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Abstract. Renewable energy production is strongly influenced by climate variability and change, making the energy sector
sensitive to fluctuations on decadal timescales. Decadal climate predictions, which aim to forecast climate variability over the
next few years, therefore offer potential value for anticipating near-term changes in wind and solar resources and supporting
climate-informed energy planning. However, the predictive skill of decadal forecasts for energy-relevant indicators remains
poorly quantified, which is crucial to know the potential usability of any forecast product.

This study evaluates the skill of decadal climate predictions over Europe for forecast years 1-3 using a multi-model en-
semble from the Coupled Model Intercomparison Project Phase 6 (CMIP6) Decadal Climate Prediction Project (DCPP). We
assess three energy-relevant indicators: photovoltaic potential (PVpot), wind capacity factor (WCF), and a compound indicator
describing the number of energy drought days (NED), defined as days with inefficient production from both wind and solar
resources. The skill is evaluated against the ERAS reanalysis, and the added value of the model initialization is estimated by
comparing the decadal predictions against the non-initialized historical forcing simulations. PVpot exhibits the highest and
most spatially homogeneous skill for annual, spring and summer aggregations, closely reflecting the high predictability of
surface solar radiation. WCF shows low and spatially heterogeneous skill, consistent with the high intrinsic variability of wind.
The compound NED indicator displays strong seasonal dependence: its predictability is largely controlled by solar conditions
in high-radiation seasons and by wind in winter and autumn. Model initialization generally provides added value where his-
torical simulations already show some skill, especially for PVpot, while its impact is lower for WCF. This work shows the
specific seasons, regions and energy indicators for which decadal predictions can provide actionable climate information to

support renewable energy applications.

1 Introduction

The renewable energy sector has gained increasing importance in Europe in recent years, with wind and solar representing a
growing fraction of total electricity generation (European Environment Agency, 2022). Continued policy support and decar-
bonisation targets are expected to further accelerate this expansion in the coming decades (International Energy Agency, 2024).
Renewable energy production depends strongly on variations in key climate variables such as near-surface air temperature, so-

lar radiation or surface wind speed (Solomon, 2007), and ambitious deployment targets across Europe further highlight the need
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for climate-informed planning in the energy sector (e.g., Ely et al., 2013; Gonzalez et al., 2019). While long-term climate pro-
jections are essential for strategic planning, and short-term forecasts support daily operations, the intermediate horizon of next
years remains comparatively underexploited (Smith et al., 2019). Decadal climate predictions, which bridge the gap between
seasonal forecasts and long-term projections, are emerging as a valuable tool for sectors that must adapt to both climate vari-
ability and climate change (Meehl et al., 2009; Boer et al., 2016). In the energy sector, such information could support infras-
tructure development, system resilience, and risk management decisions ath al : ¢ tSSion;

(Buropean Commission, 2020). Despite this potential, the explicit integration of decadal climate information into wind and so-

lar energy assessments remains limited, highlighting a gap between advances in decadal prediction science and their application

in the renewable energy sector.
Previous studies have evaluated the forecast skill of decadal prediction systems for essential climate variables and extreme in-

dices {Ass

, and have also explored the role of statistical downscaling in improving regional skill (Moreno-Montes et al., 2026). In paral-
lel, decadal forecasts have been applied to sector-specific climate services, including agriculture (Solaraju-Murali et al., 2022;
Delgado-Torres et al., 2025), water management (Paxian et al., 2022), marine fisheries (Payne et al., 2022), and hydropower
(Tsartsali et al., 2023), as well as multi-sector studies demonstrating the application of decadal predictions (Dunstone et al.,
2022; Done et al., 2021). However, research on decadal climate services explicitly focused on the energy sector remains lim-
ited. Early assessments have reported regionally dependent skill for decadal predictions of wind-related variables, including
near-surface wind speed and wind energy output, with skill often enhanced through downscaling approaches (Haas et al., 2015;
Moemken et al., 2016). More recent work has highlighted relatively high skill for surface solar radiation, while wind speed
skill remains generally low over Europe (Hutchins et al., 2025). By comparison, climate services for the energy sector have
been more extensively explored at sub-seasonal to seasonal timescales (Clark et al., 2017; Torralba et al., 2017b; Bloomfield
et al., 2021; Bett et al., 2022; Cionni et al., 2022; Lledo et al., 2022; Soret et al., 2026) and with long-term climate projections

In this study, we assess the skill of decadal predictions for energy-relevant indicators derived separately for solar and wind

energy over forecast years 1-3, and we further explore compound indicators that combine information from both sources.

This 3-year forecast period is
articularly relevant for short- to medium-term ener lanning applications, including maintenance scheduling, estimation of
expected renewable ener: roduction, and management of seasonal energy mixes. Both annual and seasonal indicators are

considered: annual means highlight low-frequency signals relevant for year-ahead planning, while seasonal means allow the
identification of season-dependent predictability. Analyzing each energy source independently allows us to characterize source-

specific predictability, while the combined indicators capture the co-variability of wind and solar resources and its implications

for energy system operations. Compound events are particularly relevant because simultaneous deficits in multiple ener

resources can exacerbate the risk of energy shortages and stress the energy system (Zscheischler et al., 2018; Otero et al., 2022

. Previous studies have shown that combining multiple-renewable-energy-sourees;partieutarty-wind and solar s-resources can

(Delgado-Torres et al., 2022,
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enhance system robustness by-exploiting-through their temporal and spatial complementarity s-and-can-suppert-planning-and
s-(Heide et al., 2010; Monforti et al., 2014; Jerez et al., 2019; Kapica

et al., 2024). Decadal predictions of compound hot-dry extreme events have beenreeentlyrecently been explored by Aranyossy
et al. (2025). However, to the best of our knowledge, an assessment of the forecast quality of decadal predictions for compound
power indicators remains lacking, limiting the understanding of their utility for energy systems-system planning and risk
management over multi-year timescales.

This study is organized as follows. Section 2 describes the datasets used to compute the indicators including observation-
based reference datasets, decadal predictions and historical simulations. Section 3 presents the methodology to compute the
solar- and wind-based indicators, and compound indicators. Section 4 presents the results together with the discussion and a
comparison with previous studies. Finally, Section 5 summarizes the main findings, discussing their implications and suggest-

ing directions for future research.

2 Data

In this study, five different decadal forecast systems contributing to the Decadal Climate Prediction Project (DCPP; Boer
et al., 2016) of the Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016), are used. These forecast
systems are the EC-Earth3 (with three different initialization strategies), IPSL-CM6A-LR and MPI-ESM1.2-HR. In addition,

to analyze the impact of initialization, the indicators are computed for the three corresponding CMIP6 non-initialized historical
forcing simulation models (7 EC-Earth3 members, 11 IPSL-CM6A-LR members, and 2 MPI-ESM1.2-HR members). The main
characteristics of the DCPP forecast systems and the historical simulation models, including ensemble size, spatial resolutions,
initialization months (for the DCPP-A), and references, are detailed in Table S1 of the Supplementary Material. Additionally,
the ERAS reanalysis (Hersbach et al., 2020) dataset is used as the observation-based reference. This observational reference
has been selected taking into account its temporal and spatial coverage and because it is widely used by the energy community
(Ramon et al., 2024).

