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Abstract
Reliable wind speed data is crucial for applications such as estimating local (future) wind power.
Global climate models (GCMs) and regional climate models (RCMs) provide forecasts over
multi-decadal periods. However, their outputs vary substantially, and higher-resolution models
come with increased computational demands. In this study, we analyze how the spatial resolution
of different GCMs and RCMs affects the reliability of simulated wind speeds and wind power,
using ERA5 data as a reference. We present a systematic procedure for model evaluation for wind
resource assessment as a downstream task. Our results show that while a high spatial resolution can
improve the representation of wind speed characteristics, notably extremes, the model choice is
more critical for capturing the full wind speed distribution and corresponding power generation.
The IPSLmodel preserves the wind speed distribution particularly well in Europe, producing the
most accurate wind power forecasts relative to ERA5 data. Therefore, selecting the right GCMs and
RCMs should precede considerations of spatial resolution or GCM boundary conditions. However,
higher resolution can be valuable once a suitable climate model is identified.

1. Introduction

Wind is expected to become a dominant source of
energy in future power supply (IEA). For wind to
be a reliable energy source, accurate regional wind
forecasts over multi-decadal periods are necessary.
Climate model output is a natural choice of data for
such analyses, as they provide projections on multi-
decadal timescales (e.g. Pryor et al 2020, Ndiaye et al
2022). Climate models are complex physical earth
system models whose outputs can differ substan-
tially with large inherent model uncertainties (Zhang
and Wang 2024). Given this variability, it is crucial
to assess the skill of climate models, especially their
ability to perform in specific applications of interest
such as wind power forecasting (Moemken et al 2016,
Isphording et al 2024).

Previous research revealed that a higher spatial
resolution of wind data is desirable. Not only because
it provides more local forecasts (Rummukainen
2016), but because the resolution at which a model
operates affects which weather phenomena it can

resolve (Lucas-Picher et al 2021). While higher-
resolution models can resolve more fine-grained
weather phenomena, they come with computa-
tional challenges. All models–no matter the spatial
resolution–requiremodeling assumptions and, there-
fore, contain errors and uncertainties. It remains
unclear which climate data, at which spatial resolu-
tion, best represents future wind speeds.

There are techniques to increase the spatial res-
olution of global climate model (GCM) output.
Regional climate models (RCMs) use GCMs as
their input and run at finer resolution (Vautard
et al 2021) to physically resolve more fine-grained
weather phenomena. This process, called dynamical
downscaling, is, however, computationally intens-
ive. Statistical downscaling methods offer a less
resource-demanding alternative, establishing rela-
tionships between low-resolution GCM output and
localized weather patterns (e.g. Schmidt and Ludwig
2024). However, these methods still require high-
resolution data to establish such a relationship. While
RCMs and statistical downscaling techniques can add

© 2025 The Author(s). Published by IOP Publishing Ltd

https://doi.org/10.1088/1748-9326/adc01f
https://crossmark.crossref.org/dialog/?doi=10.1088/1748-9326/adc01f&domain=pdf&date_stamp=2025-3-25
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0009-0006-4850-1455
https://orcid.org/0000-0002-0713-1164
https://orcid.org/0009-0000-9090-2005
https://orcid.org/0000-0003-3230-8918
mailto:luca.schmidt@uni-tuebingen.de
mailto:sofia.morelli@uni-tuebingen.de
mailto:nina.effenberger@env.ethz.ch
mailto:nicole.ludwig@uni-tuebingen.de


Environ. Res. Lett. 20 (2025) 044032 S Morelli et al

value in regions with complex terrain or significant
land-sea contrasts, they do not always outperform
raw GCM data (Rummukainen 2016). Furthermore,
for CMIP6, no unified collection of RCM data is
available. Given these data limitations, it is necessary
to investigate whether raw GCM data from CMIP6
can still be valuable for multi-decadal wind power
forecasts-despite their lower spatial resolution.

The value of climate models is difficult to assess
as climate model outputs are not spatio-temporally
aligned. Comparing climate model output to reana-
lyzes such as ERA5 is, therefore, non-trivial. Typically,
climate models are validated based on aggregate stat-
istics using their historical runs (e.g. Randall et al
2007). In the context of wind power evaluation, an
additional challenge arises as the actual variable of
interest–wind power–is derived. The variable climate
models project is wind speed, and the relationship
between power and speed is complex. To still account
for the known non-linearities, other research con-
siders wind speeds cubed (Miao et al 2023), simulates
load factors (MacLeod et al 2018) or transforms wind
speeds towindpower using a turbine power curve (Ko
et al 2022).

