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ABSTRACT 

Climate change is reshaping the environmental conditions of energy systems, increasing the 

need to integrate future climate information into energy modelling frameworks. This work 

presents a systematic, open-source framework for transforming regional climate projections into 

high-resolution, energy-relevant weather data. The pipeline processes EURO-CORDEX 

simulations to produce hourly time series for air temperature, solar irradiance, and wind speed, 

as well as daily precipitation, across Europe under multiple emission scenarios. In particular, it 

applies bias adjustment and temporal disaggregation to all variables except precipitation. A 

comprehensive evaluation against ERA5 is performed to assess dataset quality. Substantial 

biases in the raw projections are significantly reduced, and the resulting data realistically 

reproduce observed climate anomalies and the frequency of critical stress events, such as 

heatwaves and low-wind days. However, solar irradiance peaks are systematically 

underestimated due to temporal disaggregation to hourly resolution. Moreover, precipitation is 

deliberately excluded from bias adjustment, as uniform statistical correction degrades model 

performance. Despite these limitations, the framework provides a reproduceable approach for 

climate-aware energy system analysis, enabling the assessment of climate impacts on 

infrastructure planning and system adequacy. It also establishes a foundation for future work, 

including the integration of updated climate datasets, and the development of advanced 

post-processing techniques to improve the representation of variability and extremes. 
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INTRODUCTION 

The interdependence between climate and energy has intensely grown in recent decades. 

Energy infrastructure is both a major driver of human-driven climate change and one of the 

systems most vulnerable to its impacts. Rising global temperatures, increasing frequency of 

extreme weather events, fluctuating wind, solar irradiance, and precipitation patterns affect 

energy production, transmission, and demand. For instance, photovoltaic power output may 

decline due to temperature-induced reductions in cell efficiency and atmospheric phenomena 

that increase cloud cover [1]. Likewise, wind power generation can be influenced by shifts in 

 
* Corresponding author 

mailto:matteo.buffo@studenti.unipd.it
mailto:andrea.lazzaretto@unipd.it
mailto:andrea.lazzaretto@unipd.it
https://doi.org/10.13044/j.sdsen.d3.0730


Buffo, M., Petrakopoulou, F., et al. 

A Framework for High-Resolution, Climate-Based Energy…  
Year 2026 

Volume 1, Issue 4, 2030730 
 
 

Journal of Sustainable Development of Smart Energy Networks 2 

 

wind circulation patterns [2]. Periods of reduced precipitation may pose a threat to the output of 

hydropower plants and the cooling of thermoelectric facilities, resulting in lower efficiencies 

and disruptions [3]. On the demand side, space conditioning request will follow changing 

environmental conditions. Particularly, in Europe, heating demand is expected to decline in 

northern countries. Under a constant population scenario, this reduction will likely outweigh 

the projected rise in cooling demand in southern regions [4]. In addition, extended periods of 

low wind or solar radiation can cause critical stress in systems with high presence of 

intermittent renewable sources [5]. Thus, understanding how climate change may alter the 

frequency and persistence of such critical events is of fundamental importance, requiring 

access to climate data capable to represent the evolving conditions at scales relevant for energy 

systems. 

The increasing need of high-resolution data, sufficiently reliable and relevant to energy 

applications, has driven the development of tailored datasets, designed to bridge the gap 

between climate science and energy system modelling [6]. As climate trajectories are linked to 

societal transition toward low carbon solutions and sustainable development, climate 

projections are widely used to assess impacts. These projections are generated using numerical 

global circulation models (GCMs), that divide the Earth into progressively smaller grid cells 

and simulate the climatic system by solving large sets of physical equations for the atmosphere, 

oceans, land, and ice, over sequential time steps. GCMs are run using radiative forcing 

trajectories that begin from preindustrial levels, follow observed historical values and are 

extended into the future according to prescribed scenarios of atmospheric greenhouse gas 