Depending on the energy source, different temporal resolutions and variables are used. For solar energy indicators, daily
values of surface downwelling shortwave radiation (RSDS), near-surface air temperature (TAS), and surface wind speed
(SFCWIND) are employed. For wind energy indicators, instantaneous 6-hourly surface wind (6h-SFCWIND) data are used.
As sub-daily data are required to compute the wind indicators (Lledé et al., 2022), the number of available models is reduced.

Start dates from 1960 to 2016 are used for decadal predictions, focusing the analysis on forecast years 1-3. Therefore, to
match the period, we use the ERAS data, as well as the historical forcing simulations concatenated with the scenario ssp245
(O’Neill et al., 2016), during 1961-2019. Historical simulations provide data until 2014, and ssp245 is used for the rest of the
years (2015-2019).

The analysis focuses on Europe, defined by the spatial domain spanning longitudes 30°W-12°E and latitudes 35°N—-65°N.
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3 Methodology

rovide information at a
spatial scale relevant for regional applications, a statistical downscaling approach is applied to model simulations to increase
the horizontal resolution, bringing them to the ERAS grld (0.25°). Fo-caleulate-wind-energy-indicators;sinee-decadal predietion

This downscaling procedure consists of a
ing (EQM), described below. This method is

combination of spatial interpolation and calibration using Empirical Quantile Ma

adopted, as previous studies have shown that more complex downscaling techniques often provide limited added value in terms
2018); Gutiérrez et al. (2019

of predictive skill compared to simpler approaches (e.g., Manzanas et al. ; Moreno-Montes et al.

while minimising the risk of introducing artificial skill. To assess the sensitivity of the results to the spatial resolution used for

the analysis, all indicators and skill metrics are additionally computed on the native spatial resolution of the coarsest prediction
system considered (IPSL-CM6A-LR: 2.5° x 1.25°).

After interpolation and before calibration, wind energy indicators are derived from 6h-SFCWIND data—fromboth—the
reference-dataset-and-the-model-stmutations-are-data converted to wind speeds at +66m-100 m (6-hWIND). A representa-

tive hub height of 100m-100 m is assumed for modern wind turbines (Wiser et al., 2023). To estimate hub-height-hub-height
winds from surface winds, a power law is applied (Brower, 2012), using a shear exponent of o = 0.143 (Touma, 1977) over
land and o = 0.11 over water (Hsu et al., 1994), under the assumption of neutral atmospheric stability.

In addition, ERAS5 wind speeds are adjusted using the Global Wind Atlas (GWA) to better represent long-term mean con-
ditions at hub height. Figure S1 shows the climatological ratio between ERAS and GWA mean 6-hWIND over 1961-2019,

which is applied as a peintwise-correction-to-the-multiplicative pointwise correction factor (GWA/ERASdata—This-ensures—a
more-realistic representation-of-wind-reseurees-) to adjust the mean wind speed while preserving the temporal variability frem
of the ERAS5 data (Lledé et al., 2022).

After-interpolation-and-Once wind-specific corrections s-al-have been applied, model outputs are adjusted to the observed
climatology by removing the model mean and replacing it with the corresponding observed mean. These climatologies are
computed over a common reference period (1963-2017), defined by the availability of all forecast years included in this
study (i.e. 1-3) across the selected start dates (1960-2016). To ensure consistency with the cross-validation framework, the
climatological means are estimated excluding the target year being calibrated. This adjustment reduces the impact of model

The adjusted decadal predictions and historical simulations are then calibrated against ERAS using Empirical-Quantite

M&ppmg{EQ%w\QvaPanofsky and Brier, 1958)

and higher-order moments. Calibration is performed independently at each grid point, per forecast year and member for
decadal predictions, and per calendar year and member for historical simulations. In both cases, empirical distributions are

estimated using a 30-day moving window centered on the target date is-applied-to-remove-short-termfluctuations-and-to pre-
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serve seasonality while ensuring a sufficient sample size. A leave-one-year-out cross-validation is used-to-prevent-overfitting

and-applied. For each target year, the climatological adjustment and EQM transfer function are estimated using all other years

in the calibration period. This prevents information from the target year from being used in the calibration and avoids artifi-
cial skill inflation (Elsner and Schmertmann, 1994). For 6-hWIND, the calibration is performed separately for each time of

the day, since wind distributions differ markedly across the diurnal cycle

The calibrated climate variables are then used to compute the energy indicators. All indicators are calculated separately for
each climatological season and for the whole year. We define three indicators: photovoltaic potential (PVpot) for solar energy,
capacity factor for wind energy (WCF), and the Number of Energy Droughts (NED). The intermediate metric Number of
Effective days (Neff) is first computed for each resource and subsequently combined to derive NED. Indicators are computed
for each forecast system and for the ERAS reanalysis, which we use as a reference to assess predictive performance. Results
for wind-related indicators are analyzed over land and over sea-adjacent regions, as both onshore and offshore wind resources
are of practical interest for current and future wind energy deployment.

Following previous studies (Mavromatakis et al., 2010; Jerez et al., 2015), PVpot is computed as a dimensionless metric
that combines RSDS, TAS and SFCWIND to represent the performance of photovoltaic cells under ambient environment. PV
power generation at a specific location is determined by multiplying PVpot with the nominal installed capacity of that loca-
tion. The PVpot is mainly driven by RSDS, with adjustments for TAS, which lowers module efficiency at higher temperatures
(Radziemska, 2003), and SFCWIND, which can partially offset thermal losses through convective cooling. Although the equa-
tion S1 provides as a unitless quantity, in this study they are converted to percentage values to facilitate the visual interpretation.
Even though daily inputs are less precise than hourly due to aggregation, they keep seasonal and annual errors small and avoid
the much larger biases seen with monthly data (Miiller et al., 2019; Bett and Thornton, 2016).

WCEF is defined as the ratio between the energy actually produced and the energy that would be generated if the turbine
operated continuously at its rated power. WCF depends on the turbine’s power curve, which varies by turbine type and site
conditions; the standard power curves defined in-nternational-by the International Electrotechnical Commission (IEC) 61400-1
are shown in Figure S2. In this study IEC Class I turbine is adopted as a common reference, as a sensitivity analysis presented
no notable differences among the skill performance of the different turbines (not shown). Given the high temporal resolution
of turbine power curves and their strong nonlinearity, the use of 6-hourly wind data reduces aggregation bias. Although daily
means are often adequate (MacLeod et al., 2018), sub-daily data better preserves variability and yields more accurate WCF
estimates (Lledo¢ et al., 2022). WCF is derived using the R-based CSIndicators package (Pérez-Zanén et al., 2023).

