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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.5

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 ERA5 reanalysis, and the added value of the model initialization is estimated by10

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-15

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 a20

growing fraction of total electricity generation (Agency, 2022). Continued policy support and decarbonisation targets are ex-

pected to further accelerate this expansion in the coming decades (IEA, 2024). Renewable energy production depends strongly

on variations in key climate variables such as near-surface air temperature, solar radiation or surface wind speed (Solomon,

2007), and ambitious deployment targets across Europe further highlight the need for climate-informed planning in the energy
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sector (e.g., Ely et al., 2013; Gonzalez et al., 2019). While long-term climate projections are essential for strategic planning,25

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 variability and climate change (Meehl et al., 2009;

Boer et al., 2016). In the energy sector, such information could support infrastructure development, system resilience, and risk

management decisions (Challinor et al., 2017; Commission, 2020). Despite this potential, the explicit integration of decadal30

climate information into wind and solar 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

indices (Association et al., 2023; Delgado-Torres et al., 2022, 2023; World Meteorological Organization, 2024), and have

also explored the role of statistical downscaling in improving regional skill (Moreno-Montes et al., 2026). In parallel, decadal35

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 limited. Early

assessments have reported regionally dependent skill for decadal predictions of wind-related variables, including near-surface40

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; Lledó et al., 2022; Soret et al., 2026) and with long-term climate projections (Carvalho45

et al., 2021; Hou et al., 2021; Olmo et al., 2026).

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

energy, and we further explore compound indicators that combine information from both sources. Compound events are partic-

ularly relevant because simultaneous deficits in multiple energy resources can exacerbate the risk of energy shortages and stress

the energy system (Zscheischler et al., 2018; Otero et al., 2022). Analyzing each energy source independently allows us to char-50

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

its implications for energy system operations. Previous studies have shown that combining multiple renewable energy sources,

particularly wind and solar, can enhance system robustness by exploiting their temporal and spatial complementarity, and can

support planning and balancing strategies in highly renewable energy systems (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 been recently explored by55

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 planning and

risk management over multi-year timescales.
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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 the60

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.,65

2016) of the Coupled Model Intercomparison Project Phase 6 (CMIP6; Eyring et al., 2016), are used. In addition, to analyze

the impact of initialization, the indicators are computed for the three corresponding CMIP6 non-initialized historical forcing

simulation models. 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 ERA5 reanalysis (Hersbach et al., 2020) dataset is used as the observation-based70

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.75

As sub-daily data are required to compute the wind indicators (Lledó 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 ERA5 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).80

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

3 Methodology

To ensure consistency across datasets, variables from all model simulations are first interpolated to the ERA5 grid (0.25°). To

calculate wind energy indicators, since decadal prediction systems and historical simulations do not provide wind speeds at hub

height, 6h-SFCWIND data from both the reference dataset and the model simulations are converted to wind speeds at 100m85

(6-hWIND). A representative hub height of 100m is assumed for modern wind turbines (Wiser et al., 2023). To estimate hub

height winds from surface winds, a power law is applied (Brower, 2012), using a shear exponent of α = 0.143 (Touma, 1977)

over land and α = 0.11 over water (International Electrotechnical Commission: IEC, 2005), under the assumption of neutral

atmospheric stability.
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In addition, ERA5 wind speeds are adjusted using the Global Wind Atlas (GWA) to better represent long-term mean con-90

ditions at hub height. Figure S1 shows the climatological ratio between ERA5 and GWA mean 6-hWIND over 1961–2019,

which is applied as a pointwise correction to the ERA5 data. This ensures a more realistic representation of wind resources

while preserving the temporal variability from ERA5 (Lledó et al., 2022).

After interpolation and wind-specific corrections, all decadal predictions and historical simulations are calibrated against

ERA5 using Empirical Quantile Mapping (EQM; Panofsky and Brier, 1958). EQM maps the quantiles (percentiles) of the95

modelled data to the observed ones without assuming any underlying distribution and then it corrects the model biases. Cal-

ibration is performed per forecast year and member for decadal predictions, and per calendar year and member for historical

simulations. In both cases, a 30-day moving window centered on the target date is applied to remove short-term fluctuations

and preserve seasonality while ensuring a sufficient sample size. A leave-one-year-out cross-validation is used to prevent over-

fitting and artificial skill inflation (Elsner and Schmertmann, 1994). For 6-hWIND, the calibration is performed separately for100

each time of the day, since wind distributions differ markedly across the diurnal cycle (Kalverla et al., 2019; Weide Luiz and

Fiedler, 2022).