(GHG) concentrations, such as the Representative Concentration Pathways (RCPs) [7]. These 

scenarios, developed by the Intergovernmental Panel on Climate Changes (IPCC) [8], 

represent alternative trajectories of radiative forcing to the year 2100, corresponding to a 

specific mitigation ambition. Cumulated GHG concentrations act as a key external driver in 

climate model evolution, as they modify the energy balance of the atmosphere and drive 

temperature responses over time, which in turn interact with the oceans, cryosphere, and the 

other elements of the climate system. Model outputs, which are evaluated through 

intercomparison projects at the international level [9], inevitably contain biases, as they 

attempt to approximate the chaotic and non-linear nature of the climate system. These 

systematic deviations must be identified and, where possible, reduced using statistical 

post-processing methods and reliable historical databases to allow simulated variables to be 

calibrated against actual observations. Another major limitation concerns their spatiotemporal 

resolution, which is typically too coarse for direct use in energy-system applications. Energy 

system models generally require hourly (or sub-hourly) data to accurately represent the 

variability of renewable generation and demand, as well as high spatial resolution to capture 

local meteorological conditions. A third major limitation is the absence, in many climate 

projection databases, of key variables needed for energy applications. For example, wind speed 

is typically provided at 10 m above the ground rather than at turbine hub height, and direct 

normal irradiance (DNI), which is essential for concentrating solar technologies, is often not 

available. 

In recent years, several initiatives have focused on energy-related data of future climate. 

Among these, the Copernicus Climate Change Service (C3S) [10] established a dedicated 

branch, C3S Energy [11], that developed the dataset “Climate and energy indicators for Europe 

from 2005 to 2100 derived from climate projections” [12]. Climate indicators, derived after the 

bias-adjustment of GCM projections, include 2 m air temperature, total precipitation, wind 

speed at 10 m and 100 m, and global horizontal irradiance (GHI). Energy indicators are 

obtained by feeding these climate variables into standard conversion models, supported by 

additional databases and probabilistic methods. The "Climate and energy related variables 

from the Pan-European Climate Database derived from reanalysis and climate projections” 

[13] provides similar outputs, at an enhanced spatiotemporal resolution. This database was 

obtained with statistical interpolation techniques applied to an ensemble of GCMs, 
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transformed from 3-hourly, 1° × 1° cells, to hourly, 0.25° × 0.25° cells, corresponding to 

approximately 30 km × 30 km. While these datasets, both available at the Climate Data Store 

(CDS) [14], represent a major advancement, the former still suffers from insufficient 

spatiotemporal resolution, and the latter relies on statistical interpolation of coarse climate 

information, which does not improve the representation of local features compared with 

physically consistent dynamical downscaling. Other datasets have instead tried to leverage 

climate projections more tailored to local scale applications, such as those developed inside the 

EURO-CORDEX project [15]. They are produced using a regional climate model (RCM) 

coupled to a driving GCM through a dynamical downscaling chain to increase the spatial 

resolution of final output, reaching 0.11° × 0.11°, approximately 12.5 km × 12.5 km. In 

practice, the GCM provides the general atmospheric conditions (wind components, 

temperature, specific humidity, pressure), which drive the higher-resolution RCM, that can 

freely develop detailed internal features at finer resolution. Climate projections generated in 

this way are used, for example, to create the SECURES-Met database [16], which provides 

bias-adjusted and hourly timeseries, aggregated at sub-national or provincial level. This 

database covers key variables such as 2 m air temperature, GHI and DNI, as well as normalized 

power output for wind and hydropower. Thus, it does not provide wind speed at 100 m and 

precipitation; instead it directly supplies end-use indicators, which are influenced by the 

specific underlying assumptions. Statistical temporal disaggregation is applied from daily 

projections to hourly outputs, and consequently limitations in capturing the intraday 

fluctuations of parameters are reported. A further contribution comes from another database 

that is explicitly designed to provide only climate parameters for energy system applications, 

rather than derived energy indicators [17]. This work uses 11 selected high-resolution 

EURO-CORDEX models which provide 3-hourly data to construct sub-ensembles. Focus is 

given on maintaining a low computational effort, a fundamental requirement when dealing 

with many models at high spatial and temporal resolutions. Projections are calibrated using 

reliable historical observations as well, but the temporal resolution remains limited to 3 hours, 

as no temporal disaggregation is applied, and the wind speed is still provided at 10 m. 