PVpot and WCF are defined differently, so their absolute values should not be compared across energy sources. To enable a
meaningful cross-resource comparison, Neff is defined as the number of days meeting efficiency-related thresholds, providing
a common performance indicator with direct operational relevance.

For solar energy production, Neff efficiency thresholds are defined using a minimum RSDS and a maximum cell temperature
(Tcell: Chenni et al. (2007)). The RSDS threshold is based on the concept of peak sun hours (PSH), defined as the equivalent

number of hours per day with an irradiance of 1000 Wm~2 (Duffie and Beckman, 1980). A commonly used lower limit for



160 meaningful PV generation is 5 PSH per day, which corresponds to a daily mean RSDS of 208 Wm~2 (Ghosh et al., 2022).
Since higher TAS increases Tcell and reduces PVpot, an upper operating threshold of Tcell =45 °C is applied (see equation S2),
at which the PV module works at 90% of its rated-efficiency and above the threshold it progressively declines PV generation
(Ghosh et al., 2024).

For wind energy, Neff is defined using both operational and performance criteria. Although IEC Class I turbines operate

165 between cut-in (2 ms™—!) and cut-out (25 ms~') wind speeds, winds just above cut-in typically yield little energy production.
Therefore, effectiveness is defined using a minimum threshold of WCF > 25%, which excludes periods of low-efficiency
production and can be associated with economically relevant wind power generation (Boccard, 2009; Kealy et al., 2015). This
threshold is translated into an equivalent minimum wind speed using the turbine power curve, and effective time steps are
counted when wind speeds exceed this value while remaining below cut-out. To ensure consistency with solar indicators, 6-

170 hourly wind data are aggregated to daily values, defining a day as effective when at least 3 of 4 time steps meet the threshold
(Figure S3).

Based on the effective number of days in which any energy source can operate efficiently, we define the combined indicator
NED, which corresponds to the number of days when neither source produces efficiently. Besides, the Neff for each energy
source (solar-Neff and wind-Neff) and-forboth-(both-NefH-are calculated.

175 Once the corresponding indicators are calculated for each forecast year, the forecast years 1-3 are averaged in order to
obtain a mean value over the entire forecast period for each forecast system. To ensure a consistent comparison with decadal
predictions, a rolling mean with a window length equal to the number of forecast years (3) is applied to the historical simulations
and ERAS time series. Subsequently, multi-model ensembles are constructed for decadal predictions (DCPP) and historical
simulations (HIST) following the multi-model mean approach (Delgado-Torres et al., 2022).

180 The performance of the DCPP is evaluated against the ERAS reanalysis using the Anomaly Correlation Coefficient (ACC;
Wilks, 2011. ACC ranges from -1 (perfect inverse correlation) to 1 (perfect correlation). A one-sided t-test is applied to
determine if ACC values differ significantly from zero (Wilks, 2011). Following Storch and Zwiers (1999), the effective number
of degrees of freedom is used to account for autocorrelation in the time series. To assess the impact of initialization, the residual
correlation (ResCorr; Smith et al., 2019) between the DCPP and ERAS is calculated relative to the HIST. Positive values of

185 ResCorr indicate that decadal predictions can capture more observed variability that is not already captured by the historical

simulations.

Since the DCPP and HIST ensembles have different numbers of members, we perform an additional sensitivity analysis to
assess the impact of ensemble size on the estimated added value of initialization. The analysis is applied to the multi-model
mean used throughout the study; therefore, ensemble-size adjustments are performed independently for cach model before

190 constructing the multi-model average. For each forecast system, the same number of DCPP and HIST members is selected,
corresponding to the minimum ensemble size available in both systems (7 for EC-Earth3, 10 for IPSL-CMOA-LR, and 2
for MPI-ESMI.2-HR). For this analysis, the 7 EC-Earth3 decadal prediction members are taken from the three different
initializations for their comparison with the non-initialized EC-Earth3 historical simulations. For each resampling, an equal-member
multi-model ensemble is constructed and used to estimate ResCorr. The procedure is repeated 5000 times, and the sensitivity.
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to ensemble size is quantified as the difference in residual correlation:

AResCorr = Rescorrequal—members - Rescorrfull—ensemble-

The median of the resulting AResCorr distribution is used as the central estimate at each grid point, while the 2.5th and
97.5th percentiles define a 95% bootstrap interval. Regions where this interval does not include zero are considered robustl

sensitive to ensemble size.

Finally, after computing the indicators for each grid point, a regionalization is applied to analyze trends and correlations at the
regional scale. For each sub-region, indicators are first spatially area-weighted averaged to obtain a single representative time
series, from which regional trends, correlations and ResCorr are calculated. This step is motivated by the known contribution
of externally forced trends and low-frequency variability to decadal prediction skill in some variables (e.g. van Oldenborgh

et al., 2012), and allows us to assess how long-term changes influence the estimated predictability. Trends are estimated

using a linear fit, while statistical significance is assessed independently using a modified Mann-Kendall test that accounts for
temporal autocorrelation following Hamed and Rao (1998). Europe is divided in seven sub-regions (Figure S4), following the

regionalization of Priestley et al. (2024): Iberia, Western Europe, Mediterranean, Central Europe, Eastern Europe, Scandinavia,

Great Britain and Ireland.

4 Results and discussion

The results are presented in three separate sections for each indicator: PVpot, WCF, and NED. In—each—seetion;—the-ACC

between-the-DEPP-For each indicator, the climatology and multiannual standard deviation are presented to provide context on

the mean state and variability of the indicator (Figures S5, S10 and S13). The ACC of the indicator between DCPP and ERAS,
the ACC between HIST and ERAS, and the ResCorr between the-DCPP and ERAS relative to HIST are shown for the annual

RAAAAK RAARIANINARARAANSANAN AN

mean and individual seasons.

of the coarsest prediction system are shown in Figures S6, S11 and S15. Additionally, the ACC between DCPP and ERAS
and the regional trends of the variables used to calculate the indicators (RSDS, TAS and SFCWIND) and-ERAS-are shown

assessed through the bootstrap resampling procedure described in Section 2, are presented in Figure-SSFigures S8, S12 and
S17.

4.1 Photovoltaic potential (PVpot)

The climatology of PVpot (S6aS5a—e) shows higher values over southern Europe than at higher latitudes, reflecting the merid-

ional gradient in solar irradiance, in line with previous studies (e.g. Siri et al., 2007; Castillo et al., 2016). The associated
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interanntal-multiannual standard deviation is low across the domain (S6£S5f—j), indicating that PVpot variability is small and
largely controlled by mean climatological conditions.

