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ABSTRACT
Multi-day periods featuring low wind and solar generation (‘Dunkelflaute’, DF) are an increasing concern for European electric-
ity systems. Understanding DF and how they may change is critical for assessing the risk of electricity supply shortfalls in power 
systems containing high levels of variable renewable generation. This study assesses the suitability of data from two versions of 
the EU's flagship Copernicus climate service (C3S-Energy and ECEM) for characterising DF events in the present-day, and uses 
these datasets to develop plausible scenarios of change under 2°C global warming. After controlling for issues of dataset quality, a 
broadly consistent picture of DF behaviour over the historic period (1980–2010) emerges. As expected, DF predominantly occurs 
in winter and responds coherently to the North Atlantic Oscillation (NAO) as the dominant large-scale mode of regional atmos-
pheric variability. The continental-scale patterns of behaviour seen in the observationally based components of the datasets are 
well-replicated in the corresponding climate model-based data, but individual simulations can differ substantially at the scale 
of individual countries (these differences are found both within and between each dataset). The multi-model mean response to 
a 2°C global warming scenario in both ECEM and C3S-Energy suggests an increase in DF events ~5%–25% over much of the 
European domain (particularly the north and west). However, individual model responses exhibit very different patterns with 
one model suggesting a widespread ~5%–25% decrease in DF (i.e., a change of similar magnitude but opposing direction). Five 
distinct storylines of a 2°C global warming scenario are therefore proposed, providing a compromise between representing di-
versity of the individual responses while retaining a tractable set of outcomes. The ability to robustly project future DF behaviour 
(and future renewable energy climate more broadly) is severely limited by the small sample of climate projections typically avail-
able. Future analysis should therefore seek to consider a more extensive and comprehensive ensemble of climate simulations to 
develop greater confidence and understanding.

1   |   Introduction

The share of renewable energy (wind and solar) in elec-
tric power production across major European countries 
reached 28% in 2024 and is on pace to exceed 40% by 2030 
(Ember 2025). Since wind and solar energy generation are in-
herently weather-dependent, their output fluctuates over time. 
Recently, there has been a growing focus on the occurrence 
of prolonged periods of extremely low wind and solar power 
production, commonly referred to as ‘dunkelflaute’ (DF; 

Bloomfield et al. 2020; Drücke et al. 2021; Kaspar et al. 2019; 
Otero et al. 2022; van der Wiel, Bloomfield, et al. 2019; van der 
Wiel, Stoop, et al. 2019). These extended low-power events sig-
nificantly reduce renewable electricity availability and strain 
the energy system, especially in regions with a high frac-
tion of electrical generation from renewable sources. If such 
conditions coincide with periods of high demand, they can 
pose a risk of energy shortfalls. In recent years, several such 
events have been reported across different regions of Europe 
(Dawkins et  al.  2020; Li et  al.  2021; Wilczak et  al.  2025). 
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Winter DF events are particularly important—especially in 
Northern Europe—where the demand for energy reaches its 
annual peak.

The European Network of Transmission System Operators for 
Electricity (ENTSO-E) has identified climate change as a crit-
ical factor influencing system adequacy and is seeking to de-
velop methods to incorporate these risks into future electricity 
adequacy assessments (ENTSO 2020; Dubus et al. 2022). More 
broadly, an increasing number of datasets have been developed 
to fill data gaps and support the analysis of climate risk in renew-
able energy assessments. Many projects have utilised reanalysis-
based datasets to generate wind and solar photovoltaic (PV) 
power time series, making them accessible to researchers and 
stakeholders at different spatial scales, including country-level 
(‘NUTS0’ in the EU's Nomenclature of Territorial Units for 
Statistics) and sub-country levels. Notable examples include 
EMHires (Gonzalez Aparicio et  al.  2017), Renewables.ninja 
(Staffell and Pfenninger  2016), Restore (Kies et  al.  2016) and 
datasets developed by the University of Reading (e.g., Bloomfield, 
Brayshaw, Gonzalez, and Charlton-Perez 2021). These datasets 
provide a crucial foundation for understanding past and pres-
ent variability in renewable energy generation, offering insights 
into the impacts of extreme weather events like DF. Several 
studies have conducted intercomparison analyses to evaluate 
the reliability and consistency of these datasets (Kies et al. 2021; 
Moraes Jr et al. 2018).

Most of the available datasets are, however, intrinsically histor-
ical (i.e., backward looking) as they are derived primarily from 
meteorological reanalyses such as ERA5 and MERRA2. Forward 
looking datasets, in contrast, require future climate change pro-
jections and typically involve explicit use of outputs from com-
plex numerical climate models (i.e., global climate models and/
or earth system models—GCMs and ESMs—or downscaled 
weather variables from regional climate models—RCMs). The 
European Copernicus Climate Services (C3S) has produced an 
example of this type of energy-climate dataset, which includes 
daily or sub-daily wind and solar power time series, based on re-
gional climate model output from the EURO-CORDEX project. 
The resulting dataset provides a suite of simulations using the 
IPCC's Representative Concentration Pathway (RCP) scenar-
ios for a subset of EURO-CORDEX models. Multiple versions 
exist including the original C3S-ECEM prototype demonstrator 
(Troccoli et  al.  2018) and the operational C3S-Energy service 
(Dubus et al. 2023) with newer versions of the latter continuing 
to be produced.

Several studies have established a strong link between pe-
riods of low renewable energy production and persistent 
high-pressure systems (atmospheric blocking) over Europe 
(Bloomfield, Brayshaw, Gonzalez, and Charlton-Perez  2021; 
Drücke et al. 2021; Mockert et al. 2023; van der Wiel, Stoop, 
et  al.  2019). Studies have also confirmed a significant rela-
tionship between European blocking and different phases 
of the North Atlantic Oscillation (NAO; Davini et  al.  2012; 
Feldstein 2003; Sung et al. 2011; Yao and Luo 2015). European 
blocking therefore influences the frequency and intensity 
of wind droughts, cloud cover and cold spells over Europe, 
and the characteristics of European blocking are in turn 
strongly affected by the large-scale atmospheric circulation. 

Accurately characterising and quantifying the characteristics 
of such weather-driven stress events, how they respond to cli-
mate variability, and how they change into the future is cru-
cial for power grid operators to effectively balance supply and 
demand and ensure system reliability (Dawkins et  al.  2020; 
Novacheck et al. 2021; Bloomfield 2025).

Although it is reasonable to expect that the data products from 
the various climate services for energy (such as C3S-Energy) 
have been subjected to internal quality assessment in terms 
of their aggregate properties, it is well understood that cli-
mate models tend to have biases in their representation of 
European blocking (typically misrepresenting their location, 
frequency and the persistence; Bacer et al. 2021; Davini and 
d'Andrea 2020; Woollings et al. 2018; Schiemann et al. 2020). 
Moreover, there is no clear consensus on how atmospheric 
blocking will change in the future with climate modelling 
studies often showing conflicting results: some suggesting 
a decrease in blocking events over the Euro-Atlantic region 
(Dunn-Sigouin and Son 2013; Matsueda and Endo 2017), oth-
ers an increase (Mokhov et al. 2014), while others find no sig-
nificant change (Masato et al.  2014). As such, while climate 
model derived data is potentially a powerful tool for energy 
scientists wishing to estimating the impact of climate change 
on DF, it is important to assess both how well existing energy-
climate datasets accurately represent DF, and the extent to 
which their future projections of changes in DF are coherent 
and consistent.

This study therefore begins by assessing the extent to which 
the climate model-based simulations in two EU Copernicus 
climate service datasets, C3S-Energy service and its ECEM 
predecessor, provide a consistent foundation for understand-
ing DF events in the historical period. Following this assess-
ment, the extent to which DF events are projected to change 
in the future is investigated and a series of storylines (or sce-
narios) proposed to efficiently represent the associated un-
certainty. Where possible, the analysis seeks to approach the 
problem as an energy user, focusing on the energy science 
implications, rather than seeking to understand the detailed 
physical meteorological drivers.

The remainder of this paper is structured as follows: Section 2 
describes the data sources while Section  3 performs a basic 
analysis before defining a metric to identify DF events. Section 4 
examines DF events in the historical period, comparing the 
GCM-based simulations against their corresponding reanalyses. 
Section 5 expands on this to develop a set of storylines describing 
projected changes in DF events under a future 2°C warming cli-
mate scenario. A concluding discussion is provided in Section 6.