Within this landscape, the present study introduces a systematic and computationally viable 

framework for processing high-resolution EURO-CORDEX projections to generate 

energy-relevant timeseries for the European domain that are bias-corrected, hourly, and 

flexibly spatially aggregated. Specifically, the projections are generated by the 

EC-Earth/RACMO model chain [18], [19], which has been identified as representative of a 

broader ensemble of climate models in terms of simulating annual mean temperature 

anomalies under different emission scenarios [16]. Although the use of ensembles of multiple 

climate models is generally recommended to better sample projection uncertainty, this work, 

motivated by an end-user perspective in the energy domain, prioritizes computational 

tractability and the delivery of a practical tool for direct time series application, and therefore 

relies on a single climate model. The dataset generated from this work provides hourly 

timeseries of 2 m air temperature, GHI, DNI, 10 m and 100 m wind speeds, together with daily 

precipitation, at a spatial resolution of up to 12.5 km × 12.5 km, representing the highest 

resolution currently available for downscaled future climate information over Europe. Users 

can select among three RCPs (corresponding to low-, medium-, and high-emission futures), 

enabling quantification of uncertainty associated with alternative long-term climate pathways. 

DNI and 100 m wind speed, which are not directly available in the original dataset, are derived 

through physically based formulations from GHI and 10 m wind speed, respectively. Finally, 

the study evaluates the resulting projected timeseries through comparison with the ERA5 

dataset. The objectives are to assess the performance of the processing chain across the 

examined meteorological variables, identify any location-specific residual biases, evaluate the 

plausibility of simulated climate-change signals, and examine the ability to represent 

energy-relevant extreme events. Overall, the work aims to establish a robust methodological 

basis and provide a practical tool for climate-aware energy system analysis, by integrating 
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climate science, data processing and analytics, and energy system modelling within an 

interdisciplinary approach. 

RESOURCES AND METHODS 

The developed framework accounts for the weather variables with the greatest influence on 

energy supply and demand, while also considering their availability in major climate datasets. 

Surface air temperature is important for characterising the electricity demand driven by space 

conditioning in both summer and winter. It also affects the temperature of photovoltaic 

modules and the cooling water in thermoelectric power plants, thereby influencing their 

respective efficiencies [20], [21]. Global and direct solar irradiance determine the potential 

yield of photovoltaic and concentrating solar technologies, respectively. Wind speed 

determines the output of wind turbines through its cubic relationship with mechanical power. 

Finally, precipitation serves as a useful indicator for evaluating water availability in basins, 

which is needed for hydropower generation and for cooling in thermoelectric plants. 

For the vertical extrapolation of wind speed at 100 m, for which only data at 10 m are 

available in the EURO-CORDEX projections database, a frequently used approximation of the 

logarithmic profile is adopted: 

 
𝑣(𝑧)

𝑣(𝑧0)
=  (

𝑧

𝑧0
)

𝛼

 
(1) 

 

where, 𝑣(𝑧) is the wind speed at height 𝑧, 𝑣(𝑧0) the reference speed at height 𝑧0 (here 10 m) 

and 𝛼 an exponent accounting for the surface roughness effects. 

To enhance accuracy, rather than adopting a spatially uniform 𝛼, this work constructs a 

uniform database, sampled on the projection model grid, using data from the Global Wind 

Atlas [22]. 

DNI is generated from GHI through the Erbs separation model [23] implemented with the 

“pvlib” Python library [24]: 

 

DNI =  
GHI − DHI

𝑐𝑜𝑠 𝜃𝑧
 (2) 

 

where, DHI is the diffuse horizontal irradiance, estimated using an empirical relationship that 

depends on the ratio of GHI to extraterrestrial irradiance, and 𝜃𝑧  is the solar zenith angle 

computed for each grid cell and time step. 

Under near-horizontal sun conditions, DNI is set to zero to avoid numerical instabilities. 

Because variable derivation can introduce additional processing biases or amplify existing 

model errors, all derived variables are computed prior to statistical bias correction. This 

approach ensures that the correction targets the total bias affecting the final variable of interest. 

The statistical bias correction uses the ERA5 reanalysis as a reference dataset [25]. ERA5 is 

a uniform-grid, high-resolution product generated by assimilating a large volume of 

observations into a numerical prediction system. Owing to its consistency and quality, it is 

widely used across multiple applications, including the energy sector [26], [27]. Within ERA5, 

wind speed at 100 m is directly available, while DNI can be derived from the field “Total sky 

direct solar radiation at surface”, which represents the direct component on the horizontal plane, 

and corresponds to the term “GHI − DHI” in eq. (2). 