Figure la-e shows the ACC between DCPP and ERAS of PVpot for the annual mean and each season. The annual mean
(Figure 1a) and JJA (Figure 1d) show the highest fractions of significant area, with positive skill over most of the region, except
in parts of the UK, southern Europe and Scandinavia. In MAM (Figure 1c), the ACC is not significantly positive in northern
Europe and Iberia and the percentage of significant area is lower than in the annual mean and JJA, although the skill patterns

arc similar. e —sodhotom b e e e e e e e e e L s-senerally-non-sienifieant

On the other hand, DJF (Figure 1b) shows the lowest fraction of significant points, with significant skill only over parts of
Iberia and Italy. ACC values during the-SON-season-SON (Figure le) are significant in regions along the Atlantic coast and

parts of Poland and the Baltic countries. Across all seasons, skill tends to be lower in mountainous regions, particularly over
the Alps.

Similar skill patterns are obtained at the coarser resolution (Figure S6a-¢), indicating that the main results are robust to spatial

resolution..

Although the percentage of significant grid points is slightly lower for PVpot than for its main driver RSDS (Figure
S5a-eS7a-¢), both variables show very similar spatial skill patterns. The reduction in PVpot skill relative to RSDS is more
noticeable over southern Europe in the annual mean (Figure S5a-S7a and Figure 1a), over parts of central Europe in MAM
(Figure S5¢-S7¢ and Figure 1c), and over Iberia in SON (Figure S5e-S7e and Figure 1e). This loss of skill reflects the fact that
PVpot is not only driven by RSDS but is also modulated by TAS and, with a smaller contribution, by SFCWIND. While TAS
generally shows high and spatially homogeneous skill across most seasons (except in DJF; Figure S5gS7¢g), and SFCWIND
exhibits weaker and more heterogeneous skill (Figure S5kS7k—o), their combined effect slightly decreases the overall PVpot
predictability compared to RSDS alone.

The seasonal contrast in skill suggests a link with large-scale atmospheric conditions. Skill is higher in JJA and MAM,
when more persistent radiative conditions typically dominate, and lower in DJF and in mountainous regions, when variability
is stronger. However, these relationships are not spatially uniform and should be interpreted cautiously. Besides, the similarity
between the annual and JJA skill patterns reflects the dominant contribution of high-radiation seasons to the annual PVpot
signal. Since PVpot is strongly controlled by RSDS, and solar irradiance peaks during spring and summer, the annual mean
largely integrates the predictability of these seasons. In addition, annual averaging reduces short-term variability and increases

signal-to-noise ratios, resulting in higher predictability and thus higher skill values.
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Figure 1. First row: ACC between DCPP and ERAS for PVpot for the annual mean (a) and seasonal means (b—e) for forecast

ears 1-3. Second row: ACC between HIST and ERAS for the annual mean (f) and seasonal means (g—j). The percentages of

significant grid points are indicated in brackets, and hatched regions denote non-significant correlations. Third row: ResCorr

between DCPP and ERAS relative to HIST for the annual mean (k) and seasonal means (1-0). Percentages indicate the fractions

of significantly positive (red) and significantly negative (blue) values. Positive (negative) ResCorr indicates higher (lower) skill

for DCPP compared to HIST. Correlations are computed against ERAS during the 1961-2019 period, and statistical significance

is assessed using a one-sided t-test at the 95% confidence level, accounting for time-series autocorrelation.
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Few studies have assessed decadal predictability for solar-energy indicators. Hutchins et al. (2025) have reported high sum-
mer skill for RSDS over southern and central Europe, broadly consistent with our results. They have also identified additional
winter predictability using a NAO-based approach, which is not captured when evaluating PVpot from the multi-model ensem-
ble. Focusing on seasonal predictions, Bett et al. (2022) have found higher predictability for RSDS in summer and lower in
winter, in line with the seasonal contrast observed here for decadal predictions.

The ACC between HIST and ERAS is shown in Figure 1f—j and the added value of the DCPP relative to the-HISTis
HIST assessed using the ResCorr (Figure H—j)-and-the ACEbetween HIST-and-ERAS-is shown in Figure S74n-1k—o. HIST
WIMMMMMMWWM

annual mean (Flgure 1f) and JJA (Flgure 1)+

ill. In DJF(Figure—1g); ResCorr-exhibitslocalized
hand, DCPP skill (Figure 1b) is lower than HIST

skill (Flgure S7b1g) in areas such as southern Iber1ae¥+he%¥ps—9ﬂﬁﬁgﬂae—tﬁmﬁﬁeﬁﬁeaseﬁr _In the annual mean (Figure

ositive over large parts of the domain, indicating that model initialization

enhances PVpot skill relative to historical simulations. During MAM and SON (Figure 1h;jm,0), positive ResCorr values
appear-only-in-are restricted to specific regions, mainly over eastern Europe and parts of the Atlantic coast fer-in MAM and

over northern Atlantic regions

conclusions are obtained at the native resolution of the coarsest prediction system (Figure S6f-o), where both the ACC of
HIST and the ResCorr show broadly consistent patterns. Figure S8 shows that the median ResCorr differences obtained when
subsampling the ensembles are generally close to zero and non-significant across Europe. This indicates that the added value

of initialization identified in Figure 1k—o is largely insensitive to the unequal ensemble sizes of the prediction systems.
Figure 2 summarizes the regional behaviour of PVpot long-term trends across the seven European sub-regions (Figure S254),

showing ERAS5 trends (a), DCPP trends (b), their correlations (c), and their ResCorr respeet-the-relative to HIST (d) for the
annual mean and each season. For Iberia, Western Europe, the Mediterranean, Central Europe ;-and Eastern Europe, atERAS
and DCPP generally show positive significant trends in the annual meanand-during-, MAM and JJA, both-datasets-show-pesttive
ﬁgﬂﬁwﬁm&%eﬁ%%e&qwﬁdﬂﬁgﬂﬁ%&ﬁy&%@@g%posﬁive correlations. In BJF-and-SON;ERAS

eorrelations—For-in DJF and SON, when observed trends are small or absent. Scandinavia and Great Britain and Ireland g)illip\i,t\

little skill overall, with significant correlations only in a few cases. ResCorr values are generally positive where correlations are
significant, particularly in JJA and over Western and Eastern Europe during MAM, &eﬂd%—geﬂefaﬂydﬁagfeeaﬂéeeffe%&&eﬂs

10
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Figure 2. PVpot trends derived from ERAS for years 1961-2019 with a three years rolling mean (a) and from the DCPP for the
start dates 1960-2016 for over forecast years 1-3 (b). the correlation between ERAS and DCPP (¢), and the ResCorr between
DCPP and ERAS respect HIST (d) shown for the annual mean and for each season across the seven european sub-regions
(Figure S4). Statistically significant trends and correlations at the 95% confidence level are marked with an asterisk.

and in Eastern Europe and
Scandinavia during annual mean, indicating that initialization contributes additional skill beyond the common trend signal.

Overall, PVpot skill is closely linked to the ability of DCPP to reproduce the observed long-term trends.