In the following, we investigate historical wind
speeds and derived wind power to analyze how the
spatial resolution of global and RCM data affects
multi-decadal wind power forecasts. In section 2 we
explain how we evaluate different wind (power) pro-
jections, in section 3 we describe our results and in
section 4 we discuss our results, shortcomings and
future work.

2. Methods

To compare the influence of climate model resolution
on multi-decadal wind power forecasts, we investig-
ate wind speeds using climatemodels and subsequent
wind power predictions. In the following, we describe
the data we use and our evaluation approach.

2.1. Data
In our analysis, we compare the reanalysis dataset
ERA5 (Hersbach et al 2020) to GCM data from ten
CMIP6 models (Eyring et al 2016) as well as RCM
data from CORDEX (Giorgi and Gutowski Jr 2015)
based onCMIP5 global boundarymodels (Taylor et al
2012). An overview of all GCMs and RCMs used can
be found in tables A.1 and A.2, respectively. We use
wind velocities u and v at six-hourly instantaneous
resolution as these were found to be reliable formulti-
decadal predictions in Effenberger et al (2023) and
compute wind speeds w as

w=
√

u2 + v2. (1)

Our study region covers all data points in contin-
ental Europe within a rectangle with longitudes ∈
[25◦,73◦] and latitudes ∈ [−30◦,42◦]. This means we

consider gridded data over land of different resolu-
tions, as shown in figure 1. We focus on historical
runs of climate models from 2005 to 2015.We choose
the first ensemble member run typically labeled as
r1i1p1f1 on the CMIP6 ESGF server. To main-
tain consistency and due to the lack of data from
higher elevations in CMIP6, we use wind speeds w10

at 10 m above ground from both ERA5 and CMIP6.
For MPI CMIP5, the only available six-hourly wind
speed data at the time of study, provided on the ESGF
node (Giorgetta et al 2012), were at an altitude of
1500m. Therefore, we replace w10 by w1500 in the
power law to extrapolate theCMIP5GCMmodel data
to 126m, the hub height of the assumedwind turbine.
To ensure consistency, we extrapolate all wind speed
data to this height before estimating wind power. In
figure A.2 we show results for other turbines and hub
heights. To extrapolate the wind speeds to 126m we
use a wind profile power law following

w126 =

(
126

10

)α

·w10, (2)

where the coefficient α is empirically derived to be
about 1

7 for neutral stability conditions (Peterson and
Hennessey 1978). For ERA5, we use the original data
on a reduced Gaussian grid. Since the regional model
runs from CMIP5 are on a curvilinear grid, we re-
grid them to a regular Gaussian grid with a matching
spatial resolution (0.1◦) using bilinear interpolation
(Schulzweida 2023).

Although ERA5 is widely recognized as a reas-
onable reference (Ramon et al 2019, Kaspar et al
2020) and is shown to be superior to other reana-
lysis datasets (Olauson 2018,Molina et al 2021), it still
contains notable biases, particularly underestimating
wind speeds (Gualtieri 2021), which can affect wind
power simulations (Staffell and Pfenninger 2016).
Ideally, observational wind speed data at turbine hub
height would be used to validate climate model sim-
ulations. However, such datasets are typically not
available for larger regions (Effenberger and Ludwig
2022) and our analysis relies on gridded data. Given
these constraints, we rely on ERA5 as a widely used
reanalysis product, despite known biases (Gualtieri
2021).

2.2. Evaluation andmetrics
The evaluation is performed on two aspects: wind
speed and wind power. While wind power is our ulti-
mate variable of interest, the analysis centers primar-
ily around wind speed, the variable provided by the
climate models. Wind power can be estimated from
wind speed using a theoretical wind power curve. Due
to the non-linear nature of this relationship, how-
ever, a comprehensive analysis of wind speed distri-
butions is essential for understanding its implications
for wind power.
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Figure 1. Example of gridded wind speed data over Europe with varying grid sizes. A single time frame of the same day
(01.01.2005) of the lowest resolution CMIP6 dataset NCC-LR (A), the highest resolution CMIP6 dataset MOHC-HR (B), and the
ERA5 reanalysis dataset (C) is shown to illustrate the differences in spatial resolution across datasets.