Figure 1 shows the process to transform raw climate projections into bias-adjusted and 

hourly time series. The workflow is designed to produce datasets that are physically consistent 

and directly usable in energy system models while maintaining manageable computational 

requirements. Users can choose the desired RCP scenario (RCP 2.6, 4.5 or 8.5, corresponding 

to low-, medium- and high-emission pathways, respectively), the year (from 2006 to 2100), the 
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spatial area and the aggregation factor if a coarser resolution is needed. Climate projections are 

remotely retrieved from the CDS in NetCDF format, a commonly used format in the climate 

science field for storing multi-dimensional data. They are originally arranged on a rotated-pole 

grid. To enable comparison with ERA5 and facilitate their use in standard energy models, an 

initial re-gridding to a regular latitude-longitude grid is performed using the Python package 

“xESMF” [28]. This step restricts the spatial domain to 27° N and 70° N latitude, 12° W and 

36° E longitude, as missing data near the boundaries could otherwise introduce larger 

mismatches during subsequent processing. 

 

 

Figure 1. General data processing workflow 

To quantify the systematic model biases targeted by the bias adjustment procedure, the 

historical simulation produced by the EC-Earth GCM and RACMO RCM chain is compared 

with the ERA5 reanalysis for winter and summer over the calibration period (1991–2005), after 

harmonizing their spatial and temporal resolutions (0.25° × 0.25°, 3-hourly, except for 

precipitation which is daily). At each grid cell p, bias is quantified as the mean difference 

between model and reference over the calibration period: 

 

𝐵ias(𝑝) =  
1

N
∑(𝑀𝑛(𝑝) − 𝑅𝑛(𝑝))

N

𝑛=1

 
(3) 

 

where, 𝑀𝑛 and 𝑅𝑛 are the model and ERA5 reanalysis values at time index 𝑛, respectively, and 

N is the total number of samples. 

The same calibration period is used for the subsequent adjustment, enabling a more robust 

treatment of short-term variability and internal climate variability. Figure 2 shows the 

resulting mean bias for the relevant parameters. The most notable failures include a widespread 

cold bias in temperature, a marked overestimation of wind speed, further amplified by the 

extrapolation from 10 to 100 m, and the errors introduced by the derivation of DNI from GHI. 

Precipitation shows both localized positive and negative biases, strongly influenced by 

complex terrain and coastal regions. The resulting bias patterns are consistent with those 

reported by climate model developers [18], [19] and previous assessment studies [29]. 
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Figure 2. Mean bias of the relevant parameters over the period 1991-2005. For each parameter,  

the left panel shows winter (December, January, February) and  

the right panel shows summer (June, July, August) 

Given the importance of preserving the climate change signal inherent in the projections 

[30], the bias adjustment strategy adopts the Quantile Delta Mapping (QDM) approach [31]. 

QDM operates in two key steps to correct the full statistical distribution of a variable while 

preserving the relative climate change signal between historical and future periods: 

1. Historical calibration: a transfer function maps the quantiles of the historical model 

simulation to the corresponding quantiles of the historical reference (ERA5) data. This 

function corrects the model’s statistical distribution (e.g., its mean, variance, and 

extremes) to match the observations, for the calibration period; 

2. Future projection adjustment: before applying the historical calibration transfer function 

to the future projections, QDM calculates the relative change (delta) between the future 

and the historical model values at the same quantile, that is re-applied after the 

calibration. 

Therefore, while the systematic bias is corrected, the simulated climate change is retained. 

The key underlying assumption is that the bias is stationary over time for each quantile. 

Mathematically, denoting 𝐹m,c and 𝐹o,c as the cumulative distribution functions (CDFs) of the 

historical raw model simulations and the ERA5 reanalysis, respectively, during the calibration 

period, and 𝐹m,f as the CDF of the future raw projections 𝑥m,f, the corrected time series can be 

written as: 

 

𝑥corr = 𝑥m,f + [𝐹o,c
−1(𝐹m,f(𝑥m,f)) − 𝐹m,c

−1(𝐹m,f(𝑥m,f))] (4) 

 

for additive variables (e.g., temperature); 
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𝑥corr = 𝑥m,f ×
𝐹o,c

−1(𝐹m,f(𝑥m,f))

𝐹m,c
−1(𝐹m,f(𝑥m,f))

 (5) 

 

for variables that have zero as a lower boundary (e.g., wind speed and solar irradiance). 