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 of105

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 ERA5 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 metric110

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.115

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 (Müller et al., 2019; Bett and Thornton, 2016).

WCF 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 IEC 61400-1 are shown in Figure S2. In this study IEC Class I turbine is120

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-
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daily data better preserves variability and yields more accurate WCF estimates (Lledó et al., 2022). WCF is derived using the

R-based CSIndicators package (Pérez-Zanón et al., 2023).125

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 equivalent130

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

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).135

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

between cut-in (2 ms−1) and cut-out (25 ms−1) 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 are140

counted when wind speeds exceed this value while remaining below cut-out. To ensure consistency with solar indicators, 6-

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 energy145

source (solar-Neff and wind-Neff) and for both (both-Neff) are calculated.

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 ERA5 time series. Subsequently, multi-model ensembles are constructed for decadal predictions (DCPP) and historical150

simulations (HIST) following the multi-model mean approach (Delgado-Torres et al., 2022).

The performance of the DCPP is evaluated against the ERA5 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 residual155

correlation (ResCorr; Smith et al., 2019) between the DCPP and ERA5 is calculated relative to the HIST. Positive values of

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

simulations.

5

https://doi.org/10.5194/egusphere-2026-1205
Preprint. Discussion started: 11 March 2026
c© Author(s) 2026. CC BY 4.0 License.



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 time160

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. 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.165

4 Results and discussion

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

between the DCPP of the indicator and ERA5 and the ResCorr between the DCPP and ERA5 relative to HIST are shown for

the annual mean and individual seasons. The annual means provide an integrated measure of performance and reduce high-

frequency variability, helping to highlight low-frequency signals relevant at decadal timescales. This information is usually170

required by energy stakeholders for planning the year ahead. Seasonal means allow the identification of season-dependent

predictability which can be relevant for energy deployment. The ACC between the DCPP of the variables used to calculate the

indicators (RSDS, TAS and SFCWIND) and ERA5 are presented in Figure S5.

4.1 Photovoltaic potential (PVpot)

The climatology of PVpot (S6a–e) shows higher values over southern Europe than at higher latitudes, reflecting the meridional175

gradient in solar irradiance, in line with previous studies (e.g. Šúri et al., 2007; Castillo et al., 2016). The associated interannual

standard deviation is low across the domain (S6f–j), indicating that PVpot variability is small and largely controlled by mean

climatological conditions.

Figure 1a-e shows the ACC between DCPP and ERA5 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,180

except in parts of the UK, southern Europe and Scandinavia. In MAM (Figure 1c), the percentage of significant area is lower

than in the annual mean and JJA, although the skill patterns are similar. This reduction is mainly due to northern Europe and

parts of Iberia, where MAM skill is generally non-significant. 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 (Figure 1e) are

significant in regions along the Atlantic coast and parts of Poland and the Baltic countries. Across all seasons, skill tends to be185

lower in mountainous regions, particularly over the Alps.
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Figure 1. First row: ACC of DCPP of solar PVpot for the annual mean (a) and seasonal means (b–e) for forecast years 1–3.

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

Second row: ResCorr between DCPP and ERA5 relative to the HIST for the annual mean (f) and seasonal means (g–k).

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 ERA5 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.