2.2.1. Wind speed distributions
We investigate kernel density estimations (KDEs) and
use quantitative methods to compare and analyze
wind speed distributions. Since there is no univer-
salmetric for comparing distributions, we employ the
Jensen–Shannon distance and the Wasserstein-1 dis-
tance, each providing a distinct approach to quanti-
fying differences between distributions.

KDEs
We estimate the wind speed probability distributions
using KDE

KDE(w) =
1

nh

n∑
i=1

K

(
w−wi

h

)
, (3)

using Scott’s rule (Scott 2010) to select a bandwidth h
and the Gaussian kernel K(x)

K(x) =
1√
2π

exp

(
−1

2
x2
)
. (4)

Jensen–Shannon (JS) distance
We use the JS distance to measure how closely a
GCM’s KDE wind speed distribution aligns with the
ERA5 KDE wind speed distribution. This metric is
a symmetric and smooth variant of the Kullback–
Leibler (KL) divergence (Endres and Schindelin
2003), and is defined as

JS
(
Pref,Ppred

)
=

√
1

2
KL(Pref ∥M)+

1

2
KL

(
Ppred ∥M

)
, (5)

whereM is the mixture distribution

M=
1

2

(
Pref + Ppred

)
, (6)

and KL(Pref ∥ Ppred) is the KL divergence between the
reference distribution Pref and the predicted distribu-
tion Ppred, defined as

KL
(
Pref ∥ Ppred

)
=

∑
x∈X

Pref (x) log

(
Pref (x)

Ppred (x)

)
. (7)

An advantage of the JS distance is that there are
no issues related to undefined or infinite values
when comparing distributions with zerowind speeds.
Additionally, the JS distance is bounded between
[0,1] (unlike the Wasserstein-1 distance), offering an
intuitive interpretation of the results as a similarity
measure.

Wasserstein-1 distance
As an additional way to compare the wind speed dis-
tributions between the GCMs and ERA5 we use the
Wasserstein-1 (W1) distance. The metric is based on
the concept of optimal transport and differs from JS
distance in interpretation and mathematical proper-
ties. The W1 distance is defined as

W
(
Ppred,Pref

)
= inf

γ∈Π(Ppred,Pref)
E(x,y)∼γ [∥x− y∥1] ,

(8)

where Π(Ppred,Pref) is the set of couplings, i.e. joint
distributions whose marginals are Ppred and Pref.
Conceptually, the W1 distance quantifies the expec-
ted cost of the optimal transport plan that transforms
the distribution Ppred into Pref (Arjovsky et al 2017).

Range analysis
Additionally, we analyze the range of wind speeds
the models can resolve to understand their overall
ability to project wind speeds independently of the
power curve. Since the lower bound of wind speeds
is 0m s−1, our focus is on the upper tail of the distri-
bution. We expect very high wind speeds to be linked
with spatial resolution, as higher-resolution models
may better capture more complex atmospheric pro-
cesses, potentially leading to a more accurate repres-
entation of extreme events (Outten and Sobolowski
2021). To evaluate the models’ ability to project
high wind speeds, we calculate the average of the
100 highest wind speeds for each model respectively.
Percentile-based evaluation is avoided, as differences
in model resolution would result in varying data
points for the same percentile across models.

3
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Figure 2. Power curve of the Vestas V126-3.45 turbine.
No power is generated for wind speeds below the cut-in
wind speed wi and above the cut-off wind speed wo. For
w ∈ [wi,wr], the relationship between wind speed and
power is almost cubic. Between wr and wo the power output
remains constant at its maximum.

Linear regression
The CMIP6 datasets differ in their latitude and lon-
gitude coordinates, and we use the number of spa-
tial points within the selected area tomeasure the grid
resolution. To examine trends in distancemetrics and
maximumwind speeds with increasing spatial resolu-
tions, we perform linear-log regression (Montgomery
et al 2021). We can then describe the distance of each
model to ERA5 as a function of the resolution r

wmax (r) = β0 +β1 log(r)+ ϵ, (9)

where ϵ∼N (0,σ2) is Gaussian noise and β0 and β1

are computed using the method of least squares.