The practical implementation uses the “xsdba” sub-module of the Python package “xclim” 

[32]. Monthly correction functions are derived to account for the seasonal variations in bias. In 

this way, the distribution for each month of the projected year is adjusted using the historical 

distribution of the corresponding month, thereby avoiding cross-seasonal mixing of inputs. 

These correction functions are pre-computed by the “train” method of the QDM algorithm in 

the “xsdba” module and stored as serialized objects in NetCDF files. Subsequently, to correct 

any future projection period, the “adjust” method simply loads these pre-trained functions and 

applies them to the raw future model output. Access to the original historical time series is 

therefore not required for each adjustment step. This results in substantial savings in memory 

and computational cost (27 MB per function for the entire domain, compared with tens of GB 

needed to store the 15-year historical dataset) and enables very fast processing, typically within 

a few minutes. 

Not all variables respond equally well to statistical correction. Precipitation, characterized 

by strong intermittency and stochastic variability, particularly at local scales, remains the most 

challenging variable to adjust. A tailored approach addressing both occurrence and intensity 

[33] led to degraded performance relative to the raw model output, regardless of whether 

monthly or annual calibration distributions were used. Consequently, precipitation was 

retained in its original form from the climate model. 

Temporal disaggregation, from 3-hourly to hourly resolution is performed for temperature, 

solar irradiance and wind speed using a cubic spline interpolation, which captures most 

variability with limited computational cost. For solar irradiance, preservation of the diurnal 

cycle is ensured through a post-processing step that removes unphysical positive values 

occurring before sunrise and after sunset that may be introduced by interpolation. This is 

implemented via systematic comparison with “pvlib” clear-sky GHI, computed for each grid 

cell and time step and used as physical upper bound. To preliminarily evaluate the 

disaggregation performance, synthetic experiments were conducted using ERA5 hourly data 

aggregated to 3-hourly means and subsequently disaggregated back to hourly resolution using 

the cubic-spline method. The reconstructed series were compared to the original ERA5 data to 

evaluate the ability of the method to preserve peaks and represent sub-daily variability. Tests 

were performed over representative summer and winter weeks across multiple European 

climate regimes, using 0.50° x 0.50° spatial averaging to reduce single-point noise, showing 

accurate reproduction of temperature diurnal cycles and wind variability. However, daily 

irradiance peaks are systematically underestimated, indicating that the interpolation cannot 

fully capture midday maxima. 

Table 1. Implementation details 

Processing step Resource Settings 

Regridding to 

regular lat-lon 
xESMF 

Method: bilinear; extrapolation: nearest_s2d; target grid: 0.11° × 

0.11° regular (27°N–70°N, 12°W–36°E) 

Wind speed 

vertical 

extrapolation 

Global Wind 

Atlas (GWA) 

α values pre-computed from GWA-extracted GeoTIFF maps of mean 

wind speed at 10 m and 100 m onto the 0.11° × 0.11° model grid 

DNI derivation pvlib 

Erbs model: DNI computed from GHI and zenith angle; DNI set to 

zero where original GHI = 0; zenith pre-calculated via 

pvlib.Location.get_solarposition 
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Processing step Resource Settings 

Bias asjustment xsdba 

QuantileDeltaMapping.train: differentiated between additive and 

multiplicative variables; original zeros preserved; one function per 

month, trained on the 1991-2005 period.  

QuantileDeltaMapping.adjust: constant extrapolation 

Temporal 

disaggregation 
xarray 

Function interp, method: cubic; timestamp at the start of hour; values 

clipped: temperature ≥ 220 K, solar irradiance ≥ clear sky irradiance 

(calculated with pvlib library at each spatial cell and time, for 

avoiding eventual unphysical values before the actual sunrise or after 

the actual sunset, generated by the interpolation), wind speed ≥ 0; 

RESULTS 

The generated databases were evaluated through multiple tests. First, residual systematic 

deviations were quantified against the ERA5 reanalysis over an out-of-sample period. Second, 

the ability of the refined projections to reproduce the climate trends already observed in recent 

decades was examined. Finally, the capacity of the outputs to represent energy-relevant stress 

conditions was assessed in terms of the frequency of critical days. Overall, this comprehensive 

evaluation shows the quality of the proposed framework and supports the suitability of the 

refined projections as inputs for long-term energy system modelling. 