2   |   Data Sources

In the following section, the ECEM and C3S-Energy datasets 
are first described, including a brief evaluation of the ‘historical 
climatological reference’ within each dataset. Despite these his-
torical climatological references being based on meteorological 
reanalysis products, there are marked differences between the 
two datasets with important implications for the identification 
of DF events. This is discussed in detail in Section 2.2.
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2.1   |   Energy-Climate Datasets

This paper focusses on evaluating the extent to which two lead-
ing energy-climate datasets reproduce and project changes in DF 
events impacting the European region. The two datasets share 
a common heritage and are freely available for public use via 
the Copernicus Climate Data Store (CDS) platform. The overall 
process by which these datasets are produced is illustrated in 
Figure 1.

European Climatic Energy Mixes (ECEM, Troccoli et  al.  2018) 
provides nationally aggregated energy variables covering 
Europe at up to daily resolution. Indicators span both climate 
and energy properties including wind speed, global horizontal 
irradiance and temperature, as well as estimates of wind power, 
solar PV and demand. The ECEM data are derived from two 
sources of climate data. Historical reconstructions (1979–2016) 
are produced from a bias-adjusted version of the ERA-Interim 
reanalysis product for wind (Jones et al. 2017) and from the raw 
ERA-Interim dataset for solar. Climate projections are based on 
6 different EURO-CORDEX model combinations (4 different 
GCMs producing 6 different global simulations downscaled by 6 
different RCMs; see Bartók et al. 2019 for details on the selection 
methodology and Table S1 for a detailed list of those used here). 
Output covers 1979–2100 for each of the RCP4.5 and RCP8.5 
climate scenarios though, for simplicity, only the RCP8.5 data 
are considered to create the 2°C global warming scenarios in 
this study.

COPERNICUS Climate Change Service for Energy (C3S-Energy 
or C3S-E; Dubus et al. 2023) is an operationalised update to the 
ECEM proof-of-concept demonstrator. Energy variables con-
tained in the dataset span a similar range of climate and energy 
properties to ECEM, though many of them are provided at en-
hanced temporal resolution (3-hourly rather than daily). In con-
trast to ECEM, however, the newer ERA-5 reanalysis (Hersbach 
et al. 2020) is used to produce a reconstruction over the historic 
period (1979–2023). As in ECEM, EURO-CORDEX models are 
used as the basis of climate projections, with output recorded 
for the period 2005–2100 under scenarios RCP2.6, 4.5 and 8.5 
(though again only RCP8.5 is considered in this study). In this 
case, 11 GCM-RCM combinations are available for use (6 differ-
ent GCMs producing 8 different realisations, downscaled by 8 
different RCMs; see Bartók et al. 2019 for details on the selection 
methodology and Table S1 for a detailed list of those used here). 
C3S-Energy continues to evolve as an operational service and 
most recently a version based on CMIP6 output was released 
(Copernicus  2024). This newer version is, however, excluded 

from the analysis in this paper as there is less than a decade of 
overlap between the observed historical period derived from re-
analysis and the climate model projections.

Both ECEM and C3S-Energy use a similar two-step process to 
convert the climate data into energy variables (see Figure 1). 
First, the raw climate model output is bias-adjusted towards a 
reanalysis dataset (see also Section 2.2 for more detailed dis-
cussion) and then, secondly, the bias-adjusted meteorological 
variables are used to calculate renewable energy indicators 
using physically-based models (e.g., representative wind-
power curves). A brief recap of the methodology for each of 
wind- and solar-power conversions is provided below. Further 
details for ECEM can be found in Bloomfield, Brayshaw, 
Troccoli, et  al.  (2021) (and the ECEM website, ECEM  2025, 
along with references therein) and relevant documentation 
on the COPERNICUS Climate Data Store (Copernicus  2025; 
Trocolli et al. 2024) for C3S-Energy.

•	 For wind power: at each grid-point the 10 m winds are ex-
trapolated to 100 m; converted to capacity factor using a rep-
resentative power curve (for ECEM only onshore locations 
are considered, for C3S-Energy a different power curve is 
used for offshore and onshore); then spatially averaged to 
produce a single national capacity factor assuming a uni-
form distribution.

•	 For solar PV: at each grid-point the irradiance, temperature 
and zenith angle are passed through an empirical power 
curve to produce a capacity factor, which is then again spa-
tially averaged to produce a single national capacity factor 
assuming a uniform distribution.

For both datasets, analysis in this publication is performed using 
nationally-aggregated daily data for wind- and solar PV capacity 
factors over a common period of 1980–2010. The data are down-
loaded directly from CDS in the case of C3S-Energy. For ECEM, 
the relevant data can readily be downloaded from the ECEM web-
site. To facilitate bulk analysis in this paper a copy of the dataset 
was in this case obtained directly from the ECEM developers. 
Throughout the paper, the data sources used are indicated by un-
ambiguous two-or-three-word combinations linking the project 
and the model used. For example, (a) C3S-ERA5 and (b) ECEM-
CNRM-ALA are used to denote data from (a) the C3S-Energy 
dataset derived from the ERA5 reanalysis and (b) the ECEM data-
set CNRM GCM downscaled with ALADIN RCM respectively.

A key point to note is that the energy-data derived from climate 
models in both C3S-Energy and ECEM originates from a very 

FIGURE 1    |    Schematic diagram of the process through which ECEM and C3S-Energy datasets are created.
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similar set of simulations: that is, a subset of EURO-CORDEX 
RCMs applied to CMIP5 global climate model output, selected 
using the method of Bartók et al. (2019). Where energy-variables 
derived from same GCM-RCM model pair appear in both C3S-
Energy and ECEM, the differences between the output can there-
fore be attributed to the bias-adjustments and energy-conversion 
methods, rather than differences in the underlying climate data 
(it is particularly emphasised also that C3S-Energy includes off-
shore and onshore wind, while ECEM considers onshore only). 
Similarly, where two different RCMs downscale the same parent 
GCM simulation within C3S-Energy, the differences can usu-
ally be ascribed to the choice of RCM (e.g., C3S_MPI_XXX and 
C3S_HAD_XXX). It is, however, noted that in the case of the 
EC-EARTH (used in both C3S-Energy and ECEM) the multi-
ple RCM downscalings corresponding to different realisations 
of the parent GCM (r1i1pi, r3i1p1 and r12i1pi). Differences be-
tween the EC-EARTH based simulations are therefore poten-
tially caused by a mixture of both internal variability (i.e., the 
initial conditions used to start the EC-EARTH simulation) as 
well as RCM selection. Readers are referred to the table of the 
simulations and model combinations provided in Table  S1 for 
details.

As will be discussed in Section 2.2, in the case of ECEM, a third 
dataset was required to support the evaluation of wind-power 
capacity factors in the historic period. This additional dataset 
provides daily wind-power capacity factors based on the WFDEI 
reanalysis (a different bias-adjusted version of the ERA-Interim 
reanalysis; Weedon et  al.  2014). This data were sourced from 
https://​esgf-​node.​ipsl.​upmc.​fr/​proje​cts/​esgf-​ipsl. It is noted, 
however, that this is not provided on the ECEM platform itself. 
To make this contrast clear, the original reanalysis-based data 
from the ECEM website is referred to as ECEM-ERAInt (both 
for solar and for wind), while this additional reanalysis-based 
data is referred to as ECEM-WFDEI.

2.2   |   Historical Climatological Reference

In order to define a specific metric to characterise DF the gross 
properties of the C3S-Energy and ECEM datasets are first exam-
ined as a baseline. It is emphasised that this examination is not 
intended to provide a detailed comparison between C3S-Energy 
and ECEM, nor an evaluation of the accuracy of their respective 
weather-to-energy conversion models in absolute terms. As will 
be discussed, however, there are significant inconsistencies in 
the representation of renewable capacity factors both between 
and within each dataset. The analysis in this section is therefore 
provided in order to motivate the choice of DF metric as set out 
subsequently in Section 3.