2.2.2. Wind power estimation
So far, we focused on wind speed, as wind direc-
tions are a direct output from GCMs. However, wind
power is our variable of interest, and its estimation
involves assumptions and simplifications.Whilewind
speed is a proxy, the ultimate goal is to understand
how variations in wind speed distributions impact
(multi-decadal) wind power estimation. To compute
the wind power generation at each grid point, we
input the wind speeds at grid points into a wind
turbine power curve (Haas et al 2024). In the main
part of the paper, we choose the Vestas V126-3.45
wind turbine power curve with a hub-height of 126m,
see figure 2. Supporting results for other turbines are
provided in appendix. We compute the cumulative
wind power generation by summing the power gener-
ation of all time steps and grid points over land in each
dataset. To enable a comparison of relative cumulat-
ive wind power estimates across different models, the
power predictions from the climate models are nor-
malized by those from ERA5.

3. Results

We investigate the spatial resolution of GCMs and
compare the wind power predicted by different

RCMs. Our results reveal that the choice of the under-
lying physical model- whether an RCM or GCM- is
influential, and we do not find systematic trends with
increasing resolution except in the representation of
very high wind speeds.

3.1. Higher resolution of GCM does not imply
better forecast
The results in figure 3 reveal substantial differences
in the estimated wind speed KDEs and correspond-
ing wind power across models. For instance, the NCC
model shows a much greater wind speed distribution
spread than ERA5.

3.1.1. Wind speed analysis
We analyze the JS and W1 distance of the GCMs
and ERA5 to quantify these distributional differences
in wind speeds, as shown in figure 4. These met-
rics show substantial variability in the ability of each
model to capture the wind speed distribution accur-
ately. However, regression analysis shows no statist-
ically significant linear relationship between the two
metrics considered and spatial resolution. This sug-
gests that while the accuracy of wind speed distribu-
tions varies substantially between models, this vari-
ation is not systematically linked to spatial resolution.

Range analysis
Initially, we identify extreme wind speeds using
the cut-in and cut-out values of the power curve
as thresholds. This analysis reveals large variability
between models, but again, this variability is not sys-
tematically linked to spatial resolution; see the res-
ults in appendix.While these values are important for
wind power generation, they do not represent met-
eorological extremes. To better understand the range
of wind speeds the models can generate, we focus on
extremes defined by the average of the 100 highest
wind speeds per model. While all models except the
NCCmodel generate zero wind speeds, the upper tail
shows much greater variation between models. The
regression between these highest wind speeds and the
logarithm of spatial resolution is significant at the
5% level, indicating a positive relationship between
spatial resolution and a model’s ability to represent
high wind speeds. This trend is especially evident in
models with both high- and low-resolution versions,
where high-resolution models (MPI, MOHC, NCC)
consistently generate higher wind speeds, see figure 5.

3.1.2. Wind power analysis
When wind speeds are converted to wind power,
accurately capturing specific wind speed quantiles
becomes critical. Despite this, the cumulative wind
power estimated for ten years, shown as a percent-
age relative to ERA5 power output in figure 6, reflects
similar trends as observed in the wind speed distribu-
tions. There is considerable variation in the estimated
cumulative wind power across different models, with

4
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Figure 3. Kernel density estimations (KDEs) of the wind speeds (A) and the corresponding generated wind power density (B)
calculated using the wind speed KDEs as input to the wind turbine power curve. ERA5 (black line) and GCM datasets available at
different resolutions are displayed, where dashed lines indicate the low-resolution version (KDEs of all GCM datasets are shown
in figure A.1). Vertical grey lines indicate the cut-in and cut-off wind speeds of the Vestas V126-3.45 turbine at 2.6m s−1 and
22.6m s−1, respectively. While most wind speeds are<10ms−1, most of the wind power is generated by wind speeds∼10ms−1.

Figure 4. The JS distance (A) and the W1 distance (B) between the wind speed samples from CMIP6 and ERA5 are plotted against
the spatial resolution (values are provided in table A.3). When datasets of the same model with different resolutions are available,
the low-resolution version is indicated by a cross instead of a circle. The gray line represents the linear-log regression fit with
standard errors. The regressions in (A) and (B) are both not statistically significant at the 5% significance level (see table A.4).

