
(2022) also found reductions for JJA over this period, albeit
stronger. However, their study considered a different simulation
ensemble and looked at the period 2031–50. For DJF and
MAM, the ensemble mean is very close to zero, but the former
has a much larger ensemble spread. The median wind speed
changes for DJF are significant for 24 out of the 38 future GCM
simulations according to Mood’s median test (a 5 0.05) but are
equally distributed between increases and decreases (Fig. 4b).
For JJA (SON), 14 (14) out of the 38 simulations have a signifi-
cant decrease in the median, and 3 (7) simulations have a signifi-
cant increase. For HadGEM3-GC31-MM and UKESM1-0-LL,
reductions seem to be present for all seasons, whereas for most
models, the sign of the signal is not the same for all seasons. In
general, models with the same atmospheric component do not
necessarily exhibit similar signals. The average change between
the wind direction distributions of the two 30-yr periods is
around 5% for each season (Fig. S7). The strongest change is

found for MAM, for which most simulations show fewer easter-
lies and more westerlies than in the historical period.

We also conducted an analysis of possible future changes in
the frequency of wind speeds above the cut-out wind speed
(25 m s21), above which wind turbines are stalled (Fig. S8).
This indicates that the frequency of storm-force winds over the
wind farm lifetime can deviate substantially from the historical
baseline, with several GCM projections showing a large increase
in the relative frequency from 0.15% (13 h yr21) to 0.24%
(21 h yr21). Yet, we recognize that our analysis is limited by the
use of data which only represents synoptic-scale winds and has a
low temporal resolution (6 h). Therefore, we recommend this
topic be investigated in more detail based on high-resolution
data products, also because these analyses may have important
implications for wind farm operation and maintenance.

b. Energy production derived from COSMO-CLM

The 30-yr mean background wind speed of the COSMO-
CLM simulations has a range of;1 m s21 over the eight wind
farm groups, for all seasons (Table 3). This spatial variation in
wind resources results in differing efficiencies among wind
farm groups, reflected in the capacity factor}the ratio of ac-
tual energy production to the theoretical maximum energy
production (as if the wind farms were constantly operating at
full capacity). However, groups with similar mean wind
speeds can still have substantially different capacity factors,
which can be explained by varying degrees of wake losses,
which are themselves determined by the capacity densities of

FIG. 4. Ensemble differences in the seasonal wind speed statistics at 10 m between the future (2025–54) and historical (1985–2014) peri-
ods of the GCMs. (a) Ensemble distributions of the difference in 30-yr mean wind speed. Boxes are Q25–Q50–Q75, and the whiskers are
Q10 and Q90. Asterisks represent the ensemble mean. The dashed, horizontal lines indicate 21% and 1%. (b)–(e) Relative difference in
the median wind speed between the future and historical periods for the individual simulations of each GCM. Hollow markers are not sig-
nificant according to Mood’s median test (a 5 0.05).
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the wind farms and the degree of clustering of the wind farms
(see Table 2). For example, the wind farms assigned to P2
have high capacity densities and are more tightly clustered
than P1, which leads to lower capacity factors.

c. Application of the weighting algorithm

An important aspect of the presented weighting method is
that it accounts for changes in the wind direction distribution
and the effect on wakes in and between wind farms. To

illustrate this, a weighted mean wind speed was calculated for
CCLM-WF, for both the historical simulation and a future
simulation of two GCMs at point P2 (Fig. 5). This weighted
mean wind speed was constructed by weighting each hourly
wind field with the weighting factor of the wind rose bin that
this hour was assigned to. The wake deficits as modeled
by the CCLM-WF simulation are clearly visible in and around
the wind farms. For UKESM1-0-LL (top), the future JJA
period is characterized by lower wind speeds and more

TABLE 3. Mean background wind speed at 100 m, EP, and capacity factor over the simulation period (1991–2020), for the wind
farm groups assigned to the eight different points (see Fig. 1). The 30-yr mean background wind speed is derived from CCLM-
NOWF, whereas the 30-yr capacity factor and EP are derived from CCLM-WF.