Although the percentage of significant grid points is slightly lower for PVpot than for its main driver RSDS (Figure S5a-e),

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 and Figure 1a), over parts of central Europe in MAM (Figure S5c and Figure

1c), and over Iberia in SON (Figure S5e and Figure 1e). This loss of skill reflects the fact that PVpot is not only driven by RSDS190

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 S5g), and SFCWIND exhibits weaker and more heterogeneous

skill (Figure S5k–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 variability195

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
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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.200

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.205

The added value of the DCPP relative to the HIST is assessed using the ResCorr (Figure 1f–j), and the ACC between HIST

and ERA5 is shown in Figure S7. In the annual mean (Figure 1f) and JJA (Figure 1i), ResCorr is significantly positive over

large parts of the domain, indicating that model initialization enhances PVpot skill relative to historical simulations. In these

seasons, HIST skill is already generally high (Figure S7a,d), so initialization mainly amplifies existing positive skill. In DJF

(Figure 1g), ResCorr exhibits localized negative values, indicating reduced skill in some regions. On the other hand, DCPP skill210

(Figure 1b) is lower than HIST skill (Figure S7b) in areas such as southern Iberia or the Alps. During the transition seasons,

MAM and SON (Figure 1h,j), positive ResCorr values appear only in specific regions, mainly over eastern Europe and parts

of the Atlantic coast for MAM and over northern Atlantic regions for SON, again corresponding to areas where HIST already

exhibits positive skill (Figure S7c,e). Overall, initialization mainly enhances PVpot skill where historical simulations already

exhibit predictability.215

Figure 2 summarizes the regional behaviour of PVpot long-term trends across the seven European sub-regions (Figure S2),

showing ERA5 trends (a), DCPP trends (b), their correlations (c), and their ResCorr respect the HIST (d) for the annual

mean and each season. For Iberia, Western Europe, Mediterranean, Central Europe, and Eastern Europe, at the annual mean

and during MAM and JJA, both datasets show positive significant trends, which are accompanied by significantly positive

correlations. In DJF and SON, ERA5 trends in these regions are often weak or non-significant, while DCPP trends remain220

significantly positive, leading to generally low and non-significant correlations. Some exceptions to this behaviour occur (Iberia

in DJF, Western Europe in SON, and Eastern Europe in SON), where better agreement between trends results in significant

correlations. For Scandinavia and Great Britain and Ireland, trends generally disagree and correlations are low, with a few

exceptions (Scandinavia in the annual mean and SON and Great Britain and Ireland in MAM), although significant correlations

are limited to the the annual mean in Scandinavia and MAM in Great Britain and Ireland. Overall, these results highlight the225

strong link between trend agreement and the skill of decadal predictions.
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Figure 2. PVpot trends derived from ERA5 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 ERA5 and DCPP (c), and the ResCorr between

DCPP and ERA5 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.

PVpot trends follow similar patterns to those from RSDS (Figure S8a-b) for both ERA5 and DCPP, showing again that the

variable is the main driver of the indicator. TAS trends (Figure S8c-d) are significantly positive in all the seasons and regions

for both datasets, which are not aligned with the PVpot values.

ResCorr regional patterns (Figure 2d) show that in regions and seasons where correlations are significantly positive (Figure230

2c), ResCorr values are generally also positive, although they are only significant in JJA for most regions, in Western and

Eastern Europe during MAM, and in Eastern Europe and Scandinavia for the annual mean. This indicates that not all the

skill shown in Figure 2c is explained by the similar trends of ERA5 (Figure 2a) and DCPP (Figure 2b) alone. Initialization

adds additional skill beyond the externally forced signal in these cases. In DJF, ResCorr values are not significant in any

region, indicating that initialization does not add skill beyond what is captured by the HIST. In SON, ResCorr values are235

mostly positive but small, suggesting that initialization provides a limited additional contribution compared to the forced trend.

In summary, when ERA5 and DCPP trends agree, part of the skill is linked to the common trend, but initialization can still
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enhance predictability in all the regions, particularly in JJA. On the other hand, when trends have opposite signs and correlations

are non-significantly positive, ResCorr values are also non-significant.

The strong contribution of long-term trends to significant skill has been identified in several studies for decadal predictions240

(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 explicitly245

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 role of internally generated variability. Together, these two metrics offer a more complete assessment of decadal

prediction performance for energy-relevant indicators.250

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 are255

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 S9 shows the climatology (Figure S9a–e) and interannual standard deviation (Figure S9f–j) of WCF for the annual and260

seasonal means. The climatological patterns follow a distribution of wind resources over Europe, with higher WCF values

over the North 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, WCF exhibits a non-

negligible interannual 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 intrinsically high variability of wind265

and the non-linear turbine power curve, which translates wind fluctuations into larger variations in WCF.