PVpot trends follow similar patterns to those from RSDS (Figure S8a-bS9a-b) for both ERAS and DCPP, showing again that

the variable is the main driver of the indicator. TAS trends (Figure S8e-éS9c-d) are significantly positive in all the seasons and

regions for both datasets, which are not aligned with the PVpot values.
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The strong contribution of long-term trends to significant skill has been identified in several studies for decadal predictions

(Meehl et al., 2009; Suckling et al., 2017) and historical simulations (Donat et al., 2023). Some studies have applied approaches
to reduce model drift or systematic errors (Kharin et al., 2012), and others have shown that the skill of TAS is substantially
reduced after removing the forced trend, whereas precipitation skill is less affected (Bellucci et al., 2015; Delgado-Torres et al.,
2022). However, removing the trend may also influence forecast reliability and modify the balance between externally forced
and internally driven variability (Corti et al., 2012; Smith et al., 2012). Rather than adopting a single approach, we explicitly
present both perspectives. The ACC quantifies the total predictive skill, including the contribution from externally forced trends,
which are themselves relevant for decision-making in a climate services context (Donat et al., 2023; Vaughan and Dessai, 2014;
Delgado-Torres et al., 2025). The ResCorr isolates the added value of initialization beyond the historical simulations, providing
insight into the-rele-of-internally-generated-variabilityclimate variations not captured by the historical simulations. Together,
these two metrics offer a more complete assessment of decadal prediction performance for energy-relevant indicators.

The predominantly positive PVpot trends over southern and central Europe are consistent with recent historical analyses.
Segado-Moreno et al. (2026) have reported weak to positive RSDS trends over southern and central Europe when comparing
observations from 1994-2004 and 2004-2023, in line with the patterns found here for the longer period 1961-2019. By
contrast, studies focusing on future climate change suggest different responses, with projected decreases over northern Europe
and weaker or near-neutral changes in the south (Jerez et al., 2015; Hou et al., 2021). Although these future-oriented results are
not directly comparable to the present analysis, they provide context suggesting that the positive PVpot trends identified here
over southern Europe are consistent with behaviours projected to strengthen in the future, whereas the future negative signals

over northern Europe are not yet clearly expressed in the historical record.
4.2 'Wind energy capacity factor (WCF)

Figure $9-S10 shows the climatology (Figure S9aS10a—e) and interannual-multiannual standard deviation (Figure S9£S10f—j)
of WCEF for the annual and seasonal means. The climatological patterns follow a distribution of wind resources over Europe,
with higher WCF values over the Nerth-Atlantic-and-northern Europe and lower values over southern and Mediterranean
regions, together with a clear seasonal cycle (Bett and Thornton, 2016) and higher values offshore than onshore. Unlike PVpot,
WCEF exhibits a non-negligible interannual-multiannual standard deviation, with the largest values (up to 5-6 percentage

points) occurring mainly in DJF and over northern Europe, reflecting stronger year-to-year wind variability. This reflects the
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intrinsically high variability of wind and the non-linear turbine power curve, which translates wind fluctuations into larger
variations in WCFE.

Figure 3a-e shows the ACC of WCF between DCPP and ERAS for the annual mean and each season. Overall, the percentage
of grid points with significant skill is generally-low across Europe, with the highest values eceurring-in JJA (Figure 3d),
followed by the annual mean (Figure 3a) and MAM (Figure 3c). Eastern Europe consistently exhibits higher-high skill, although
the spatial patterns differ-with-seasenvary seasonally. In the annual meanand-B3FE, DJF and MAM (Figure 3a-b);there-are-some

in-MAMa-c), significant positive skill is present over parts of southern France, and over Iberia in DJF. In MAM, additionally;
northern Germany and northern Poland also show areas of significantly-positive-significant skill. In JJA, the-high-skithis-present

skill extends across much of central Europe, whereas in
SON (Figure 3e) there-are-significant ACC-values-onty-in-some-points-it is limited to parts of Poland and the Baltics. Outside
theseregionssACCvalues-aregenerallylewThese regions of significant skill are also present in the coarsest-resolution results

Figure S1la-e).
The spatial distribution and the percentage of significant grid points for WCF closely resemble those obtained for SFCWIND

(Figure S5k-0S9k-0), with only minor higher values for WCF. This similarity is expected as wind speed is the main driver of
WCE

Low predictive skill for wind-related variables is physically expected given the intrinsic characteristics of atmospheric circu-
lation. Climate predictability partly depends on the nature and variability of the variable considered (Alizadeh, 2022). Variables
that are strongly constrained by large-scale energy balances and evolve more slowly, such as TAS and RSDS, tend to be more
predictable (Trenberth et al., 2009). In contrast, variables with higher variability and stronger dependence on regional and
synoptic processes, such as SFCWIND or precipitation (PR), generally exhibit larger uncertainty (Gettelman and Rood, 2016;
Slingo and Palmer, 2011). This behaviour is consistent with previous studies showing comparatively higher skill for decadal
predictions for TAS than for PR (e.g. Smith et al., 2019; Delgado-Torres et al., 2022; Moreno-Montes et al., 2026).

Previous studies have examined the predictability of wind-related indicators for decadal predictions over Europe. Haas et al.
(2015) and Moemken et al. (2016) have reported significant skill for regional peak winds and wind energy output (Eout)
over central Europe, particularly for annual means and short lead times, using a statistical-dynamical downscaling approach
applied to a single model. However, these results are not directly comparable to the present assessment of WCF, which relies

on large-seale-model-winds—withoutregional-dewnsealing-a simpler statistical downscaling approach based on interpolation

and calibration, and on a different wind-energy metric. More recently, Hutchins et al. (2025) have reported limited and spatially
heterogeneous skill for surface wind over Europe, with significant predictability mainly confined to parts of central and eastern
Europe, consistent with the patterns identified here.

The mp:s

impact of initialization is assessed through the ResCorr in Figure 3k—o. HIST exhibits higher skill than DCPP in DJF (Figure
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Figure 3. First row: ACC between DCPP and ERAS for WCF for the annual mean (a) and seasonal

means (b—e) for forecast years 1-3. Second row: ACC between HIST and ERAS5 for the annual mean (f) and seasonal

i). The percentages of significant grid points are indicated in brackets, and hatched regions denote non-significant

correlations. Third row: ResCorr between DCPP and ERAS relative to HIST for the annual mean (k) and seasonal means (1-0).

Percentages indicate the fractions of significantly positive (red) and significantly negative (blue) values. Positive (negative

ResCorr indicates higher (lower) skill for DCPP compared to HIST. Correlations are computed against ERAS during the

1961-2019 period, and statistical significance is assessed using a one-sided t-test at the 95% confidence level, accounting for
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significant-skill-and-particularly over Mediterranian regions. In contrast, HIST shows sligthly lower skill than DCPP in MAM
and JJA (Figure 3h-i). The ResCorr indicates that initialization enhances skill over eastern Europe for-in the annual mean and

simulationsare generally weak and spatially incoherent. Similar conclusions are obtained at the native resolution of the coarsest
rediction system (Figure S11), which shows the same large-scale patterns, supporting the robustness of these results. Figure
S12 further shows that the ResCorr patterns are largely insensitive to ensemble size, with generally small and non-significant

differences across Europe.
Applying the same regionalization used for PVpot, regional trends of WCF differ markedly between ERAS and the DCPP

(Figure 4a-b). ERAS shows no uniform behaviour, with both significantly positive and negative trends depending on region
and season, whereas the DCPP exhibits predominantly significant negative trends across all regions and seasons. WCF trends
follow similar patterns to those of SFCWIND (Figure S8e-£S9e-f) for both ERAS5 and the DCPP.