V 100 (m s21) Capacity factor (%) Energy production (TWh)

Point DJF MAM JJA SON DJF MAM JJA SON DJF MAM JJA SON

P1 10.8 8.7 7.6 9.3 53.3 37.1 28.7 43.6 63 45 35 52
P2 10.9 8.9 7.8 9.5 49.3 32.7 25.3 40.8 419 283 219 350
P3 11.2 9.1 7.7 9.9 52.6 35.7 25.7 45.1 789 545 392 681
P4 11.5 9.4 7.9 10.1 57.6 42.6 30.7 50.8 351 264 190 312
P5 11.5 9.4 8.0 10.2 52.6 34.5 26.0 45.8 938 626 473 824
P6 11.8 9.6 8.0 10.4 62.9 50.2 38.1 58.0 212 173 131 197
P7 11.9 9.8 8.6 10.8 65.0 51.1 42.2 60.3 189 151 125 177
P8 11.3 9.3 7.9 10.0 61.7 48.7 37.6 55.2 118 94 73 106

FIG. 5. Weighted mean wind speed at point P2 for the historical simulation (1985–2014) and a future (2025–54) simulation of two
GCMs. (top) JJA for UKESM1-0-LL and (bottom) DJF for IPSL-CM6A-LR. White contours represent the outlines of the wind farms in
CCLM-WF. The weighted mean wind speed was constructed by weighting each hourly wind field with the weighting factor of the wind
rose bin that this hour was assigned to.
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northeasterly winds than in the historical period (see Fig. S9).
The reduced, large-scale wind speed is clearly captured by the
weighting, but so is the impact of the more frequent northeast-
erly winds: For most wind farms, the strongest reductions can
be found on the southwestern side of the wind farm because
those grid cells are more frequently waked in the future period
than in the historical period. In contrast, the northeastern side
of the wind farms is characterized by smaller reductions, as these
regions experience fewer wakes. For IPSL-CM6A-LR (bot-
tom), the future DJF simulation is characterized by a higher
wind speed and more westerlies (see Fig. S9). After the
weighting, the future mean wind speed is higher at all loca-
tions, but the increase is considerably weaker on the eastern
side of the wind farms, as these regions are waked more under
the future wind climate. The effect on interfarm interactions
is thus particularly clear.

The differences in the weighted, 30-yr EP between the fu-
ture and historical GCM simulations are summarized in the
form of boxplots for each of the wind farm groups (Fig. 6).
Qualitatively, the findings are in agreement with the analysis
of the 10-m wind speed changes (see Fig. 6). For DJF and
MAM, the ensemble mean is very close to zero, whereas a re-
duction can be observed for JJA and SON, for most of the
wind farm groups. However, in quantitative terms, both the
ensemble spread for all seasons and the ensemble mean for
JJA and SON are much larger in magnitude. This is the cumu-
lative effect of two mechanisms: First, the relationship be-
tween wind speed and the EP of a wind turbine is highly
nonlinear (see, e.g., Figs. S1 and S2), so changes in wind speed
and EP are not proportional. Second, changes in the wind
speed and wind direction distributions can alter the impact of
wakes. For wind speed, this effect is linked to the shape of the

power curve. Additionally, for both wind speed and wind di-
rection, this is linked to the shape of individual farms (intra-
farm wakes) and the positioning of wind farms with respect to
one another (interfarm wakes). For the wind farm groups
characterized by lower mean wind speeds for JJA and SON,
the reductions are stronger on average and the boxplots
stretch to larger reductions. These lower mean wind speeds
correspond to more of the wind speeds coinciding with the
steep section of the power curve, in which small wind speed
reductions lead to strong changes in EP. In particular, the
wind farms at P7 exhibit remarkably low sensitivity, which fol-
lows from the high wind resource there and relatively low sen-
sitivity to wake losses (see Table 2). Because the amount of
considered simulations varies over the GCMs, it was required
to check if the ensemble mean is largely determined by one or
several models with many simulations. To this end, the
changes of the 30-yr EP were averaged over the different sim-
ulations of each GCM, reducing the amount of data points to
1 per GCM (see Fig. S10). Analysis of the resulting boxplots
shows that the negative ensemble mean difference for JJA
and SON persists and the ensemble spread is reduced.

As the weighting algorithm can also be applied for GCM
wind roses of shorter periods, it was applied for all of the
GCM decades from the historical and future periods using a
sliding window over the 30-yr periods (Fig. 7). Note that the
changes were restricted to the GCM wind rose, whereas the
weighting still used the full 30-yr datasets from CCLM-
NOWF and CCLM-WF. The EP was summed over all wind
farms, after applying the weighting algorithm at the eight dif-
ferent points. The differences between the future and histori-
cal distributions can be largely explained by the changes in
the median wind speed between the 30-yr periods (Fig. 4).