Figure  2 presents the 1980–2010 climatology of wind and 
solar capacity factors for Germany based on reanalysis data-
sets and climate model derived estimates from ECEM and 
C3S-Energy (Germany is selected as a representative exam-
ple, other countries can be found in the Figures  S1 and S2). 
For context, the average annual capacity factors for Germany 
in 2024 were around 20% for onshore wind, 32% for offshore 
wind (87% of total installed wind capacity was onshore) and 
8% for solar PV (Bundesministerium für Wirtschaft und 
Energie 2025).

For wind capacity factors (Figure 2a), both ECEM and C3S-Energy 
exhibit a well-defined seasonal cycle in their respective reanalysis 
estimates (ECEM-ERAInt and C3S-ERA5, dashed and solid black 
lines, respectively), with higher values in winter and lower values 
in summer. Moreover, in both datasets, the climate-model equiv-
alents show a qualitatively similar annual cycle (coloured lines). 
There are, however, clear differences both between ECEM and 
C3S-Energy as well as inconsistencies within each dataset.

Firstly, there is a substantial difference in the wind-power ca-
pacity factors recorded in the two datasets, with C3S-ERA5 typ-
ically between 0.1 to 0.2 CF higher than ECEM-ERAInt: that 
is, time-averaged capacity factors can be markedly different 
between these two products. This is somewhat consistent with 
the wind-power modelling assumptions made in the two data-
sets (e.g., different power curves and, for some countries, ECEM 
considers only onshore wind whereas C3S-Energy includes 
offshore regions that typically exhibit much higher CF values, 
Drew et al. 2015). Moreover, within the C3S-Energy dataset, the 
climate models are closely consistent with each other (the solid 
coloured lines are near-identical), suggesting a strong level of 
bias-adjustment has been performed towards a common refer-
ence climate state. However, the climate models (coloured solid 
lines) are markedly different from their corresponding reanal-
ysis (C3S-ERA5, solid black line). A similar problem is found 
in the corresponding ECEM simulations, whereby the ECEM-
ERAInt wind-power capacity factor (dashed black line) has a 
somewhat different mean annual cycle to the climate models 
(which are nevertheless remarkably consistent between them-
selves, indicated by the coloured dashed lines). In the case of 
ECEM, this appears to be caused by the climate models being 
adjusted towards the ECEM-WFDEI baseline (dot-dash black 
line), although ECEM-WFDEI is not provided on the ECEM 
website. We are not aware of a corresponding alternative reanal-
ysis for C3S-Energy, but it is noted that the issue identified here 
is not restricted to particular locations: similar discrepancies 
are found across other country wind-power capacity factors (see 
Figure S1).

For solar capacity factors (Figure 2b), the seasonal cycle of solar 
power capacity factor is generally well captured across data-
sets on a qualitative level. Again, however, there are noticeable 
differences between the datasets with C3S-Energy reanalysis 
(C3S-ERA5) typically recording higher solar PV capacity fac-
tors than ECEM (ECEM-ERAInt, ~0.05 CF in this particular 
country but a qualitatively similar picture emerges across many 
countries, see Figure S2). Within the ECEM dataset the climate 
models (coloured dashed lines) give an almost identical annual 
cycle of solar PV capacity factors when compared against their 
corresponding reanalysis (ECEM-ERAInt, black dashed line). 
By contrast, within C3S-Energy, most of the climate model de-
rived data tend to exhibit a slightly lower solar capacity factors 
in winter compared to its own reanalysis C3S-ERA5 (compare 
the solid red, brown and light green lines for C3S-CNRM-ALA, 
C3S-HAD-REGCM and C3S-ECE-HIR with the C3S-ERA5 
solid black line), indicating a systematic underestimation of solar 
PV potential compared to the relevant reanalysis. Moreover, 
some of the C3S-Energy climate models (e.g., C3S-HAD-RAC, 
C3S-MPI-CCL, CRS-ECE-RAC and C3S-NOR-HIR in light 
yellow, light pink, mid-green and dark blue solid lines) appear 
to be bias adjusted towards a different climatology (similar to 
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ECEM-ERAInt rather than C3S-ERA5) creating inconsistency 
within the C3S-Energy dataset.

The inconsistencies both between and within the datasets dis-
cussed above clearly have important implications for assess-
ments reliant on absolute capacity factor values (e.g., estimating 
mean capacity factor or counts of days where capacity factor falls 
below a particular threshold). This suggests that although the 
datasets may provide useful climatological information, caution 
must be exercised when using them for energy modelling—that 
is, the values recorded in ECEM or C3S-Energy should not be 
used in energy-modelling without first assessing their accuracy 
and re-calibrating if needed.

3   |   Dunkelflaute Definition and Assessment of the 
Observed Meteorological Period

Prior to assessing the representation of DF in the climate-model 
derived data, this section defines an objective metric representing 

DF events and compares how these events are represented in the 
‘reanalysis’ products within ECEM and C3S-Energy.

There is no standardised method for identifying DF events (or 
renewable resource droughts in general), with the characterisa-
tion of renewable energy droughts—including their frequency, 
duration and severity—being highly sensitive to the chosen defi-
nition (Kittel and Schill 2024). In broad terms, two ‘types’ of DF 
definitions can be identified at daily timescales defined by ei-
ther: (a) absolute capacity factor thresholds (e.g., capacity factors 
below, say, 0.2; Leahy and McKeogh 2013; Patlakas et al. 2017; 
Ohlendorf and Schill 2020) or (b) quantile thresholds relative to 
some reference climatology (e.g., capacity factors below, say, the 
20th percentile of the local capacity factor distribution; Cannon 
et al. 2015).

Due to the gross differences between the ECEM and C3SE data-
sets discussed in Section 2.2, a quantile-based threshold (i.e., the 
30th percentile of the relevant distribution) is adopted to identify 
low renewable resource events. The number of events identified 

FIGURE 2    |    Comparison of mean annual cycle in ECEM and C3S-Energy datasets (1980–2010) for Germany: (a) wind capacity factor, (b) solar 
capacity factor. Black lines relate to reanalysis based estimates, coloured lines to climate-model based estimates. Solid lines related to C3S-Energy, 
dashed lines to ECEM.
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are shown in Table 1. By construction, the number of low wind-
power and low solar PV days per year is similar across the 
datasets (i.e., approximately 30% of days, subject to minor differ-
ences associated with the precise definition of the climatology 
and intercomparison period). This choice therefore has the ad-
vantages that it: identifies genuine compound events (i.e., both 
wind- and solar-production has to be well below their ‘average’ 
output level rather than merely events where low-wind or low-
solar occurs individually); facilitates inter-dataset comparison 
by avoiding the gross mismatch between their absolute values; 
and avoids the need to specify a given ‘future’ installed genera-
tion capacity scenario (as these are highly uncertain). It is, how-
ever, noted that there remain differences in the count of joint 
low-wind-low-solar power events, with C3S-ERA5 typically 
producing fewer such days than ECEM-WFDEI (by ~5%–10%) 
and ECEM-ERAInt (by ~50%). This indicates that subtle differ-
ences either between the meteorological conditions recorded in 
the reanalyses (e.g., the correlation between low wind and low 
solar conditions) or in the conversion methodologies (e.g., use 
of different wind-power curves) are producing significant dif-
ferences in the characterisation of low renewable resource con-
ditions. Interested readers can also find an equivalent analysis 
using an absolute CF-threshold method (CF < 0.2) in Table S2 
(using an absolute CF method leads to much more marked dif-
ference between DF characteristics in ECEM and C3SE due to 
the gross differences in their recorded capacity factors as dis-
cussed in Section 2.2).

For each country a ‘DF day’ is said to occur when both the daily-
mean windCF and solarCF fall below the 30th percentile of their 
dataset-dependent climatological distribution (taken across all 
days of the year). A ‘DF event’ is defined as a period for which 
two or more consecutive days experience such conditions.