Figure 3a-e shows the ACC of WCF between DCPP and ERA5 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 occurring in JJA (Figure 3d),

followed by the annual mean (Figure 3a) and MAM (Figure 3c). Eastern Europe consistently exhibits higher skill, although the

spatial patterns differ with season. In the annual mean and DJF (Figure 3a-b), there are some points with positive skill values270

over southern Iberia and southern France; the signal over southern France is weakly visible in MAM. In MAM, additionally,
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Figure 3. Same as Figure 1 but for WCF.

northern Germany and northern Poland show areas of significantly positive skill. In JJA, the high skill is present in many parts

of central and eastern Europe and in points of the UK. In SON (Figure 3e), there are significant ACC values only in some

points of Poland and the Baltics. Outside these regions, ACC values are generally low.

The spatial distribution and the percentage of significant grid points for WCF closely resemble those obtained for SFCWIND275

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

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 and280

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) over285

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-
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scale model winds without regional downscaling 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.290

The impact of model initialization on WCF skill is assessed using the ResCorr (Figure 3f–j). For all seasons and the annual

mean, ResCorr exhibits both positive and negative values, indicating that initialization locally enhances skill in some regions

while reducing it in others. For the annual mean and DJF (Figure 3f–g), initialization reduces WCF skill over Scandinavia

and northern Europe, although HIST skill in these regions is already non-significant (Figure S10a–b), and in some parts of

central Europe. The skill reduction may be related to the high interannual variability of WCF in these regions (Figure S9f–g),295

which can make the forecasts more sensitive to initialization errors. By contrast, initialization increases skill in the Atlantic

coast of Iberia and Ireland for the annual mean, where HIST does not show significant skill, and over eastern Europe for the

annual mean and DJF, where HIST does show it. In DJF, although ResCorr values are mostly non-significant over southern

Europe, some regions with significantly positive HIST skill (Figure S10b) lose significance in the DCPP (Figure 3b), leading

to a strong reduction in the overall percentage of significant area. In MAM (Figure 3h), positive ResCorr values are present in300

parts of northern France and Germany, and the DCPP (Figure 3c) has higher skill values than HIST (Figure S10h) over points

of Germany but lower over points of the UK, resulting in a similar percentage of significant points. During JJA (Figure 3i),

initialization increases skill over parts of eastern Europe and central Germany, while reducing it over Iberia, where HIST skill

is already low (Figure S10d), resulting in a higher fraction of significant area for the DCPP than for the HIST. In SON (Figure

3j), ResCorr values remain close to zero and DCPP skill (Figure 3e) largely mirrors that of the HIST (Figure S10e). Overall,305

model initialization affects WCF skill mainly in winter and summer: it leads to a marked reduction of skill in DJF, while it

enhances skill in JJA. In the remaining seasons, initialization has a limited impact and largely preserves the skill already present

in the historical simulations.

Applying the same regionalization used for PVpot, regional trends of WCF differ markedly between ERA5 and the DCPP

(Figure 4a–b). ERA5 shows no uniform behaviour, with both significantly positive and negative trends depending on region310

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-f) for both ERA5 and the DCPP.

Consequently, regional correlations between ERA5 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. Similar315

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 ERA5 and the DCPP (Figure320

4a–b) and the significantly positive correlation in Figure 4c. In addition, ResCorr is significantly positive in Central Europe

in MAM, even though the correlation is not significant and trend agreement is weak, indicating the increase of skill due to
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Figure 4. Same as Figure 2 but for WCF.

the initialization in this case. Other regions show non-significant but positive ResCorr values, suggesting local improvements

due to initialization. In some of these cases, trends agree and correlations are positive (e.g. Western Europe in MAM). In

others, trends have opposite signs and correlations are weak or negative, indicating that the limited skill comes mainly from325

initialization (e.g. Western Europe in JJA; Mediterranean in JJA and SON; Great Britain and Ireland in SON and annual).

Conversely, there are regions where trends have the same sign and correlations are significantly positive, but ResCorr is close

to zero (e.g. Eastern Europe in Annual and SON; Central Europe in JJA and SON). This suggests that most of the skill in

those cases is explained by the externally forced trend rather than by initialization. Taken together, these results show that

initialization can enhance skill in some regions, sometimes reinforcing existing trend agreement and in other cases providing330

additional skill independently of it.