FIG. 6. Ensemble distributions of the difference in the weighted, 30-yr EP between the future (2025–54) and historical (1985–2014)
GCM simulations. The EP of each wind farm group is derived after applying the weighting algorithm at the corresponding point (P1–P8).
Each boxplot represents the full ensemble of 38 future GCM simulations. Boxes are Q25–Q50–Q75, and the whiskers are minimum and
maximum. Asterisks represent the ensemble mean.
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For JJA and SON, most GCMs show a reduction in the me-
dian wind speed, leading to a higher frequency of low produc-
tion decades, with some decades even outside of the historical
range. For DJF, the median changes translate to fewer aver-
age decades and more low and high production decades. The
fraction of future decades below specific quantiles of the his-
torical period distribution is summarized in Table 4. The dif-
ferences between the future and historical periods for DJF,
JJA, and SON are similar across the different wind farm
groups, with the exception of P7 (see Figs. S11–S18). At P7,
the differences for DJF and JJA are relatively small but are
still present for SON.

A similar synthesis for single-year GCM wind roses is shown
in Fig. 8. The range around the mean annual EP (AEP) is
around 640%, which is much larger than on the 10-yr time
scale, where it is around 610%. The future distributions for
JJA and SON have a higher frequency of low production years
than in the historical period, but the AEP values are con-
strained to the historical range. For DJF, the future period has
more years of low and high production but also remains well

within the historical range. This implies that the increased fre-
quency of low production decades for DJF, JJA, and SON is
not a consequence of an increase and intensification of ex-
tremely low production years. The disagreement between the
future and historical distributions is also much smaller than
on the decadal time scale, due to the interannual variability
being much larger than the interdecadal variability: The large

FIG. 7. Normalized histograms of 10-yr, weighted EP for all decades in the future (2025–54) and historical (1985–2014) periods. The EP
values are integrated over all wind farm groups, after applying the weighting at each of the eight points (P1–P8). The histograms for the
historical (future) periods contain data from all of the corresponding 12 (38) simulations.

TABLE 4. Fraction of the future 10-yr EP values below
different percentiles of the EP values from the historical simulations.
EP values are integrated over all North Sea wind farms, after
applying the weighting algorithm at the eight individual points.
These values are based on the complete set of historical and future
simulations pooled together.

Season ,P5h ,P25h ,P50h ,P75h ,P95h (%)

DJF 16.2 33.8 54 64.9 87.8
MAM 5.4 27.6 53.9 75.8 94.6
JJA 14.1 52.9 79.9 95.9 100
SON 17.3 49.2 71.4 85.3 95.4
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interannual variability produces a wide AEP distribution in
which the (comparatively small) effect of the 30-yr changes
(see Fig. 6) is less visible.

The change in 30-yr EP directly estimated from the GCM
data agrees quite well with the change derived after applying
the weighting algorithm (Fig. 9). This indicates that changes
in wake losses due to changes in the wind rose are secondary
to the changes in the wind speed distribution, which was also
found by Hahmann et al. (2022). However, differences can
still reach around 5%, which represents a substantial differ-
ence over 30 years. In general, the weighting method leads to
stronger changes due to the interaction between the wind cli-
mate and wake losses: The EP becomes more (less) sensitive
to wakes when the wind speed distribution is shifted to lower
(higher) wind speeds due to the interaction with the power
curve. Also, changes in the wind direction distribution can in-
crease or decrease wake losses. It is likely that the difference
between the two methods can be much larger for shorter time
scales, e.g., between two consecutive decades, because the
wind rose difference can be larger and so also the increase or

decrease in wake losses. Also, the differences might be larger
when considering wind farm distributions at later time hori-
zons (e.g., 2050) as interfarm interactions will become more
important. Note that the direct estimation method severely
overestimates the capacity factors due to the omission of
wake effects (see Fig. S19), making it unfit for wind farm effi-
ciency estimation.