Consequently, regional correlations between ERAS and the DCPP (Figure 4c) are significantly positive mainly where both
datasets display coherent negative trends. This is most evident in Eastern Europe, with significant correlations for the annual
mean, JJA and SON, and weaker agreement in DJF and MAM, consistent with the regions showing skill in Figure 3. Similar
behaviour appears in Central Europe in JJA and SON, with additional agreement in Western Europe in MAM and weaker in
Iberia in DJF. Elsewhere, differences in trend sign or magnitude lead to weak or negative correlations. Overall, these results
emphasize the key role of trend consistency in explaining regional skill.

ResCorr regional values (Figure 4d) are generally non-significant, with a few isolated exceptions. A significantly positive
ResCorr appears in Eastern Europe in JJA, aligned with the agreement in negative trends between ERAS and the DCPP (Figure
4a-b) and the significantly positive correlation in Figure 4c. In addition, ResCorr is %tgmﬁeaﬂﬁy- Mposnwe in Central
Europe in MAM;-even-th ton tenifi
WWWMMW%W%WWN

sampling variability. Other regions show non-significant but positive ResCorr values, suggesting local improvements due

to initialization. In

trends-have-opposite-signs-and-correlations-are1 Mweak or negative ﬁﬂd&%&ﬂﬂgﬂf&%%h&hmﬁeéskr}keemes—fﬂamly
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Figure 4. Same-as Figure 2-but-for WCF trends derived from ERAS for years 19612019 with a three years rolling mean (a)
and from the DCPP for the start dates 1960-2016 for over forecast years 1-3 (b), the correlation between ERAS and DCPP (¢).
and the ResCorr between DCPP and ERAS respect HIST (d) shown for the annual mean and for each season across the seven
european sub-regions (Figure S4). Statistically significant trends and correlations at the 95% confidence level are marked with

an asterisk.

additional-skillindependently-efitcorrelations, however, they mainly reflect a reduction in negative skill rather than a transition
to meaningful predictive skill.

The WCEF trends found are consistent with signals reported in previous studies. Using elimate-projections; Pryoret-ak(2005)-

Miao et al. (2023) identified negative historical wind speed trends over Europe across a broad CMIP6 ensemble, including the
three CMIP6 models analysed in the present study. Similarly, Olme-et-al-42026)Pryor and Barthelmie (2010), analysing future
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climate scenarios, reported a projected weakening of near-surface winds over Europe, particularly towards the late 21st century.
Although these projections are not directly comparable with the present analysis, they point to a tendency towards declining
wind resources that may already be weakly emerging in current conditions. Observational analyses-by—Vautard-et-al-A2010)-
reported spatially heterogeneous near-surface wind trends across Europe;—with-—predominantlynegative-signals—in-—several
regions—, Our results are broadly consistent in showing negative trends over central and eastern Europe and weak signals
over southern regions. However, differences remain over northern Europe and the British Isles, where these previous studies

reported neutral or negative trends while positive trends are found here, likely due to differences in datasets, periods and
methodologies. Together, these studies, based on different datasets and periods, indicate that declining wind signals have been

reported in both modelling and observational contexts, while also highlighting the substantial uncertainty in the magnitude and

spatial structure of historical wind changes.

4.3 Number of energy droughts (NED)

mountainous—regions—{>80%)—where-tow—multiannual standard deviation of NED, while Figure S14 shows the climatolo
of solar-Neff (Figure S14a-e) and wind-Neff (Figure S14f-j). NED is generally highest in DJF (Figure S13b) and SON (Figure

S13e) and lowest in JJA (Figure S13d), reflecting the strong seasonal cycle of solar-Nefffé%%éF&gt&e—S&%l%e)—m&d—}ew

(Figure-SHe);—. Spatially, higher NED values
assoctated-with-low—-wind-Neff(Figure-S12h);-are found in mountainous regions and, during summer, over northern Europe.
Wind-Neff is consistently low over mountainous areas and largely explains several regional NED features, while solar-Neff

tgh-mainly follows a latitudinal
radient. The largest NED variability occurs in DJF (Flgure SHg}aﬂdrevefmemﬁaiﬂeuﬁegmﬂ&SB ,in central and eastern

vartability-on-NEDS131) and in some regions of northern Europe in SON (Figure S13j).

The relatively high climatological values of the NED indicator mainly reflect the use of fixed, efficiency-based thresholds to

define effective energy production. Previous studies have analyzed compound energy droughts using percentile-based metrics
(e.g. Otero et al., 2022), which characterise relative extremes within each region. Despite these different definitions, the main

seasonal patterns they report of higher drought frequencies in winter over southern Europe and in summer over northern
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regions are broadly consistent with our results. Here, fixed thresholds motivated by operational efficiency are adopted, an
approach used in previous studies like Richardson et al. (2023). In our case, the prior calibration of all climate variables against
ERAS en i

droughtsreduces systematic biases relative to the observational reference, including biases in mean values and variability. This

helps avoid artificial shifts in the frequency of threshold exceedances caused by biases in the raw model data.
Figure 5a-e-a—e shows the ACC between the-DCPP and ERAS5 of NED. The highest fraction of significant ACC values

occurs in JJA (Figure 5d), when most of eastern Europe and parts of central Europe and Iberia exhibit significant skill. The

annual mean (Figure 5a) and MAM (Figure 5c) WHIM%W@WWW
Warts of eastern Europe and the

in-Iberia. In SON (Figure Se), where

skillHs-skill is generally weak and confined to parts of eastern Europe and the Baltics. Overall, the skill patterns are broadl

consistent with those obtained at the coarsest resolution (Figure S15a—¢).
Figure S13-shows-the-ACC-of-the- DEPP-S16 presents the corresponding ACC for solar-Neff (Figure S13aS16a—e) --and

wind-Neff (Figure S13£516f—j);-and-both-Neff-(Figure-S13k—o). The skill patterns of solar-Neff closely resemble those of setar
PVpot (Figure 1a—e), while wind-Neff shows patterns similar to those of WCF (Figure 3a—e);-as-expeeted-given-that-all-three

TFhe-. Consequently, the spatial distribution of NED skill generally-reflects-the-combined;-but-not-necessarily-simultaneous;

reflects the seasonally varying contribution of solar- and wind-Neff-predietabilitywind-related conditions. For the annual mean
(Figure 5a), significant NED skill over parts of eastern Europe and Iberia broadly coincides with regions where both solar-Neff