The WCF trends found are consistent with signals reported in previous studies. Using climate projections, Pryor et al.

(2005) have identified slight decreases in wind speed and wind energy density over northern Europe. Similarly, Olmo et al.

(2026), analysing future 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 point335

to a tendency towards declining wind resources that may already be weakly emerging in current conditions. Observational

analyses by Vautard et al. (2010) and Torralba et al. (2017a) have revealed spatially heterogeneous near-surface wind trends
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across Europe, with predominantly negative signals in several regions. 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.340

4.3 Number of energy droughts (NED)

Figure S11 shows the climatology (Figure S11a–e) and interannual standard deviation (Figure S11f–j) of NED for the annual

mean and each season. Overall, NED values are relatively high across Europe, reaching around 50% for the annual mean

(Figure S11a). Seasonal patterns reflect the relative availability of each resource. In DJF and SON (Figure S11b,e), the NED

values are generally high (between 40 and 100% in all the regions) and the highest ones occur particularly in mountainous345

regions (>80%), where low solar-Neff (<5%) (Figure S12b,e) and low wind-Neff (<10%) (Figure S12g,j) are found. Wind-

Neff has values <10% in mountainous regions for all the seasons. In MAM (Figure S11c), higher NED values appear over

parts of central Europe and some mountainous regions, mainly associated with low wind-Neff (Figure S12h), while solar-Neff

(Figure S12c) decreases primarily with latitude. In JJA (Figure S11d), although being low (between 0 and 20%), higher NED

values are largely confined to northern Europe, reflecting the strong latitudinal gradient in solar-Neff (Figure S12d), despite350

generally favourable solar conditions elsewhere. The standard deviation values are particularly high in DJF (Figure S11g) and

over mountainous regions in JJA (Figure S11i). The high standard deviation observed over northern Poland and the Baltics in

almost all seasons closely resembles the patterns found for the WCF standard deviation (Figure S8f–j), highlighting the strong

influence of wind variability on NED.

The relatively high climatological values of the NED indicator mainly reflect the use of fixed, efficiency-based thresholds to355

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 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 ERA5 ensures360

consistent magnitudes, supporting the use of absolute, efficiency-related thresholds to assess compound energy droughts.

Figure 5a-e shows the ACC between the DCPP and ERA5 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) show significant ACC values over regions including parts of eastern Europe and the Atlantic

coast of Iberia; however, MAM displays a slightly higher percentage of significant area, mainly due to additional significance365

over Italy. By contrast, skill is generally limited in DJF (Figure 5b), where significant ACC appears only in small areas of

eastern Europe and Iberia, and in SON (Figure 5e), where skill is confined to parts of eastern Europe and the Baltics.

Figure S13 shows the ACC of the DCPP for solar-Neff (Figure S13a–e), wind-Neff (Figure S13f–j), and both-Neff (Figure

S13k–o). The skill patterns of solar-Neff closely resemble those of solar PVpot (Figure 1a–e), while wind-Neff shows patterns

similar to those of WCF (Figure 3a–e), as expected given that all three indicators reflect energy-production efficiency. By370

contrast, both-Neff exhibits more spatially fragmented skill, with isolated regions of significant values. In solar-Neff and both-
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Figure 5. Same as Figure 1 but for NED.

Neff, some areas appear as missing values because correlations cannot be computed when the indicator remains equal to zero

for all years, and solar energy droughts are expectable when the amount of daily sun hours is low (Figure S13b, e).

The spatial distribution of NED skill generally reflects the combined, but not necessarily simultaneous, contribution of solar-

and wind-Neff predictability. For the annual mean (Figure 5a), significant NED skill over parts of eastern Europe and Iberia375

coincides with regions where both solar-Neff (Figure S13a) and wind-Neff (Figure S13f) are skillful. By contrast, over parts of

the Alps and southeastern region, NED exhibits significant skill despite wind-Neff being non-significant, indicating a dominant

contribution from solar-Neff. In DJF (Figure 5b), NED skill over Iberia and eastern Europe aligns mainly with wind-Neff skill

(Figure S13g). In MAM (Figure 5c), NED skill over southern and southeastern Europe follows the solar-Neff signal, although

NED remains non-significant in many regions where solar-Neff shows skill. In JJA (Figure 5d), the widespread NED skill380

closely follows the solar-Neff pattern (Figure S13d), only showing lower values over parts of Western Europe. Finally, in SON

(Figure 5e), NED skill is confined to parts of Poland and the Baltic region, closely matching the wind-Neff skill pattern (Figure

S13j) and in points of southeastern Europe, which are skillful at solar-Neff (Figure S13e).