4. Discussion

Although the presented weighting approach has similarities
with existing statistical–dynamical downscaling methods, it
has specific advantages for the estimation of future wind en-
ergy production. The wind rose binning uses a high amount of
classes (.150), with a finer binning in densely populated parts
of the wind rose. For wind speed, a small bin width of 1 m s21

is used, to accommodate the nonlinear relationship with tur-
bine power production. Furthermore, the seasonal wind roses
hold on average more than 200 RCM samples per bin, with
higher counts for more populated bins, which ensures that the

FIG. 8. Normalized histograms of 1-yr, weighted EP for all years in the future (2025–54) and historical (1985–2014) periods. The EP
values are integrated over all wind farm groups, after applying the weighting at each of the eight points (P1–P8). The histograms for the
historical (future) periods contain data from all of the corresponding 12 (38) simulations.
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underlying atmospheric variability is accounted for. Addition-
ally, by applying the weighting directly at the wind turbine
level, errors due to imperfect vertical correlation are avoided
compared to the use of, e.g., 850-hPa winds (e.g., Najac et al.
2011). Moreover, both GCM and RCM winds are derived by
interpolation from model levels, which avoids errors associ-
ated with vertical extrapolation as described in Hahmann et al.
(2022). To check the relevance of any remaining interpolation
error, we compared the ACCESS-CM2 model winds at the
seventh model level (129 m) with interpolated values based
on the sixth (76 m) and eighth (195 m) model levels. For wind
speed (direction), we find a root-mean-square error (RMSE)
of 1.3% (0.68) and an average of 20.4% (0.38) which remains
constant throughout the years. The mentioned error magni-
tudes are negligible compared to the wind rose bin widths
used in the weighting algorithm, so it has negligible influence
on the computation of the weighted EP, more so because the
small bias coming from the interpolation error would be pre-
sent in both the past and future GCM data.

Compared to other statistical–dynamical approaches (e.g.,
Reyers et al. 2015), this algorithm is more computationally in-
tensive because two continuous, multidecadal climate simula-
tions are required. Yet, these simulations can also be used for

other purposes, such as analyses of wake statistics in wind
farm clusters or impacts of mesoscale weather systems on
power production. It should be noted that this method also
has several disadvantages compared to the full dynamical
downscaling of a GCM ensemble, e.g., the effect of climato-
logical changes in the stability of the marine PBL is not taken
into account. Furthermore, if applied onshore, the method does
not take into account the effect of future land-use changes. An
additional limitation of the method is that the modeling of
wakes and the subsequent calculation of EP are susceptible to
the RCM setup and the choice of wind farm parameterization.
However, the Fitch wind farm parameterization has been shown
to skillfully model wake deficits inside and behind wind farms
(Dirksen et al. 2022; Ali et al. 2023) and the long-term EP esti-
mates are relatively insensitive to the amount of TKE added by
the parameterization (Rosencrans et al. 2024).

Comparing our findings with previous studies is challenging
because most studies considered different model ensembles,
time periods, regions, and methodologies. This issue of lim-
ited comparability was also pointed out in the review of Jung
and Schindler (2022). However, several parallels can be drawn:
The near-future reductions in mean EP in JJA of ;5% over
the North Sea have also been reported with similar magnitude

FIG. 9. Scatterplot comparing the relative change in 30-yr EP derived from the weighting method with the one de-
rived from the direct estimation method for all of the future GCM simulations. The change is for the future period
(2025–54) relative to the historical period (1985–2014) for the wind farm group around SP2.
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and ensemble spread by Moemken et al. (2018), Carvalho et al.
(2021), and Hahmann et al. (2022). Also, the ensemble average
change is reported to be small for the winter season, but again
with a large ensemble spread, in line with our findings. The
fact that all these studies have worked with different model en-
sembles increases the confidence in the changes reported by all
of these studies. Furthermore, in agreement with our study,
studies find negligible differences between SSP scenarios for
the near term to midcentury, whereas these differences do ap-
pear for end-of-century wind climate projections (e.g., Tobin
et al. 2016; Martinez et al. 2023).