Figure 5. The average over the 100 highest wind speed values per model is plotted against the spatial resolution (values are
provided in table A.3). The linear-log regression shows a statistically significant positive relationship (at the 5% level) between
spatial resolution and the model’s ability to represent extremely high wind speeds (see table A.4). For all models that offer low- and
high-resolution versions, the higher-resolution dataset represents greater extremes (compare crosses and dots of the same color).
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Figure 6. Cumulative power of CMIP6 datasets relative to
ERA5. When datasets with different resolutions run by the
same model exist, the low-resolution version is indicated
with a dashed line. The choice of GCM substantially
influences the power prediction; most GCMs overestimate
wind power relative to ERA5.

eight models overestimating wind power output rel-
ative to ERA5, while two models underestimate it.

Furthermore, the relative cumulative power fore-
casts differ greatly, ranging from -42.56% to 68.16%
compared to ERA5. For example, the GCM IPSL
aligns most closely with ERA5. Meanwhile the fore-
casts from the raw GCM data of CMCC and MOHC
fall within a range that could be useful for practical
applications.

3.2. RCM choice significantly influences the
forecast
We further investigate regional model data from
CMIP5 and present the corresponding results in
figure 7. For the global model run of the MPI CMIP5
model, we extrapolate data to a different height (see
section 2). CMIP5 predictions overestimate wind
power the most compared to ERA5. In contrast, all
regional model runs and the CMIP6 model run are
closer to ERA5. Comparing the spread of the pre-
dictions from the MPI model that is downscaled
with several regional models (cyan in figure 7) to
the prediction of several GCMs downscaled with the
regional model SMHI (light blue in figure 7) reveals
that the spread of different RCMs is greater than that
of one regional model with different boundary con-
ditions. This is also reflected in the variance of the
relative power predictions, which is 10.87% for the
regional models with the same boundary conditions
and 0.26% for the MPI model with different bound-
ary conditions.

4. Discussion

In this study, we evaluate how GCM’s spatial data res-
olution affects the reliability of simulatedwind speeds
for multi-decadal wind power forecasts. Specifically,
we focus on ten raw ensemble members of different
CMIP6 GCMs over the period 2005− 2015, compar-
ing wind speed simulations and derived wind power

Figure 7. Cumulative power of CMIP5 regional and CMIP6
MPI from 1995 to 2005 relative to ERA5. The spread of the
cumulative wind power predictions from multiple RCMs
using the output of the MPI model as boundary conditions
is larger than the spread using one RCM with different
boundary conditions.

estimates for the European region with ERA5 reana-
lysis data. Contrary to the common assumption that
higher resolution provides more reliable wind speeds
(Pryor et al 2012, Molina et al 2022), we do not find
a clear trend in wind accuracy with increasing spa-
tial resolution. Instead, we observe that the accur-
acy of wind speed simulations varies substantially
between different models. Additionally, we investig-
ate the performance of several regional models from
CMIP5, finding only a small spread in predictions
when using different boundary conditions with the
same RCM. However, a much larger spread is visible
when comparing different RCMs, again emphasizing
the importance of model choice. Analysis of wind
speed distributions shows that high-resolution mod-
els are better at capturing the upper tails of the dis-
tribution. Furthermore, higher-resolution versions of
the same climatemodel better capture extremes relat-
ive to their lower-resolution counterparts. Therefore,
a higher spatial resolution is desirable—once a suit-
able climate model has been selected.

In line with this rationale, we refrain from apply-
ing bias correction or downscaling in our analysis,
recognizing that these techniques cannot correct fun-
damental model misrepresentations and may even
disrupt the internal consistency of the climate mod-
els (Maraun 2016, François et al 2020). Our find-
ings are consistent with other studies emphasiz-
ing the importance of high-quality, high-resolution
models for accurate wind speed simulations (Pryor
et al 2023), particularly for resolving fine-scale phe-
nomena, such as extreme wind events. A high
resolution is necessary to accurately resolve topo-
graphic features like surface roughness and eleva-
tion (Beniston et al 2007, Yu et al 2022). Increasing
the resolution through dynamical downscaling has
also proven beneficial for predicting future capa-
city factors at individual turbine sites (Pryor et al
2023). However, increasing spatial resolution alone
does not guarantee an improved representation of

6
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these complex processes. This aligns with findings
on effective resolution (Klaver et al 2020), where
increases in spatial resolution do not proportionally
translate into enhanced representation of meteorolo-
gical phenomena. Additionally, the accuracy of wind
speed simulations is influenced by several interacting
factors, such as how changes in land use, external for-
cings, and internal variability are modeled (Wohland
et al 2019) and how physical parameterizations, such
as the planetary boundary layer scheme, land sur-
face representation, and surface roughness length, are
implemented (Hahmann et al 2020).