The resulting annual cycle of DF events for the UK and 
Germany is shown in Figure  3, confirming a strong seasonal 
cycle (peaking between October and February and almost ab-
sent over the summer months May to August) and broadly 
consistent behaviour is found across Europe (see Figure S3 for 
further examples). The seasonal pattern is consistent with the 
expected variability in wind and solar resources, where reduced 
wind speeds and lower solar insolation in winter contribute to 
an increased risk of extreme low renewable power production, 

though the relative contributions from wind and solar in gen-
erating DF events are likely to depend on geographical location 
(e.g., differing seasonal cycles of insolation of wind climate). The 
count-frequency of the C3S-ERA5 estimates aligns qualitatively 
with previous studies: for example Kaspar et  al.  2019 adopted 
a definition of DF of a combined capacity factor CF < 0.1 per-
sisting for 48 h (assuming equal installed capacity) finding an 
annual frequency of just over 4 DF events per year on average 
in Germany (see their Figure  6). ECEM-WFDEI and ECEM-
ERAInt datasets exhibit a similar but slightly higher number 
of DF events compared to C3S-ERA5 (4.85 year−1 for ECEM-
WFDEI vs. 4.2 year−1 for C3S-ERA5).

The geographical distribution of DF events (and comparison 
between the datasets) is shown in Figure  4, emphasising that 

TABLE 1    |    Climatological annual rate of low wind, solar and low wind-and-solar CF in the ECEM and C3S-Energy reanalyses (1980–2010).

Days/year

Low wind CF (below 30th percentile)
Low solar PV CF 

(below 30th percentile)
Combined low wind and solar 

CF (both below 30th percentile)

C3SE-
ERA5

ECEM-
ERAInt

ECEM-
WFDEI

C3SE-
ERA5

ECEM-
ERAInt

C3SE-
ERA5

ECEM-
ERAInt

ECEM-
WFDEI

Bulgaria 110 109 105 110 109 19 28 21

France 110 109 109 110 109 15 19 16

Germany 110 109 110 110 109 18 23 20

Spain 110 109 108 110 108 16 29 20

Sweden 110 108 107 110 109 18 30 21

UK 110 109 109 110 109 19 25 20

Note: ‘Low’ conditions are defined as below the 30th percentile of each property.

FIGURE 3    |    Annual cycle of DF event (2 days or more) frequency for 
the historical period (1980–2010) in reanalysis datasets associated with 
ECEM and C3S-Energy for (a) the UK and (b) Germany.
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the differences in DF event frequency are reasonably consistent 
across the European domain (Panels a–c), as are the differences 
between the datasets (Panels d and e).

A key point to note, however, is that the absolute number of DF 
days or events will depend strongly on the thresholds chosen to 
define their occurrence. In particular, much of the difference 
between the winter-time DF events recorded in C3SE-ERA5 
and ECEM-WFDEI is likely to be associated with differences 
in the representation of summer wind-climate in the two data-
sets (C3SE-ERA5 has climatologically lower windCF in sum-
mer—see Figures 2 and S1 for other example countries—thus 
suppressing the annual 30th windCF percentile threshold and 
reducing the likelihood of DF occurance in winter).

4   |   Simulated Dunkelflaute in the Historical 
Period

This section evaluates the representation of DF events in the 
ECEM and C3S-Energy climate model datasets over the histori-
cal period (1980–2010). The analysis focuses on three key aspects: 
the frequency of DF events, their duration and their connection 
to large-scale atmospheric circulation patterns. It is noted that, 
henceforth, the ECEM-WFDEI reanalysis is used as a reference 
for the ECEM climate models (rather than the ECEM-ERAInt 
data provided by the ECEM website). ECEM-WFDEI is selected 
because, as discussed in Section  2.2, ECEM-WFDEI provides a 
closer match to the bias-adjustment applied to the ECEM climate 

models. The analysis is also restricted to the extended winter sea-
son (October through to March) as the core season for DF events.

It is also noted that, throughout the subsequent analysis, model-
relative thresholds are used in determining DF-days (i.e., a DF 
day is declared when both wind and solar CF drop below the 30th 
percentile derived from each individual model's own climatology). 
The impact of deficiencies in the bias adjustment of the models to-
wards their respective reanalyses (see Section 2.2) should therefore 
be somewhat reduced though, as noted in Sections 2.2 and 3, the 
exact characteristics of DF behaviour is highly sensitive to the met-
rics and thresholds used to identify them.

4.1   |   Frequency of DF Events

Figure  5 illustrates the overall DF event frequencies across 
Europe for the individual models in each dataset (Panels e–u) 
and as a multi-model average (Panels b and d), comparing each 
against their own observed historical reanalysis climatology 
(i.e., C3S-ERA5 or ECEM-WFDEI, Panels a and c).

Examining the multi-model mean (Figure 5b,d) suggests that, on 
average, the ECEM climate models typically have smaller biases 
(less than 5%–25%) than their C3S counterparts (up to 50%–100%) 
when each is compared to their own reference reanalysis dataset. 
Moreover, while the ECEM multi-model mean presents a spatially 
mixed pattern (i.e., over- and under-estimates of DF events in dif-
ferent regions), the C3S multi-model mean tends to overestimate 

FIGURE 4    |    Mean DF event frequency for the extended winter (ONDJFM, 1980–2010) in: (a) C3S-ERA5, (b) ECEM-ERAInt and (c) ECEM-
WFDEI. Also shown are differences (d) C3S-ERA5 minus ECEM-WFDEI and (e) ECEM-ERAInt minus ECEM-WFDEI.
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8 of 24 Meteorological Applications, 2026

FIGURE 5    |    Spatial distribution of DF event rate during extended winter (ONDJFM) in the historic period 1980–2010. (a) and (c) show the C3S-
ERA5 and ECEM-WFDEI DF event rates reproduced from Figure 4. (b) and (d), respectively show the multi-model mean difference between the 
C3S-Energy and ECEM models against their appropriate reanalysis climatology. (e–o) show corresponding differences for individual C3S-Energy 
climate models. (p–u) are similar for the individual ECEM climate models. Plots (b), (d) and (e–u) are expressed as fractional differences from the 
relevant reanalysis on a country-by-country basis. Hatching denotes areas for which does not pass a Wilcoxon signed rank test does not pass with 
90% confidence.
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DF events in almost all countries but especially in the north/north-
west (UK, Ireland, Scandinavia) and south (countries immediately 
around the Mediterranean's northern coastline).

In C3S-Energy, many of these differences are statistically sig-
nificant at the 90% level (as indicated by the lack of hatching in 
Panel b).

Examination of the individual models within each dataset 
(Figure  5 Panels e–o for C3S-Energy and p–u for ECEM) re-
veals a similar overall pattern of behaviour to the multi-model 
mean. For ECEM, there are few countries where statistically 
significant differences are found. By contrast, most models in 
C3S-Energy exhibit statistically significant biases with respect 
to the C3S-ERA5 observed historical climatology over much of 
Europe, typically overestimating strongly in north/northwest-
ern Europe and northern Mediterranean, while overestimat-
ing less strongly (or even slightly underestimating) in the east 
at central latitudes. While each C3S-Energy model seems to 
broadly follow this basic meridional tripole pattern (i.e., over-
under-over estimates from north to south over the region), the 
C3S_ECE_RCA, C3S_MPI_RCA and C3S_HAD_RCA seem to 
have particularly strong positive biases while C3S-CNRM-ALA, 
C3S_ECE_HIR and C3S_HAD_REGCM are more evenly split 
(positive–negative–positive).

Taken across both C3S-Energy and ECEM there is perhaps some 
evidence that the RCA RCM is associated with a positive bias 
(each of ECEM_ECE_RCA, C3S_ECE_RCA, C3S_MPI_RCA 
and C3S_HAD_RCA tends to exhibit more DF events than their 

corresponding reanalysis equivalent). It is, however, extremely 
difficult to make strong statements about which GCMs, RCMs 
and GCM-realisations are associated with particular behaviour 
due to the ad-hoc construction of the model ensemble.

4.2   |   Duration of DF Events

Figure 6 shows the extent to which the climate model simula-
tions in ECEM and C3S-Energy correctly represent the extent 
of DF conditions across Europe for different durations. In each 
case, the climate models are compared to the corresponding 
reanalysis associated with the dataset. For convenience, a se-
lection of six countries is discussed as ‘typical’ representative 
examples below. It is, however, noted that some countries can 
differ markedly from this broad assessment (including much 
larger differences between model and reanalysis estimates; 
see Figure  S4), and careful case-by-case assessment is recom-
mended when using individual country-level values.