As reported by previous studies, the sensitivity of EP to
wind climate changes is dependent on the wind turbine char-
acteristics (Moemken et al. 2018; Devis et al. 2018). The tall
15-MW turbines that we assume for most of the future wind
farms are relatively robust to wind climate changes due to the
low-rated wind speed, above which production is constant,
and because they catch stronger winds on average, as was also
quantified in Borgers et al. (2024). The use of another turbine
model could affect the changes in EP presented here. Whereas
most previous work quantifies changes in EP by converting
wind speeds to EP via a turbine power curve, we have demon-
strated the value of including a realistic wind farm component
in the downscaling simulations: First of all, the impacts of wind
climate changes on operational and planned installations are
more clear. Second, it is not only the characteristics of individ-
ual turbines but also turbine density, wind farm shapes, and in-
terfarm distances that determine the change in EP to wind
climate changes because these wind farm properties determine
the sensitivity of intra- and interfarm wake losses to wind cli-
mate changes. Our finding that the impact of wind resource
changes can be amplified by the increase or decrease of wake
losses in and between wind farms is also in line with the study
of Hahmann et al. (2022).

5. Conclusions

In this study, we have introduced a new algorithm for the
statistical–dynamical downscaling of GCM projections to
quantify future wind energy production. The algorithm com-
bines reanalysis-driven RCM simulations at the kilometer
scale with a wind rose weighting to approximate the energy
production (EP) of a set of wind farms in the wind climate of
a GCM. The wind rose weighting is applied directly at turbine
height and uses a fine bin resolution optimized per season.
Furthermore, the method accounts for wind farm–atmosphere
interaction effects through the use of a wind farm parameteri-
zation in the RCM simulations. We have subsequently applied
the downscaling algorithm to a large ensemble of CMIP6 GCM
simulations to quantify the EP of a projected, 92-GW wind farm
distribution in the North Sea for the 2025–54 period. The RCM
simulations were performed with COSMO-CLM over a period of
30 years using a 2.8-km grid spacing. An initial set of 17 GCMs
was reduced to 12 based on a performance assessment, after
which the weighting algorithm was applied to the 12 historical sim-
ulations and 38 future simulations.

For all seasons, the change in cumulative EP between 2025–54
and 1985–2014 has a large ensemble spread, with an interquartile

range (IQR) of ;8% and a total range of ;15%. The ensemble
mean is near zero for DJF and MAM, approximately 25% for
JJA, and around 22.5% for SON. The 30-yr mean changes over
the ensemble also translate into a different probability distribu-
tion of decadal EP compared to the historical period. For DJF,
16% of future decades fall below the P5 production of the
historical period and 12% exceed the P95. For JJA (SON),
the tendency for long-term wind resource reductions leads to
80% (71%) of future 10-yr EP falling below the historical P50
decadal production. Finally, 30-yr EP changes are underesti-
mated when derived directly from the GCM wind speeds in-
stead of with the wind rose weighting method because the
former does not account for the changes in wake losses that
follow from changes in the long-term wind rose.

The potential changes in 30-yr, seasonal EP presented could
translate to a substantial economic impact but do not necessarily
jeopardize the energy provision due to the overdesign of large
wind farms (Hahmann et al. 2022). However, these results
should be considered in combination with the potential, added
wake losses due to the construction of nearby wind farms (e.g.,
Rosencrans et al. 2024; Borgers et al. 2024) and additional
effects such as changes in air density, atmospheric stability,
and land-use change. On the other hand, strategic deploy-
ment and technological improvements such as the adoption
of next-generation turbines or the rollout of energy storage
systems can likely compensate the potential resource reduc-
tions and can build more energy security (Kara and Şahin
2023; Giddings et al. 2024; Borgers et al. 2024). To further
constrain the future energy production in a region, it is rec-
ommended to also consider the potential of decadal climate
predictions, instead of projections (e.g., Marotzke et al. 2016).

The presented method can be applied to constrain the fu-
ture EP of any wind farm distribution in any region. However,
for applications of the method to wind farm distribution pro-
jections at later time horizons (e.g., 2050), uncertainties re-
lated to wind farm locations and properties are considerably
larger and this needs to be accounted for. This can be done by
performing additional mesoscale simulations for a range of
wind farm configurations, or by employing a fast engineering
model driven by the bias-corrected GCM data, which is more
cost effective but lacks interaction between the mesoscale
flow and the wind farms and is also not ideal for interfarm
wake modeling. A further reduction in the computational cost
might be possible by simulating, for example, a representative
historical decade with the RCM instead of a full 30-yr period,
but it should be verified whether this would sufficiently capture
the 30-yr statistics. Because the continuous RCM simulations
can also be used for other applications, such as more in-depth
studies on wakes or temporal variability, they could be embed-
ded in wider research projects. Also, the multidecadal COSMO-
CLM simulations performed for this work are made publicly
available to the community.
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