Our analysis indicates that the IPSL model per-
forms exceptionally well in simulating wind speeds
and wind power over Europe, while the MPI-LR
model performs the least well. However, our find-
ings are likely region-specific and several limitations
must be considered. For example, we simplify our
analysis by modeling wind power with a theoret-
ical power curve and interpolating near-surface wind
speeds vertically using a power law with α= 1

7 to
model wind speeds at a standard hub height. Using
such a power law for vertical interpolation has been
criticized (Barthelmie et al 2020). For example, Pryor
et al (2023) recommend using wind speeds at hub
height rather than relying on 10 m wind speeds,
still, they acknowledge that observational datasets
at these heights remain scarce. Due to the lack of
high met mast wind data (Effenberger and Ludwig
2022) as well as CMIP6 data at hub heights, we
adopt the approach of consistently using the power
law with 10 m data as commonly done in the lit-
erature (Shu and Jesson 2021). Future work should
focus on integrating additional data sources, such as
downscaled climate data and actual power generation
data.

Given the results, we advocate for prioritizing
model choice over spatial resolution when choos-
ing models for multi-decadal wind power forecasts.
While CMIP6 may have a coarser resolution, it offers
notable advancements over its predecessor, CMIP5,
in simulating climate dynamics and providing more
reliable multi-decadal forecasts (Miao et al 2023).
Therefore, selecting an appropriate climate model
should be approached case-by-case, guided by a

systematic procedure like the one we present in this
paper.

5. Conclusion

Climate information is essential for multi-decadal
wind power forecasting. Available climate models,
among other things, vary substantially in their spa-
tial resolution. We analyze 10 global and additional
RCMs for their ability to predict long-term wind
power.

Our findings highlight the need for high-quality
GCMs and RCMs, particularly for wind energy
planning. Given the sensitivity of wind power gen-
eration to local climate conditions, it is essential that
models accurately capture both large-scale dynamics
and more local meteorological phenomena. Higher-
resolution climatemodels enhance the representation
of extreme wind speeds, yet they do not guarantee
improved accuracy in wind speed forecasts. Instead,
the selection of the climate models, both GCM and
RCM, emerges as a more influential factor for wind
speed and power predictions than the spatial res-
olution itself. As we do not find substantial differ-
ences between CMIP5 regional models and CMIP6
globalmodels, we recommend selecting climatemod-
els from CMIP6 for multi-decadal wind speed fore-
casts, as they offer the most current advancements in
climate modeling.
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Appendix. Supplementary information

A.1. Climate model details
We provide an overview and additional details on the GCMs from CMIP6 and RCMs from CORDEX used in
this study. Table A.1 summarizes the atmospheric components, spatial resolution, and land-based data cover-
age of the CMIP6 models, while table A.2 presents the CORDEX datasets, listing the global boundary models
alongside their corresponding regional models. Additionally, table A.3 summarizes key wind speed character-
istics relevant to wind power generation.

Table A.1. CMIP6 datasets: Labels as used in this paper (first column), names of atmospheric model components (second column),
original spatial resolutions in terms of grid specification (third column), number of data points when selecting the land mass of Europe
(fourth column), and native resolution (fifth column) as indicated in the references given in the last column.

Grid Number of Native
Label Model Resolution Data Points Resol. Reference

CMCC CM2-SR5 0.9◦ × 1.25◦ 661 100 km Lovato and Peano (2020)
EC-EARTH EC-Earth3.3 T255 1586 100 km EC-Earth (2019)
IPSL CM6A-LR 2.5◦ × 1.3◦ 247 250 km Boucher et al (2018)
JAP MIROC6 T85 394 250 km Tatebe and Watanabe (2018)
MOHC-LR HadGEM3-GC31-LL N96 347 250 km Ridley et al (2019b)
MOHC-HR HadGEM3-GC31-MM N216 1688 100 km Ridley et al (2019a)
MPI-LR ESM1.2-LR T63 222 250 km Wieners et al (2019)
MPI-HR ESM1.2-HR T127 909 100 km Jungclaus et al (2019)
NCC-LR NorESM2-LM 2.5◦ × 1.875◦ 163 250 km Seland et al (2019)
NCC-HR NorESM2-MM 1.25◦ × 0.9375◦ 661 100 km Bentsen et al (2019)
MPI-LR-CMIP5 ECHAM6 T63 222 200 km Giorgetta et al (2012)
ERA5 IFS CY41R2 0.25◦ × 0.25◦ 12 506 Hersbach et al (2020)