Residual Biases 

Hourly bias-reduced data were systematically checked across all grid points of the 

available domain against the ERA5 reanalysis in the period 2015-2024, using eq. (3) to 

compute the mean bias. This out-of-sample testing window is particularly suitable because it 

corresponds to a phase of increasing GHG forcing broadly comparable across all RCP 

scenarios [7], allowing the evaluation to focus on model performance rather than 

scenario-driven divergences. Figure 3 presents spatial maps of the biases in the input 

projections alongside the residual biases after data refinement for the most relevant season of 

each variable, enabling visual comparison and a clear assessment of the added value. 

The primary observation is that the out-of-sample comparison supports the assumption of 

bias stationarity under increased forcing conditions. In other words, the spatial bias patterns in 

the raw projections during the historical period (1991-2005, Figure 2) closely resemble those 

detected in the testing period (2015–2024, left panels of Figure 3). This supports the 

foundational assumption underlying the adopted bias adjustment methodology. Accordingly, 

confidence increases that the applied statistical correction is not substantially compromised by 

non-linear changes in model deviations under evolving climatic conditions. 

The evaluation of near-surface air temperature indicates a substantial improvement. While 

the raw model, consistent with the historical bias assessment, displays a widespread cold bias 

exceeding −3 °C in many regions, the refined data reduce the residual bias to within ±1.5 °C 

across the continent, and mostly within ±1 °C. Wind speed at 100 m also shows substantial 

improvement. The extrapolated projections at 100 m, derived from 10 m wind speed, display 

deviations frequently approaching 3 m ⋅ s⁻¹ in the raw data, whereas the residual biases after 

refinements are strongly reduced to within ±1 m ⋅ s⁻¹ across nearly the entire domain. 

Temporal disaggregation does not introduce significant distortions for temperature or wind 

speed, owing to their relatively smooth diurnal cycles. In contrast, solar irradiance, often 

characterized by a sharp midday peak, exhibits domain-wide negative deviations, particularly 

in summer. These arise from the limited ability of the adopted disaggregation method to 

reproduce the true irradiance profile, thereby missing a significant fraction of the peak. The 

underestimation reaches about −50 W ⋅ m⁻² for GHI and up to −100 W ⋅ m⁻² for DNI, the 

latter being especially sensitive as then the initial projections were already affected by 

uncertainties associated with their empirical derivation using the Erbs model. 
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Figure 3. Mean bias for 2 m air temperature, 100 m wind speed and solar irradiance components,  

in the relevant seasons. For each variable, the left panel shows biases in the input projections, and  

the right panel shows residual biases after data refineme 

 

 

Figure 4. Mean bias for uncorrected daily precipitation, in winter and summer,  

evaluated over the period 2015-2024 

Since precipitation was intentionally left unrefined, the spatial bias map for this variable 

(Figure 4) serves both as a diagnostic of raw model performance and as a reference for future 

improvements. Notably, in winter the spatial bias pattern evaluated over the testing period 

differs substantially from that observed in the historical assessment (Figure 2), which may 

partly explain the limited effectiveness of statistical bias correction for this highly variable and 

less predictable field. Pronounced positive biases, reaching up to 2 mm ⋅  d⁻¹, are detected 

along the western European coasts and more widespread in the Alps, accompanied with 

underestimations in northern Europe and the eastern Mediterranean. By contrast, summer bias 

patterns show less change in the more recent evaluation, with significant deviations largely 

confined to mountainous regions. 

Simulated Climate Anomalies 

Consistency with observed climate trends is a fundamental aspect to assess in the context of 

ongoing climate change. Projected anomalies are defined for each variable as the difference 

between the mean value of the refined output over the 2015-2024 and the mean value of ERA5 

data over the 1991-2000 reference period: 

 Aproj(𝑥) =  Xproj,2015−2024(𝑥) − XERA5,1991−2000 (𝑥) (6) 
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The resulting spatial distribution is then compared with the ERA5-observed anomaly map, 

computed over the same periods and used as the reference benchmark: 

 

 Aproj(𝑥) =  XERA5,2015−2024(𝑥)  − XERA5,1991−2000 (𝑥) (7) 

 

This comparison is presented in Figure 5 for the most relevant season of each variable. The 

refined projections successfully reproduce the warming signal, generally between 1 °C and 

2 °C, although some underestimation persists in central Europe due to residual cold bias. Wind 

speed anomalies, typically within ±1 m s⁻¹ , are reasonably represented, with broadly 

consistent spatial patterns except in northern regions. Anomaly analyses for GHI and DNI are 

not shown, as the artificial underestimation introduced by temporal disaggregation 

systematically distorts the results, producing negative anomalies that are not consistent with 

ERA5-observed trends. 