(Figure S13aS516a) and wind-Neff (Figure

m-S16f) show positive

skill. Over parts of southeastern Europe, including the Carpathian region and Greece, localized NED skill is more consistent
with solar-Neff —In i i i i inty-than with wind-NeffskitHFigure

$13¢). In MAM (Figure 50) NED skill over southern aﬁd—se&fheastem—‘éufep&mm follows the solar-Neff signal,
although NED remains non-significant in sany-several regions where solar-Neff shows skill. Ia-During JJA (Figure 5d), the
widespread NED skill closely feHewsresembles the solar-Neff patterntFigure-S13e);-onlyshowing-, with lower values over
parts of MMW@MWMW&M
SON, as solar-Neff remains close to zero (Figure S14b.e),
WMM&&@MM the wind-Neff skilt-pattern-(Figure
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a) Annual (19.7%) b) DJF (6.4%)
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d) JJA (38.8%)

it 2

DCPP ACC

) Annual (15.6%) i) JJA (24.1%)

HIST ACC

ResCorr

First row: ACC between DCPP and ERAS for NED for the annual mean (a) and seasonal

means (b—e) for forecast years 1-3. Second row: ACC between HIST and ERAS5 for the annual mean (f) and seasonal

Figure 5.

i). The percentages of significant grid points are indicated in brackets, and hatched regions denote non-significant

correlations. Third row: ResCorr between DCPP and ERAS relative to HIST for the annual mean (k) and seasonal means (1-0).

Percentages indicate the fractions of significantly positive (red) and significantly negative (blue) values. Positive (negative

ResCorr indicates higher (lower) skill for DCPP compared to HIST. Correlations are computed against ERAS during the

1961-2019 period, and statistical significance is assessed using a one-sided t-test at the 95% confidence level, accounting for

vD-one (Figure S16g.j). In SON, outside these

H-more consistent
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with wind-Neff beeomes the-main-medutator(Figure S16]). although some contribution from solar-Neff (Figure S16e) is also
apparent.

The heterogeneousResCorrpatternstACC obtained with HIST is shown in Figure 5f—j)-with-both-pesitive-andnegative
values-in-all-seasons;indicate-that, while the impact of initialization en-this-indicator-varies-across-seasons-and-regions—tn-the
mﬂmlm&@m&%%ﬁgum 59&%@&%*‘““11%1““@’

in JJA (Figure 5h

to-a-medest-improvement-of DCPP-skill-relativeto- HIST-1), whereas it has higher skill in DJF (Flgure Sevyﬁgufe—%ﬂé&c—}
Puring-g). JJA (Figure 51)—-g) exhibits widespread positive ResCorr values e*teﬂdaere%lafgeﬂfea%ef—eeﬁtfaland»%et&hem

Seyeompared-to HEST-across central, southern and eastern Europe, consistent with the substantially larger fraction of significant
ACC values in DCPP (Figy

(24.1%). ResCorr values are generally weak and spatially heterogeneous in the rest of the seasons. Similar conclusions are
obtained at the native resolution of the coarsest prediction system (Figure S16f-0), with broadly consistent HIST ACC and
ResCorr patterns. The main exception is DIF (Figure S16g), where HIST exhibits substantially fewer significant ACC values
at the coarser resolution. This suggests that part of the additional skill identified in the high-resolution results during this season
may reflect spatial noise rather than robust large-scale predictability. Figure S17 shows that the ResCorr differences obtained
when subsampling the ensembles are generally close to zero and non-significant across Europe, indicating that the NED results

are largely insensitive to the unequal ensemble sizes of the prediction systems.
Figure 6 shows the regional trends of NED for ERAS (a), for the DCPP (b), the corresponding correlations (c), and the

ResCorr (d) across the seven sub-regions defined above. In some regions and seasons, ERAS and DCPP exhibit similar trends,
while in others they show opposite signs. In JJA, Iberia, Western Europe, Mediterranean, Central and Eastern Europe display
significant negative trends in both datasets, which results in significantly positive correlations (Figure 6¢). A similar behaviour
is found for the annual mean and MAM in Iberia, Western Europe and Mediterranean. In addition;-there-are-eases-where-both

a-the remaining regions and seasons, ERAS

and DCPP trends generally differ in sign, typically negative in ERAS and positive in the DCPP, resulting in correlations that
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Figure 6. Same-as Figure2-but-for NED trends derived from ERAS for years 19612019 with a three years rolling mean ()
and from the DCPP for the start dates 1960-2016 for over forecast years 13 (b), the correlation between ERAS and DCPP (¢),
and the ResCorr between DCPP and ERAS respect HIST (d) shown for the annual mean and for each season across the seven
european sub-regions (Figure S4). Statistically significant trends and correlations at the 95% confidence level are marked with

an asterisk.

are weak or negative.

ResCorr (Figure 6d) partly mirrors the correlation patterns shown in Figure 6¢. Regions and seasons with significantly
positive ResCorr values (notably Iberia, Mediterranean, Central and Eastern Europe in JJA;-and-more-weakly-Iberiain-DIE
Mediterranean-in-M#AM;-) or high but not significant ones (Mediterranean and Eastern Europe in SON)-Annual) generally
correspond to cases where correlations are also significantly positive. This indicates that, in these cases, initialization enhances
skill beyond the externally forced signal already contributing to the correlation. However, there are also cases with significantly
positive correlations but low or negative ResCorr values (e.g. Iberia in MAM and Annual;-Mediterraneanin-Annual). In these
situations, the agreement in trends between ERAS and the DCPP explains most of the skill, while initialization adds little or

even decreases predictive value.
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and-SON;To better understand the contribution of solar-Neff and sotar in-JJA-and; seeondarily, in MAM:-As-aresultowind-Neff

to NED variability and trends, solar-Neff and wind-Neff trends are analysed separately (Figure S18). The results show a clear
seasonal dependence. In JJA, the strong negative NED trends in BH-and-SON-tend-to-be-anticorrelated—with-W-CF-trends

545 B E e e T R T T e e e

550 are primarily associated with marked increases in solar-Neff (Figure S18a-b), while wind-Neff changes are weaker (Figure

S18c-d). In MAM, solar-Neff also drives NED trends in ERAS, although with smaller magnitude, whereas in DCPP this signal
is less clear due to strong negative trends in wind-Neff, In DIF. solar-Neff shows negligible variability over most regions, and
NED trends are therefore directly anticorrelated with wind-Neff. In SON, both components exhibit mixed signals in ERASane
the DCPP-are-associated-with-generally-negative, while in DCPP negative wind-Neff trends tend to dominate, leading to
555 positive NED trends. In the annual means, the strong negative trends in NED trends; particutarly inJA-and insouthern-regions
during-MAM-This-tinkis-elearer-in ERAS and-esspronouneed-in-DEPP-seem to be dominated by positive solar-Neff trends,

while the mixed DCPP signals are influenced by both energy sources.
The negative NED trends identified in ERAS for the recent past are consistent with the ERAS5-based analysis of (Meng-et-al;2025)

Meng et al. (2025), which have reported a decrease in the frequency of renewable energy droughts under present-day condi-
560 tions, despite differences in indicator definition. Additionally, DCPP trends show seasonal-patterns-thatbroadly-resemble-some

qualitative similarities with the future evolution of hybrid-energy droughts projected by (Kapiea-et-al52024)Kapica et al, (2024

, particularly in

-2t MAM and over parts of northern and eastern Europe in DJF. However, Kapica et al. (2024)

565 have used a percentile-based definition of droughts, whereas the NED metric employed here is based on fixed physically
motivated thresholds. The comparison is therefore limited to broad spatial patterns, and important regional differences remain,
particularly in SON.