For both shorter-duration events (2–3 days) and long-duration 
(4–5 days), the ECEM models exhibit a reasonable level of per-
formance. Though the error magnitudes are large (up to 25% 
and ~50% respectively for the countries selected, Figure 6b,d), 
there is little systematic bias and using the 90% confidence in-
terval as a qualitative indicator of uncertainty in these estimates 
suggests these differences are small. In general, performance is 
quite consistent across the various ECEM climate models, with 
differences between the models being less than the difference 
between the model and the corresponding reanalysis.

FIGURE 6    |    Errors in DF event rates by duration for selected countries for extended winter (ONDJFM). (a) and (b) 2–3 day events in C3S-Energy 
and ECEM, respectively. (c) and (d) 4–5 day events. Errors are expressed as fractions of the country-specific DF event rate from the appropriate re-
analysis (C3S-ERA5 or ECEM-WFDEI). The marked uncertainty ranges represent the 90% bootstrap confidence interval.
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C3S-Energy, however, typically overestimates the rate of DF 
events by around 25%–50% (for 2–3 day events, Figure 6a) and 
100%–200% (for 4–5 day events, Figure  6c). The cause of this 
larger discrepancy against their reanalysis (compared to the 
equivalent in ECEM) is unclear, particularly in cases where the 
same GCM-RCM pair is available in both cases (e.g., the simu-
lations using CNRM_ALA, ECE_RCA, ECE_RAC, ECE_HIR, 
IPSL_WRF exist in both datasets).

Overall, the results suggest that ECEM models offer a more 
credible representation of DF events (compared to their own 
reanalysis), whereas C3S models show larger discrepancies 
compared to their own reanalysis. It is, however, important 
to emphasise that this result is likely sensitive to the choice 
of metrics used to identify DF. In particular, the use of the 
annual 30th percentile is likely to be associated with the 
C3S-Energy climate models overestimating DF compared to 
C3S-ERA5 due to their higher average windCF in summer 
(i.e., increasing the annual 30th windCF percentile and thus 
potentially making DF more prevalent in winter). The differ-
ences between the datasets nevertheless emphasise the need 
for greater consistency across energy climate service products 
when providing data derived from both climate model and re-
analysis output.

4.3   |   Large Scale Atmospheric Drivers 
of Dunkelflaute Rates

As discussed in Section  1, the wintertime North Atlantic 
Oscillation (NAO) plays a crucial role in shaping wind condi-
tions across Europe, particularly influencing the occurrence of 
DF events. Here, the NAO index is calculated as the difference 
in extended winter (ONDJFM) mean sea-level pressure between 
the Azores (28°–20°W, 36°–40° N) and Iceland (25°–16°W, 
63°–70°N). The resulting timeseries is normalised against the 
1980–2010 period (following Smith et al. 2020) to have unit vari-
ance and zero mean. As the information to calculate the NAO is 
not available directly from either ECEM or C3S-Energy, surface 
level pressure data is downloaded from the corresponding parent 
GCM (see Figure 1 and Table S1) from the Copernicus Climate 
Data Store (Copernicus 2018). Positive states are defined as sea-
sons where NAO > 0.5 and negative where NAO < −0.5. Note 
that C3S_ECE_HIR and ECEM_ECE_HIR are excluded from 
the subsequent analysis (and greyed-out in the corresponding 
figures) as the required sea level pressure data from the parent 
GCM simulation was not available.

As a preliminary step to assessing the impact of NAO on DF 
events, Figures 7 and 8 show the impact of the winter NAO on 
mean wind and solar CF over Europe. For wind CF (Figure 7), 
there is a clear meridional dipole pattern such that, for positive 
NAO, wind is enhanced over much of northern Europe and de-
creased over southern Europe, consistent with previous studies 
(e.g., Brayshaw et  al.  2009; Lledó et  al.  2022). This pattern is 
found in both reanalysis-based datasets (i.e., C3S-ERA5 and 
ECEM-WFDEI, Panels a and c) and is broadly reproduced by 
each of the individual models (as shown in the multi-model aver-
age in Panels b and d). There are, however, notable inter-model 
differences suggesting that the reanalysis ‘NAO response pat-
tern’ is not precisely reproduced. For example, the NAO response 

is rather stronger in the magnitude and extent of the increase 
in the north in, for example, C3S_IPSL_WRF and C3S_HAD_
RACMO whereas the southern decrease is more dominant and 
extensive in C3S_CNRM_ALA and ECEM_MPI_REMO. This 
indicates that differences in spatial NAO structure between 
models may have important impacts at national level.

Figure 8 shows that the impact of the NAO on solar CF has a spa-
tially similar NAO response pattern but the effect is weaker in 
magnitude and with the opposite sense (i.e., a meridional dipole 
with positive NAO is associated with reduced solar in the north, 
increased in the south). This is seen in both the reanalysis data-
sets (Panels a and c) and the multi-model average (Panels b and 
d), confirming a broad pattern consistent with previous studies 
(e.g., Pozo-Vázquez et al. 2004; Lledó et al. 2022). However, as 
with wind CF, there are potentially important differences be-
tween the modelled datasets: for example, C3S_IPSL_WRF 
shows a positive relationship between solar CF and NAO over 
some area of Scandinavia and especially Sweden which is not 
found in any other models (or indeed the ECEM_IPSL_WRF 
equivalent which uses exactly the same GCM-RCM data; see 
Panels i and t).

Focussing on DF events more specifically, Figure 9 shows the 
fractional change in DF events associated with NAO state. Both 
reanalysis-based estimates (C3S-ERA5 and ECEM-WFDEI, 
Panels a and c) show a clear dipole like-behaviour, with DF 
events being more frequent in northern and eastern Europe 
under NAO-negative and more frequent in southern and eastern 
Europe under NAO-positive. Though the precise details differ 
between the two reanalyses (e.g., for Ireland and France), the 
broad pattern is both consistent between the datasets and with 
previous studies (NAO-negative tends to be associated with in-
creased blocking in northern Europe, and NAO-positive simi-
larly for southern Europe, e.g., Yao and Luo 2015). The overall 
sense of the dipole (i.e., fewer DF events in the north under NAO 
positive) suggest that this reflect the NAO-impact on wind CF 
rather than the solar CF (compare Figure 9 vs. Figures 7 and 8 
focussing on Panels a and c in each case). This is, however, not 
necessarily uniform across the whole domain (e.g., for the south 
east and especially Turkey the NAO–DF relationship is more 
consistent with the NAO–solarCF relationship).

In terms of the climate model response of DF events to NAO, 
the multi-model average in each dataset (Figure 9b,d) broadly 
resembles the dipole pattern of their corresponding reanalyses 
(Figure  9a,c). There are, however, noticable differences at the 
individual country level—for example, the impact of the NAO 
on both France and Germany reverses sign in C3S-Energy and 
ECEM respectively—and, overall, both the C3S-Energy and 
ECEM multi-model responses appear to show the lower part 
of the dipole (the red area in Panels b and d) extending further 
north and east into Europe compared to their equivalent reanal-
yses (the red areas in Panels a and c). As expected, the differ-
ences in the NAO responses are exacerbated in the individual 
model runs (Figure 9e–u). Most models do correctly capture the 
‘sense’ of the meridional dipole seen in the reanalyses (i.e., con-
sistent with producing fewer DF events in the north under NAO 
positive), but there are wide variations in the exact nature of this 
pattern: for example, C3S_IPSL_WRF and ECEM_IPSL_WRF 
show most of the region having fewer DF events under NAO 

 14698080, 2026, 3, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/m
et.70192 by D

avid J B
rayshaw

 - N
IC

E
, N

ational Institute for H
ealth and C

are E
xcellence , W

iley O
nline L

ibrary on [14/06/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



11 of 24Meteorological Applications, 2026

FIGURE 7    |     Legend on next page.
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positive whereas C3S_CNRM_ALA, ECEM_CNRM_ALA and 
to a lesser extent C3S_MPI_CCL and C3S_HAD_REGCM sug-
gest the bulk of Europe has more frequent DF events (compare 
Figure  9i,t with Figure  9e,k,l,p). Again, due to the relatively 
small and ad-hoc construction of the climate model ensemble 
it is difficult to confidently discern whether any of these differ-
ences in response can be ascribed to particular GCMs, RCMs or 
simple internal variability.