Table A.2. CORDEX datasets: Labels of the global boundary models (first column) and their full model names (second column), labels
of the regional models (third column) and their full model names (fourth column). All datasets have resolution 0.11◦ × 0.11◦ 12.5 km
and were withdrawn from Copernicus Climate Change Service (2019).

Label Label
GCM Model RCM Model

MPI MPI-M-MPI-ESM-LR CNRM CNRM-ALADIN63
MPI MPI-M-MPI-ESM-LR DMI DMI-HIRHAM5
MPI MPI-M-MPI-ESM-LR ETH CLMcom-ETH-COSMO-crCLIM
MPI MPI-M-MPI-ESM-LR ICTP ICTP-RegCM4-6
MPI MPI-M-MPI-ESM-LR MOHC MOHC-HadREM3-GA7-05
MPI MPI-M-MPI-ESM-LR SMHI SMHI-RCA4
MOHC MOHC-HadGEM2-ES SMHI SMHI-RCA4
NCC NCC-NorESM1-M SMHI SMHI-RCA4
IPSL IPSL-CM5A-MR SMHI SMHI-RCA4
EC-EARTH ICHEC-EC-EARTH SMHI SMHI-RCA4
CNRM CNRM-CERFACS-CM5 SMHI SMHI-RCA4

8



Environ. Res. Lett. 20 (2025) 044032 S Morelli et al

Table A.3. Characteristics of the datasets listed in table A.1: the mean wind speed (second column), the Jensen-Shannon (JS) distance to
ERA5 (third column), the Wasserstein-1 (W1) distance to ERA5 (fourth column), the average over the 100 highest wind speed values
(fifth column), the percentage of zero power values due to wind speed values below the cut-in at 2.6 m s−1 (sixth column), and the
percentage of zero power values due to wind speed values above the cut-off at 22.6 m s−1 (seventh column).

Model Mean JS distance W1 distance Max average Low value % High value %

CMCC 4.32 0.076 0.005 31.95 27.50 0.030
EC-EARTH 5.54 0.126 0.004 38.00 14.40 0.111
IPSL 4.56 0.086 0.002 32.91 31.34 0.079
JAP 3.37 0.196 0.007 28.45 47.33 0.010
MOHC-LR 4.50 0.083 0.003 31.34 32.69 0.056
MOHC-HR 4.55 0.067 0.002 33.19 30.89 0.025
MPI-LR 5.92 0.152 0.009 32.84 16.62 0.150
MPI-HR 5.05 0.069 0.004 34.91 23.17 0.061
NCC-LR 5.80 0.165 0.005 28.94 12.07 0.041
NCC-HR 5.84 0.167 0.005 31.77 12.11 0.040
ERA5 4.58 — — 35.00 24.80 0.015

A.2. Wind speed analysis details
We present additional results related to the wind speed analysis. Table A.4 provides the regression parameters
corresponding to figure 4 in the main paper. Furthermore, figure A.1 shows the wind speed and wind power
KDEs for all models, including those omitted in the main part of the paper for clarity.

Table A.4. Regression details for the Jensen-Shannon (JS) and the Wasserstein-1 (W1) distance, and the average over the 100 highest
wind speed values; including the regression parameters α (second column) and β (third column), the standard error of the slope
(fourth column), the explained variance (100 ·R2) in % (fifth column) and the p-value of the Overall-F-Test (sixth column).

Intercept α Slope β Std. Dev. R2 p-value

JS distance 0.271 −0.056 0.044 16.698 0.241
W1 distance 0.010 −0.002 0.002 12.647 0.313
Max Average 23.807 3.119 1.339 37.626 0.045
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Figure A.1. Extension of figure 3: Kernel density estimations (KDEs) of the wind speeds (A) and the corresponding generated
wind power density (B) of all GCM datasets.