Overall, these results may indicate that NED predictability is strongly seasonally modulated by the dominant energy source.

During periods of high solar availability (JJA and, in the southern region, MAM), NED skill is largely driven by solar-Neff,385

whereas in low-radiation seasons (DJF and SON) wind-Neff becomes the main modulator.
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The heterogeneous ResCorr patterns (Figure 5f–j), with both positive and negative values in all seasons, indicate that the

impact of initialization on this indicator varies across seasons and regions. In the annual mean (Figure 5f), positive ResCorr

values appear along the Atlantic coast of Iberia and in parts of eastern Europe, while negative values dominate along the rest

of the Atlantic coast. Although the DCPP skill pattern (Figure 5a) resembles that of the HIST (Figure S14a) and ResCorr is390

not significant there, the skill of DCPP is lower than that of HIST in eastern Iberia and over a large part of Italy, as well as in

the fraction of significant grid points. In DJF (Figure 5g), ResCorr is positive in parts of eastern and Southwestern Europe but

negative in parts of northern Europe, resulting in a lower skill for DCPP (Figure 5b) than for HIST (Figure S14b). In MAM

(Figure 5h), initialization enhances skill over parts of southern and eastern Europe while reducing it over Iberia, leading to

a modest improvement of DCPP skill relative to HIST (Figure 5c vs Figure S14c). During JJA (Figure 5i), positive ResCorr395

values extend across large areas of central and southern Europe, and DCPP shows clearly higher skill than HIST (Figure

5d vs Figure S14d). By contrast, in SON (Figure 5j), ResCorr is predominantly negative with only isolated positive values,

resulting in a lower fraction of significant skill in DCPP (Figure 5e) compared to HIST (Figure S14e). For this indicator,

initialization generally increases predictability under conditions of higher sunshine duration (JJA and MAM) and reduces it

under the opposite conditions (DJF and SON).400

Figure 6 shows the regional trends of NED for ERA5 (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, ERA5 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 6c). A similar behaviour

is found for the annual mean and MAM in Iberia, Western Europe and Mediterranean. In addition, there are cases where both405

ERA5 and DCPP show significantly positive trends, leading to positive, though non-significant, correlations, such as in DJF

for Iberia, in SON for Central Europe, and in DJF and SON for Eastern Europe. In the remaining regions and seasons, ERA5

and DCPP trends generally differ in sign, typically negative in ERA5 and positive in the DCPP, resulting in correlations that

are weak or negative. Overall, these results again underline the importance of consistently reproducing the trend for obtaining

high correlation values.410

ResCorr (Figure 6d) partly mirrors the correlation patterns shown in Figure 6c. Regions and seasons with significantly

positive ResCorr values (notably Iberia, Mediterranean, Central and Eastern Europe in JJA; and more weakly Iberia in DJF,

Mediterranean in MAM, and Eastern Europe in SON) 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. Iberia415

in MAM and Annual; Mediterranean in Annual). In these situations, the agreement in trends between ERA5 and the DCPP

explains most of the skill, while initialization adds little or even decreases predictive value.

NED variability is largely controlled by the energy source that dominates effective production in each season: wind in DJF

and SON, and solar in JJA and, secondarily, in MAM. As a result, NED trends in DJF and SON tend to be anticorrelated with

WCF trends (Figure 4). In the DCPP, WCF trends are consistently negative across regions, while NED trends are generally420

positive, leading to opposite signs. In ERA5, WCF trends are more heterogeneous, and this spatial variability is reflected in the
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Figure 6. Same as Figure 2 but for NED.