In summary, the NAO's influence has—on average—somewhat 
opposing influences over much of Europe's renewables with 
more wind, less solar and fewer DF events in the north but less 
wind, more solar and more DF events in the south under pos-
itive NAO. This behaviour is broadly consistent in the ECEM 
and C3S reanalyses (ECEM-WFDEI and C3S-ERA5) and in the 
climate models in each archive. There are, however, differences 
between the NAO responses produced by the individual mod-
els (both spatially and in magnitude) which could have signif-
icant impact when considering either national-scale variations 
in renewable resource or the need for transmission and storage 
at national or continental level to balance climate variability at 
timescales from days to years. It is emphasised, however, that 
the sample sizes available to this analysis limit the extent to 
which the causes of these differences can be identified and as to 
whether they are associated with sampling uncertainty (i.e., the 
internal variability of the climate model) or genuine differences 
in climate model performance (i.e., some models producing 
more ‘realistic’ NAO signatures than others).

5   |   Projected Changes in Dunkelflaute

As a first step in assessing future changes in DF events, a 2°C 
global warming level is assumed (IPCC 2023). A 30-year win-
dow is identified in each of the parent climate model simula-
tions, centred on the date at which the global-mean surface air 
temperature first exceeds 2°C above from the model's own 1980–
2010 climate. This limits the impact of individual GCMs having 
different global climate sensitivities (i.e., some GCMs warming 
faster than others in response to increased atmospheric green-
house gas emissions). Figure 10 illustrates the process and the 
precise periods selected are listed in Table 2. In all cases the pe-
riod lies in the mid 21st century but occurs substantially earlier 
in some models (~2029–2059 in HadGEM) and later in others 
(~2048–2078 in NorESM1).

Figure 11 shows the resulting scenarios aggregated over all the 
C3S-Energy (Panels a1–a4) and ECEM (Panels d1–d4) data-
sets. The subset of GCM-RCM simulations that appear in both 
datasets are shown in Panels b1–b4 (for C3S-Energy) and c1–c4 
(for ECEM).

Consider first the changes in the extended winter average re-
newable capacity factors. There is limited evidence for strong 

or widespread changes in wind CF (Figure  11a1,b1,c1,d1), 
though the full set of C3S-Energy models (Panel a1) suggest 
some reduction of wind CF over the countries along the north-
ern Mediterranean coast (especially Italy and Iberia, ~2%–5%) 
and weaker reductions in the west (particularly Norway and 
UK). There is also some evidence for slight increases in wind 
CF in the centre-east (e.g., Bulgaria, Romania and Hungary), 
though these changes are not significant. For context, typical 
interannual variability in the region corresponds to a ~10%–25% 
variation (corresponds to1 standard deviation, see Figure S5). A 
qualitatively similar pattern emerges from ECEM (Figure 11d1) 
and when only the subset of common models is considered from 
each dataset (Figure 11b1,c1). For solar CF, the pattern of change 
is more coherent with significant reductions particularly over 
the northern part of the region (~2%–5% decrease in both ECEM 
and C3S-Energy but more pronounced in ECEM, Figure 11a2–
d2). For context, typical interannual variability in the region 
corresponds to a ~5%–10% variation (corresponds to1 standard 
deviation, see Figure S6).

In contrast to the modest changes in average wind and solar 
CF, the full set of C3S-Energy models suggest quite a marked 
and extensive increase of ~5%–25% in the number of DF days 
(Figure 11c1) and DF events (Figure 11d1), particularly in north-
ern Europe. The stronger change in DF days or events (compared 
to wind or solar CF values) reflects the relatively strong vari-
ability in DF events (interannual variability of ~25%–50% in DF 
events compared to weaker variations for wind and solar CF; see 
Figures S6 and S7 and compare with Figures S4 and S5). This 
pattern is somewhat reproduced in ECEM (Figure  11, Panels 
d3 and d4) though, for ECEM, the models suggest a weak de-
crease in DF in the southern and eastern regions (e.g., Hungary). 
The differences between the two datasets are reduced when the 
multi-model average is restricted to only the common GCM-
RCM simulations used in the two datasets (compare Figure 11, 
Panels b3 and b4 with Panels c3 and c4). This suggests that a 
large part—but not all—of the differences between the multi-
model averages using the full C3S-Energy and ECEM datasets 
are associated with the GCM-RCM sample, rather than the spe-
cifics of the bias adjustment and energy-conversion processing.

This suggests that the ‘result’ of the multi-model-average is 
likely very sensitive to the composition of the underlying climate 
model ensemble used. This in turn implies that, if just a few 
GCM-RCM pairs in the either C3S-Energy or ECEM were re-
placed (or additional GCM-RCM simulations added), then there 
is a risk that the multi-model average might be quite different. 
This risk is further exacerbated by recalling the ad-hoc nature of 
the climate simulations considered: for example, although there 
are 11 different GCM-RCM pairs available in C3S-Energy, only 
10 can be used (because the global climate model run for C3S_
ECE_HIR is unavailable) and this corresponds to just 6 different 
GCMs (one of which provides an initial condition ensemble of 
size 2), paired with 8 different RCMs.

FIGURE 7    |    The impact of NAO state on mean wind CF during extended winter (ONDJFM) in the historic period 1980–2010 (NAO positive mi-
nus NAO negative expressed as a fractional percentage of the all-NAO-state-average). (a) and (c) show the C3S-ERA5 and ECEM-WFDEI response 
to NAO respectively. (b) and (d) show the C3S-Energy and ECEM multi-model mean response to NAO respectively. (e–o) show corresponding NAO 
response for individual C3S-Energy climate models. (p–u) show similar responses for the individual ECEM climate models. Plots (b), (d) and (e–u) 
are expressed as fractional differences from the relevant reanalysis or model's mean wind CF on a country-by-country basis.
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FIGURE 8    |    As Figure 7 but for solar CF.
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FIGURE 9    |    As Figure 7 but for DF events.
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Additional problems with multi-model averaging also exist. 
First, while taking an average over an ensemble—even one 
as small as those available from ECEM and C3S-Energy—can 
enhance signal-to-noise, it necessarily introduces smoothing 
and by construction limits the range of climate scenarios that 
result. Second, on a more fundamental level it is difficult to in-
terpret ensemble-averages, as there is no physical justification 
for assuming the simulations they produce to be independent 
samples from an underlying ‘true’ population.

In order to address these issues, the individual model realisa-
tions are shown in Figure 12 for the C3S-Energy dataset mod-
els and Figure  13 for ECEM. An obvious feature is that two 
GCM-RCM combinations have a markedly different response 
in solar CF compared to all the others (ECEM_CNRM_ALA/

C3S_CNRM_ALA and C3S_HAD_REGCM), emphasising the 
well-known uncertainties in representing cloud and solar in 
both global and regional climate models.

More broadly, a diverse range of individual responses is 
clearly visible, including marked changes (up to ~25% in some 
countries) though many fail to pass even a relatively modest 
statistical significance test (90% confidence) suggesting a sig-
nificant role for internal variability in addition to inter-model 
differences (see, e.g., Gonzalez et al. 2019; Wohland 2022). It 
is noted, however, that the differences between the individual 
model outputs do not appear to be readily explainable as large-
scale circulation changes that create shifts towards different 
NAO-like states (c.f., Ravestein et  al.  2018): that is, models 
that project onto similar 30-year mean ONDJFM NAO anom-
alies are associated with qualitatively different outcomes in 
terms of surface energy climate (e.g., C3S_CNRM_ALA and 
C3S_HAD_RCA have almost identical projected changes in 
the NAO but markedly different changes in wind CF, solar CF 
and DF characteristics—compare Figure 12 Panels a1–a4 with 
Panels j1–j4). Indeed, even simulations drawn from identical 
parent GCM data (i.e., a single realisation of HadGEM2-ES) 
can have markedly different projected changes (compare 
Figure 12 Panels i1–4 with Panels j1–j4). As expected, however, 
when the same GCM-RCM pairs are compared in ECEM and 
C3S-Energy (e.g., C3S_CNRM_ALA is compared to ECEM_
CNRM_ALA; Figure  12 Panels a1–4 with Figure  13 Panels 
a1–4), the responses are rather similar (in this case generally 
a decrease in DF). This indicates again that the uncertainty 
from the selection and extent of the climate model ensemble 
(i.e., the number of GCM and RCMs used) dominates over the 
uncertainty associated with the bias adjustment and conver-
sion to energy steps.