A.3. Extended wind power analysis
A.3.1. Robustness to turbine types
To assess the robustness of our wind power analysis, we extend it to different wind turbine types listed in
table A.5. The cumulative wind power output for these turbine models is shown in figure A.2.

Table A.5. Characteristics of various turbines organized by subfigure label (first column); including the turbine type (second column),
where the last component of the name specifies the rated power in MW, the hub height (third column), the cut-in wind speed wi (fourth
column), and the cut-off wind speed wo (fifth column). The first turbine (A) corresponds to the one used in the main text.

Subfigure Turbine Type Hub Height (m) wi (m s−1) wo (m s−1)

A Enercon E70-2.00 85 2.1 25.1
B Vestas V126-3.45 126 2.6 22.6
C Vestas V164-9.50 14 3.1 24.6

10



Environ. Res. Lett. 20 (2025) 044032 S Morelli et al

Figure A.2. Extension of figure 6: cumulative wind power of CMIP6 datasets relative to ERA5 for different turbine types given in
table A.5.

A.3.2. Analysis of power curve extremes
This section examines the occurrence of wind speeds below the cut-in and above the cut-off thresholds, as
these directly affect wind power generation.

A.3.2.1. Logit-transformed extremes
In the context of wind power generation, the cut-in and cut-off wind speeds are the relevant extremes, as they
define the thresholds for power generation. Therefore, we also analyze these values and their relationship to
spatial resolution. Specifically, we focus on the percentage of wind speeds below cut-in and above the cut-
off thresholds, respectively. Although these wind speeds are not considered extreme from a meteorological
perspective, they are critical for wind power assessment, as they result in zero power generation.

Given the bounded nature of our dependent variable, directly regressing the proportion of extremes onto
the number of data points in each dataset violates key assumptions of linear regression. Since the dependent
variable is a proportion or percentage, its relationship is not linear, but rather sigmoidal, with diminishing or
accelerating effects as it approaches the bounds of 0 and 1.

To resolve this issue, we apply a logit transformation to the dependent variable, i.e. taking the log of the
odds ratio using

logit(p) = ln

(
p

1− p

)
(10)

which maps p from the interval (0, 1) to (−∞,∞). This transformation linearizes the relationship between
the predictor and the predictand, allowing for a statistically valid regression analysis.

A.3.2.2. Logit-transformed linear regression results
Figures A.3 and A.4 show the linear regression between the log odds of zero power generation and spatial
resolution. Although the figures reveal significant disparities in the dependent variable across models, no sys-
tematic trend is found in the linear regression analysis. The regression for three different turbine types each
are not statistically significant, see tables A.6 and A.7.

11



Environ. Res. Lett. 20 (2025) 044032 S Morelli et al

Figure A.3. The log odds of zero power values due to wind speed values below the cut-in wind speed (wi) are plotted against the
spatial resolution. Each dot represents a climate model, labeled in the legend. Results for different wind turbines are displayed in
separate subplots. Details of turbine types and their respective cut-in wind speed values are provided in table A.5. The linear-log
regression lines are shown in dark grey, with the standard deviation represented as the light grey area; none of the regressions is
statistically significant (see table A.6).

Figure A.4. The log-odds of zero power output due to wind speeds above the cut-off wind speed (wo) are plotted against the
spatial resolution. Each dot represents a climate model, labeled in the legend. Results for different wind turbines are displayed in
separate subplots. Details of turbine types and their respective cut-off wind speed values are provided in table A.5. The linear-log
regression lines are shown in dark grey, with the standard deviation represented as the light grey area; none of the regressions is
statistically significant (see table A.7).

Table A.6. Regression details for the log odds of zero power values due to wind speed values below the cut-in in figure A.3 organized by
subfigure label (first column); including the same regression parameters as in table A.4.

Subfigure Intercept α Slope β Std. Dev. R2 p-value

A −1.667 0.036 0.394 0.090 0.9301
B −1.355 0.059 0.371 0.282 0.8769
C −1.042 0.085 0.346 0.660 0.8123

Table A.7. Regression details for the log odds of zero power values due to wind speed values above the cut-off in figure A.4 organized by
subfigure label (first column); including the same regression parameters as in table A.4.

Subfigure Intercept α Slope β Std. Dev. R2 p-value

A −7.684 −0.640 0.503 15.220 0.2356
B −6.050 −0.604 0.470 15.512 0.2307
C −6.709 −0.618 0.475 15.809 0.2259
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