5 Conclusions

The renewable energy sector is strongly influenced by variability and long-term changes in key climate variables such as
570 temperature, solar radiation and wind speed. However, the intermediate timescale of the coming years remains comparatively
underexplored, and there is a clear need for tailored climate information to bridge the gap between decadal prediction advances

and their application in renewable energy planning.
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This study evaluates the predictive skill of a multi-model ensemble of decadal predictions (DCPP) for energy-relevant
indicators over Europe, focusing on photovoltaic potential (PVpot), wind capacity factor (WCF), and the compound indicator
number of energy droughts (NED) for forecast years 1-3. Skill is assessed using the ACC between the DCPP and ERAS, and
the impact of model initialization is estimated with the ResCorr relative to historical simulations. In addition to grid-point
analyses, sub-regional mean trends and correlations are examined to explore the relationship between long-term changes and
predictive skill.

PVpot shows the highest and most spatially coherent skill among the indicators analyzed. Skill is significantly positive over

large parts of the region at the annual scale and during MAM and JJA, while it is weaker and more spatially limited in DJF and

seasonal patterns of PVpot skill closely follow those of surface downwelling shortwave radiation (RSDS), its main driver.
PVpot skill is slightly lower than RSDS skill because the indicator is also modulated by near-surface air temperature (TAS)
and surface wind speed (SFCWIND), which act as secondary constraints on predictability.

Initialization elearky-improves-enhances PVpot skill in the annual mean and particularly in JJA, mainly by enhancing-already
positive-skill-values-ofthe-strengthening regions that already exhibit skill in multi-model of historical simulations (HIST).

In DJF and SON, the added value of initialization is limited and spatially heterogeneous, with localized improvements and

degradations.

WCEF exhibits lower and more spatially heterogeneous skill than PVpot, reflecting the higher intrinsic variability of wind
and its strong sensitivity to synoptic-scale circulation. Significant skill is consistently found over parts of eastern Europe across
seasons, while other regions show skilt-only-seasonally+weaker and more seasonally dependent skill, including central Europe
in JJA ;seuthernEurepe-in-DIE-and northern Europe in MAM and SON. The spatial distribution of WCEF skill closely mirrors
that of SFCWIND, confirming wind variability as the primary control on WCF predictability.

in JJA over parts of eastern Europe, while in other seasons the impact of initialization is weaker and spatially heterogeneous.
As for PVpot, initialization mainly improves skill where historical simulations already show some skill. The everal-How-skilt
for WEF is partly assoetated-with-oppesite trend signs generally low WCF skill is consistent with the weak agreement between
ERAS and the- DEPP-DCPP trends in many regions and seasons, together with the high intrinsic variability of wind.

The compound indicator NED displays predictability characteristics that reflect the combined influence of solar and wind
resources. NED skill is highest in JJA, followed by the annual mean and MAM, and is generally limited in DJF and SON. NED
predictability does not require simultaneous skill in both components: in some regions it emerges where both solar-Neff and

wind-Neff are predictable, while in others it is dominated by a single source. This highlights the non-linearnatare-of-compound
energy-droughts-and-the-importance of interactions-betweenreseurces—considering the relative contribution of both resources
when assessing compound energy drought predictability.
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contribution of wind and solar components. In JJA, NED predlctablllty is mainly driven by solar-Neff;-whereas-duringlow-radiation

. In DJF, variability over much of Europe is largely driven
610 by wind conditions, while in MAM and SON the relative contribution of both components varies regionally. As a result, the im-
pact of initialization on NED fellews-thisseasonal-dependenceis also seasonally dependent, enhancing skill when the dominant

predietions-ean-energy source is predictable, while providing little added value otherwise. This is consistent with the broader
finding that initialization generally enhances existing predictability rather than creating skill where historical simulations show.
615 none. These results demonstrate the potential of decadal predictions to provide actionable information te-anticipate-energy
WWMW@M@MMM strongly dependent

on season

mmﬁmﬁmﬂﬁm@m

By evaluating compound energy indicators, explicitly separating total skill from the added value of initialization, and

620 analysing results at the regional scale, this study advances beyond variable-based assessments and provides a more application-
oriented understanding of decadal predictability for renewable energy. These findings highlight both the potential and the limi-
tations of decadal predictions for energy-related applications and underscore the need to clearly communicate where and when
such information is reliable. Besides, the main conclusions were robust across spatial resolutions and were largely insensitive
to differences in ensemble size between DCPP and HIST.

625 Several limitations should be noted. ERAS is the only reference dataset used, and reanalysis uncertainties, especially for
wind, may affect skill estimates. However, ERAS has been identified as the-bestreanalysis-for-wind-one of the most reliable
reanalysis datasets for near-surface wind variability, particularly in terms of correlation with observations and representation
of temporal variability at turbine-relevant heights (Ramon et al., 2019) and Global Wind Atlas has been used to correct it
for a more accurate representation. Secondly, fixed, efficiency-based thresholds, although operationally motivated, may limit

630 sensitivity and transferability across regions or technologies. Besides, temporal aggregation choices influence the indicators,
particularly for wind, given the finer temporal resolution of turbine power curves. In addition, the power-law extrapolation
used to estimate 100 m wind speeds assumes neutral stability and may be less representative under non-neutral atmospheric
conditions, which could affect the reliability of local-scale decadal predictions. Finally, the ACC and ResCorr metrics capture
correlation-based skill but do not fully describe other aspects relevant for operational decision-making, such as reliability or

635 the representation of extreme events. Other metrics might be selected depending on the climate forecast products required by
the energy users.

Future work could assess how sensitive the indicators are to the choice of thresholds (e.g. different RSDS or WCF lim-
its), compare results using alternative reanalyses or observation-based datasets. The framework could also be extended to

include electricity demand, which would allow a more comprehensive assessment of supply—demand imbalances and in-

640 crease the relevance of the indicators for system operators and energy planners. {ﬂﬂddﬂr&eﬂ—hybﬂéﬂppfeaehe%—fha%eembme
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relevance—when—assessing-compound-renewable-energy—risksFurthermore, as decadal prediction systems are known to be

affected by signal-to-noise problems (Scaife and Smith, 2018), future studies could further investigate the impact of signal-to-noise

characteristics of the calibrated ensemble or apply correction methods such as the NAO-matching proposed by Smith et al. (2020

645
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