While identifying a full range of responses from the ensem-
ble is a helpful step in revealing a wide range of possible fu-
tures (here 15 in total: 10 from C3S-Energy and 5 from ECEM 
as opposed to a single ‘multi-model average’), it is perhaps 
challenging for users in the energy industry to understand 
and interpret their consequences in a physically meaning-
ful way. Following the ‘Storyline’ concept (discussed in 
Shepherd  2019), a qualitative grouping of these 15 different 
scenarios has therefore been developed. This grouping aims to 
recognise the broad character of the inter-model differences in 
future climate while clumping similar simulations together to 
reduce the overall number. As the responses for any given in-
dividual model were qualitatively similar in ECEM and C3S-
Energy (i.e., the climate model uncertainty dominated over 
that produced by the bias adjustment and conversion), the two 
are merged into a single grand ensemble. Although this leads 
to different storylines being associated with very different 
numbers of model realisations, it is noted that the model sim-
ulations and datasets should not be considered independent or 
identically distributed (e.g., the EC-EARTH model contributes 
4 realisations of the 15 whereas NORESM1 only 1). It is there-
fore inappropriate at this stage to consider some storylines as 
more likely than others. However, as climate change proceeds, 
assessments of changes in patterns of DF changes may be able 
to provide growing confidence about which of these storylines 
are more likely to be realised at 2°C warming. Additional de-
tailed investigation of historical model runs may also enable 

FIGURE 10    |    The global mean change in surface 2 m air tempera-
ture relative to the historical baseline (1980–2010). The solid black line 
indicates the +2°C threshold. The coloured horizontal bars represent 
the selected future 30-year time periods for each model (for each mod-
el, the period is centred on the year at which the 2°C level is passed) to 
be used for analysis. Please note that the vertical offset of the horizon-
tal ranges is chosen for illustrative convenience only. See main text for 
discussion.

TABLE 2    |    30-year window centred on the year at which the 2°C 
global warming level is reached and associated shift in the 30-year 
mean ONDFJM NAO index in the parent GCMs for the C3S-Energy and 
ECEM databases.

Parent GCM
2°C warming 

period
NAO projection 

(ONDJFM)

ECE-r1i1p1 2043–2073 −0.308

HAD-r1i1p1 2029–2059 −0.163

CNRM-r1i1p1 2044–2074 −0.156

MPI-r1i1p1 2043–2073 −0.129

ECE-12i1p1 2041–2071 0.008

NOR-r1i1p1 2048–2078 0.138

Note: See main text for details.
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some storylines to be ruled out, as models diverge from his-
torical trends or are shown to exhibit implausible physical 
responses.

The five resulting storylines are presented in Figure 14 and can 
be described as follows:

•	 Storyline 1 (Figure  14a1–a4; C3S_HAD_RCA): Wind CF 
and solar CF decrease over most of the domain. DF in-
creases over most of the domain.

•	 Storyline 2 (Figure  14b1; C3S_NOR_HIR, C3S_IPSL_
WRF, ECEM_IPSL_WRF): Wind CF increases in the 
north and decreases in the south. Solar CF decreases 
over most of the domain. DF increases over most of the 
domain.

•	 Storyline 3 (Figure  14c1–c4; C3S_MPI_RCA, C3S_ECE_
RCA, C3S_ECE_RACMO, C3S_HAD_RACMO, C3S_
MPI_CCL, ECEM_MPI_REMO, ECEM_ECE_RCA, 
ECEM_ECE_RACMO): Wind CF increases in the south/
east and decreases in the north/west. Solar CF decreases 
over most of the domain. DF increases in the north/west 
with a slight decrease in the south/east.

•	 Storyline 4 (Figure  14d1–d4; C3S_HAD_REGCM). Wind 
CF decreases over most of the domain: Solar CF increases 
over the whole domain. DF decreases in the north and in-
creases in the south.

•	 Storyline 5 (Figure  14e1–e4; C3S_CNRM_ALA, ECEM_
CNRM_ALA): Wind CF increases in north/east and de-
creases in south/west. Solar CF increases in south and 
decreases in north. DF decreases over most of domain.

FIGURE 11    |    Projected percentage change in extended winter (ONDFJM) wind capacity factor (1st column: a1, b1, c1, d1), solar capacity factor 
(2nd column: a2, b2, c2, d2), DF days (3rd column: a3, b3, c3, d3) and number of DF events (4th column: a4, b4, c4, d4) under a 2°C warming scenario 
relative to 1980–2010 in C3S projections. Top row (a1–a4): multi-model average over ten C3S models (all C3S models except C3S_ECE_HIR). 2nd 
row (b1–b4): multi-model average over four C3S models common to both C3S-Energy and ECEM (C3S_CNRM_ALA, C3S_ECE_RCA, C3S_ECE_
RACMO, C3S_IPSL_WRF). 3rd row (c1–c4): multi-model average over four ECEM models (MPI, CNRM, IPSL, ECEarth) common to both C3S-
Energy and ECEM (ECEM_CNRM_ALA, ECEM_ECE_RCA, ECEM_ECE_RACMO, ECEM_IPSL_WRF). 4th row (d1–d4): multi-model average 
over five ECEM models (all ECEM models except ECEM_ECE_HIR). Hatching denotes areas with non-significant changes based on 90% confidence 
from the Wilcoxon signed-rank test. Note data from C3S_ECE_HIR and ECEM_ECE_HIR is not included here as it was not possible to identify a 2°C 
warming scenario from the parent GCM simulation.
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6   |   Conclusions

The frequency of multi-day periods featuring low-wind and 
low-solar generation—often referred to as dunkelflaute 
(DF)—will be an increasingly important benchmark for the 
managers of European electrical grids as renewable gen-
eration's contribution to the system grows. Assessing the 

characteristics of DF and how they might change in a chang-
ing climate will be essential for robust design and operation of 
future power systems incorporating high levels of variable re-
newable generation. Recent years have seen the development 
of a number of climate services tailored to energy-system use, 
with the EU's COPERNICUS C3S-Energy and ECEM services 
being high-profile examples (both of which are based on the 

FIGURE 12    |    As Figure 11, but showing individual model responses from the C3S-Energy dataset. Each row corresponds to a different model. 
Note C3S_ECE_HIR is greyed out as data for the corresponding parent GCM was not available to identify the 2°C warming level.
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18 of 24 Meteorological Applications, 2026

EURO-CORDEX climate model dataset). This study assesses 
the suitability of these two services for characterising DF in 
the present and recent past, and for projecting changes in DF 
under a 2°C global warming scenario.

Overall, a reasonably coherent and self-consistent picture of DF 
behaviour over the historic period (1980–2010) emerges from 
both the C3S-Energy and ECEM dataset's. In each datasets 

reanalysis-based product, DF are most common in the extended 
winter (ONDJFM), the frequency of events is reasonably evenly 
distributed over Europe, and they respond to the dominant 
mode of North Atlantic—European atmospheric variability 
(the NAO) as one might expect (e.g., positive NAO periods are 
associated with windier but cloudier conditions in the north, 
with the ‘wind’ effect apparently dominating to produce fewer 
DF events). To a large extent, similar behaviours are found in 

FIGURE 12    |     (Continued)
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19 of 24Meteorological Applications, 2026

FIGURE 13    |    As Figure 12, but showing individual model responses from the ECEM dataset. Note ECEM_ECE_HIR is greyed out as data for the 
corresponding parent GCM was not available to identify the 2°C warming level.
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20 of 24 Meteorological Applications, 2026

FIGURE 14    |    Storyline groupings for the combined ECEM and C3S-Ener gy 2°C global warming scenarios. These groups are based on qualita-
tively assigning the individual model responses into consistent groups. Projected percentage change in extended winter (ONDFJM) wind capacity 
factor (1st column: a1, b1, c1, d1), solar capacity factor (2nd column: a2, b2, c2, d2), DF days (3rd column: a3, b3, c3, d3) and number of DF events 
(4th column: a4, b4, c4, d4) under a 2°C warming scenario relative to 1980–2010 in C3S projections. Each row corresponds to a different group 
of models. Top row (a1–a4): C3S_HAD_RCA. 2nd row (b1–4): C3S_NOR_HIR, C3S_IPSL_WRF, ECEM_IPSL_WRF. 3rd row: C3S_MPI_RCA, 
C3S_ECE_RCA, C3S_ECE_RACMO, C3S_HAD_RACMO, C3S_MPI_CCL, ECEM_MPI_REMO, ECEM_ECE_RCA, ECEM_ECE_RACMO. 4th 
row: C3S_HAD_REGCM. 5th row: C3S_CNRM_ALA, ECEM_CNRM_ALA. Hatching denotes areas with non-significant changes based on 90% 
confidence from the Wilcoxon signed-rank test. Note data from C3S_ECE_HIR and ECEM_ECE_HIR is not included here as it was not possible to 
identify a 2°C warming scenario from the parent GCM simulation.
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the corresponding climate model simulations in each dataset, 
although it is important to note that the C3S-Energy climate 
models tend to produce rather more DF than their correspond-
ing reanalysis (based on ERA5) and, when viewed at the level 
of individual countries rather than continental-scale patterns, 
there can be marked differences between individual model 
simulations.