NED trends; for example, positive WCF trends in DJF over Scandinavia and Great Britain and Ireland and negative trends over

Iberia correspond to opposite-sign trends in NED. A similar, though weaker, relationship is found between NED and PVpot in

JJA and in southern regions during MAM. In these cases, positive trends in PVpot (Figure 2) for both ERA5 and the DCPP are

associated with generally negative NED trends, particularly in JJA and in southern regions during MAM. This link is clearer425

in ERA5 and less pronounced in DCPP.

The negative NED trends identified in ERA5 for the recent past are consistent with the ERA5-based analysis of (Meng et al.,

2025), which have reported a decrease in the frequency of renewable energy droughts under present-day conditions, despite

differences in indicator definition. Additionally, DCPP trends show seasonal patterns that broadly resemble the future evolution

of hybrid energy droughts projected by (Kapica et al., 2024), particularly in DJF and SON. Although their results refer to future430

climate scenarios and are based on a different definition of compound events, the similarities suggest that some of the changes

projected for the future may already be emerging in the decadal predictions analyzed here.
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5 Conclusions

The renewable energy sector is strongly influenced by variability and long-term changes in key climate variables such as

temperature, solar radiation and wind speed. However, the intermediate timescale of the coming years remains comparatively435

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.

This study evaluates the predictive skill of a multi-model 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 ERA5, and the impact of model440

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

SON. This strong seasonal dependence indicates that PVpot predictability is highest during periods of higher and persistent445

solar radiation, while such predictability is more limited under weaker and more variable radiative conditions. The spatial 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 clearly improves skill in the annual mean and in JJA, mainly by enhancing already positive skill values of the450

multi-model of historical simulations (HIST). In DJF and SON, the added value of initialization is limited and spatially hetero-

geneous, with localized improvements and degradations. Overall, initialization tends to amplify existing PVpot predictability

in HIST.

WCF 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 across455

seasons, while other regions show skill only seasonally: central Europe in JJA, southern Europe in DJF, and northern Europe

in MAM and SON. The spatial distribution of WCF skill closely mirrors that of SFCWIND, confirming wind variability as the

primary control on WCF predictability.

Initialization tends to enhance skill in summer and reduce it in winter, while its impact is generally small in the transition

seasons. As for PVpot, initialization mainly improves skill where historical simulations already show some skill. The overall460

low skill for WCF is partly associated with opposite trend signs between ERA5 and the DCPP in many regions and seasons.

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-linear nature of compound465

energy droughts and the importance of interactions between resources.
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Seasonal differences in NED skill reflect the dominant energy source. During high-radiation periods (JJA and partly MAM),

NED predictability is mainly driven by solar-Neff, whereas during low-radiation seasons (DJF and SON) wind-Neff becomes

the main contributor. The impact of initialization on NED follows this seasonal dependence, enhancing skill when the dominant

source is more predictable and reducing it otherwise. These results show that energy-relevant indicators derived from decadal470

predictions can provide actionable information to anticipate energy droughts. However, predictability is strongly dependent

on season, region and indicator. Initialization generally enhances skill where some degree of predictability already exists but

rarely creates new skill when historical simulations do not have it.

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

analysing results at the regional scale, this study advances beyond variable-based assessments and provides a more application-475

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.

Several limitations should be noted. ERA5 is the only reference dataset used, and reanalysis uncertainties, especially for

wind, may affect skill estimates. However, ERA5 has been identified as the best reanalysis for wind (Ramon et al., 2019) and480

Global Wind Atlas has been used to correct it for a more accurate representation. Secondly, fixed, efficiency-based thresholds,

although operationally motivated, may limit sensitivity and transferability across regions or technologies. Besides, temporal ag-

gregation 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 represen-

tative under non-neutral atmospheric conditions, which could affect the reliability of local-scale decadal predictions. Finally,485

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 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 limits),

compare results using alternative reanalyses or observation-based datasets. The framework could also be extended to include490

electricity demand, which would allow a more comprehensive assessment of supply–demand imbalances and increase the

relevance of the indicators for system operators and energy planners. In addition, hybrid approaches that combine percentile-

based metrics with physically motivated thresholds may help balance climatological comparability and operational relevance

when assessing compound renewable-energy risks.
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