This overall consistency only emerges, however, with care-
ful and appropriate handling of the data. The ‘raw’ data from 
both C3S-Energy and ECEM contains noticeable differences 
both between the datasets (e.g., the reanalysis-based estimates 
of wind and solar capacity factors are markedly different in 
C3S-Energy and ECEM) and between the model and reanaly-
sis data within each dataset (e.g., the wind and solar capacity 
factor data derived from the climate models in each dataset 
are not bias-adjusted to their associated reanalysis). As C3S-
Energy is an operational product, this latter issue may have 
been corrected in more recent releases but, in the releases we 
are aware of, there is insufficient climate model data avail-
able for the historical period to facilitate a meaningful com-
parison. These issues are mitigated in this study by retrieving 
additional data (the ECEM_WFDEI dataset, see Section 2.2) 
and by using relative rather than absolute capacity factor 
thresholds to define DF events. However, the present study 
suggests that any services seeking to provide authoritative 
energy-climate products should, as a minimum, (a) provide 
sufficient time-window overlaps between observed-historical 
and model-simulated data (to facilitate validation), (b) ensure 
self-consistency between the observed and model-derived data 
and (c) provide a single reference source containing a clear de-
scription of the methods use and their validation. Prospective 
energy-sector users should also always ensure that they un-
dertake a careful evaluation of the data before treating it at 
face value.

In terms of future projections of a 2°C global warming sce-
nario, the multi-model mean response of C3S-Energy shows 
an increase in DF events ~5%–25% over much of the study 
domain. ECEM shows a similar pattern (and magnitude) ex-
cept in that there is evidence for a slight decrease in DF in 
the south-east. Broadly speaking, this pattern is consistent 
with previous analysis of low-wind-low-solar conditions in 
the C3SE dataset (e.g., Figures 8 and 9) in Kapica et al. (2024) 
suggests increases in the mean wind-and-solar drought days 
over much of Europe, though with limited agreement between 
models.

Much of this difference, however, appears to be associated 
with the differences in the model ensembles considered (C3S-
Energy has 10 realisations, ECEM 5) and there is much greater 
agreement when the multi-model average is restricted to only 
the models present in both datasets. The multi-model aver-
age therefore appears strongly determined by the collection 
of GCMs and RCM considered in each dataset, rather than 
differences in the post-processing used to create the energy 
data from the climate data. Though the present analysis has 
focussed primarily on DF, it is perhaps reasonable to expect 
similar sensitivity in projections of wind- and solar-capacity 
factors individually (as noted previously in Bloomfield, 
Brayshaw, Troccoli, et al. 2021).

As the ensemble of GCMs and RCMs is largely one of oppor-
tunity (i.e., constrained by the modelling groups participating 
in the EURO-CORDEX programme and subselected following 
the method of Bartók et al. 2019), reliance on the multi-model 
mean as a unique ‘best prediction of the future’ is not always 
appropriate as it may miss a wide range of uncertainty asso-
ciated with alternative future pathways. This risk is clearly 
evidenced by the diverse individual responses, at least some 
of which show opposing responses (i.e., widespread decreases 
in DF rather than increases). While handling the full set of 
model outcomes may be rather intractable for energy-sector 
users of a climate service (i.e., understanding the impact of 
all 15 GCM-RCM combinations from ECEM and C3S-Energy 
together), a plausible route forward using just five plausible 
‘storylines’ of future changes in DF and wind/solar capacity 
factors is proposed.

It is concluded that, subject to the need for appropriate and 
careful handling, the ECEM and C3S-Energy datasets provide 
a good starting point for exploring future climate impacts on 
the European energy system. Nevertheless, it is also clear that 
a much deeper exploration of a more comprehensive set of cli-
mate simulations is needed in order to robustly understand and 
predict the impact of future climate on energy. In particular, 
the ECEM and C3S-Energy are insufficiently comprehensive 
to isolate and understand the uncertainties arising from (a) in-
dividual model errors (GCM and RCM), and (b) internal vari-
ability, thereby limiting the confidence which can be ascribed 
to their projections. These difficulties are exacerbated by the 
well-known uncertainties associated with climate model rep-
resentations of near-surface climate for wind and solar (es-
pecially the uncertainty associated with representing cloud 
processes).

Opportunities to gather much more comprehensive climate 
datasets for energy should therefore be actively pursued, for 
example, via the CMIP7 ‘Energy System Impacts’ data request 
(Ruane et al. 2025) and individual single-model large ensembles 
(e.g., van der Wiel, Bloomfield, et al. 2019). A particular focus 
from this should be the representation of cloud processes (in 
relation to solar generation) and boundary-layer wind speed 
change (in relation to wind power), where additional simulations 
should be supported by deeper process-based understanding of 
the causes of change. Furthermore, none of the climate simu-
lations considered here represent the impact of so-called ‘tip-
ping point’ scenarios (such as abrupt weakening of the Atlantic 
Meridional Overturning Circulation see, e.g., Meccia et al. 2025 
and Brayshaw et al. 2009) or the consequences of geoengineer-
ing solutions (Harding et al. 2024). Many of these plausible fu-
ture scenarios may lead to European climate futures that differ 
substantially from the ‘mainstream’ projections and therefore 
warrant further investigation given the socio-economic impor-
tance and scale of transformation currently occurring in the en-
ergy sector.
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Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Table  S1: List of CMIP5/CORDEX 
models used in this publication. Table S2: Climatological annual rate 
of low wind, solar and low-wind-low-solar CF in the ECEM and C3S-
Energy reanalyses (1980–2010). ‘Low’ is defined as daily-mean CF 
< 0.2. Figure S1: Comparison of mean annual cycle in wind CF from 
ECEM and C3S-Energy datasets (1980–2010) for Germany: (a) Bulgaria, 
(b) France, (c) Germany, (d) Spain, (e) Sweden and (f) the UK. Black 
lines relate to reanalysis based estimates, coloured lines to climate-
model based estimates. Solid lines related to C3S-Energy, dashed lines 
to ECEM. Figure S2: As Figure S1 but for solar CF. Figure S3: Annual 
cycle of DF event (2 days or more) frequency for the historical period 
(1980–2010) in reanalysis datasets associated with ECEM and C3S-
Energy for Germany: (a) Bulgaria, (b) France, (c) Germany, (d) Spain, (e) 
Sweden and (f) the UK. Figure S4: Errors in DF event rates by duration 
for all countries included for extended winter (ONDJFM)—compare 
Figure 6 from the main text. (a) and (b) 2–3 day events in C3S-Energy 
and ECEM respectively. (c) and (d) 4–5 day events. Errors are expressed 
as fractions of the country-specific DF event rate from the appropriate 
reanalysis (C3S-ERA5 or ECEM-WFDEI). Figure S5: Interannual vari-
ability of extended winter (ONDFJM) mean wind CF in each compo-
nent of the ECEM and C3S-Energy datasets. Colours scale indicate one 
standard deviation. Figure S6: As Figure S5 but for solar CF. Figure 
S7: As Figure S5 but for DF days. Figure S8: As Figure S5 but for DF 
events. 
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