 

 

Figure 5. Climate anomalies (2015-2024 vs 1991-2000) for 2 m air temperature and 100 m wind 

speed in relevant seasons. For each variable, the left panel shows ERA5-observed anomaly, and the 

right panel shows the simulated anomaly derived from the refined 

Finally, unrefined daily precipitation reproduces the spatial distribution of precipitation 

anomalies (in Figure 6) in a manner broadly consistent with observations across many regions, 

despite the aforementioned biases. In winter, ERA5 predominately shows increasing 

precipitation, particularly along the eastern coasts, Italy, and the Balkans. In summer observed 

patterns are more heterogenous, with positive anomalies in northern regions, and negative 

anomalies in the east. The projections tend to amplify both winter and summer signals, 

maintaining good qualitative agreement overall, except for inconsistent negative summer 

anomalies in the Alps and Scandinavia. 

 

 

Figure 6. Climate anomalies (2015-2024 relative to 1991-2000) for uncorrected daily precipitation. 

For each season, the left panel shows ERA5-observed anomaly, and the right panel shows  

the simulated anomaly derived from the projections 

Energy System Critical Stress Metrics 

An essential requirement for the suitability of the proposed dataset for energy applications 

is the accurate replication of weather-driven critical stress events. Such events can significantly 

affect system reliability and the backup capacity needs, especially in systems with a growing 

share of variable renewable energy, while even firm generation may be exposed to water 
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availability constrains. Accordingly, a set of representative indicators for heat and cold waves, 

renewable energy droughts and water scarcity is defined. These are expressed as the mean 

annual frequency of critical days over the 2015-2024 period, based on selected thresholds in 

the corresponding meteorological variables. Consistent with the previous assessment, the 

results are compared with the same indicators derived from ERA5 data, as illustrated in  

Figure 7. To enhance the visualization of local impacts, critical days are aggregated at the 

NUTS-2 administrative level [34] for EU countries, while for other territories and marine areas 

they are kept at the native spatial resolution. 

Heat waves, associated with high cooling demand, are identified as summer days with 

Tmax  > 35 °C, a threshold commonly used to indicate stress conditions for the grid. These 

events occur more frequently over the central and southern Iberian Peninsula, with a notable 

presence also in parts of Italy, the Balkans, and western Anatolia. The refined data reproduce 

this spatial pattern realistically, with slight but largely unavoidable underestimation. By 

contrast, the original projections severely underrepresent such events due to the pronounced 

cold bias. Very cold winter days (with Tmin  <  −5 °C) are also assessed, as such temperatures 

often correspond to peak heating demand. They occur most often in the Alps, Scandinavia, and 

more broadly across eastern Europe, where the refined dataset tends to show some 

overestimation. Nevertheless, the agreement with observations is substantially improved 

relative to raw projections, which are systematically shifted toward lower temperatures. 

To assess potential energy droughts, both low-wind and low-irradiance days were 

considered. However, only the former are presented, as the known negative bias in solar 

irradiance would likely lead to an overestimation of poor sunlight conditions. Low-wind days 

are evaluated for winter and defined as days with 𝑣(100)𝑚𝑎𝑥  <  5 m s⁻¹ , corresponding 

approximately to the cut-in speed for many wind turbines, and, in any case, indicative of very 

low generation potential. The highest frequencies occur over Italy, the Balkans and Turkey, 

with secondary maxima in Spain, southern France and parts of central-eastern Europe. The 

spatial distribution derived from the proposed dataset shows very strong agreement with ERA5. 

Finally, winter days with negligible precipitation ( daily total <  0.1 mm , indicating 

effectively dry conditions) are evaluated, noting that this meteorological variable is used 

directly from the climate model output. Such dry days occur most frequently in Mediterranean 

regions, especially over northern Africa and southern Spain. The projections show noticeable 

underestimation in these areas, on the order of 5-10 days, while the overall spatial pattern 

remains broadly consistent across most other regions. 

 

 

Figure 7. Mean annual number of potential weather-induced critical days for the energy system, 

based on selected thresholds. For each impact indicator, the left panel shows ERA5-observed 

frequency, and the right panel shows the simulated frequency derived from the provided dataset,  

both evaluated over the period 2015-2024 
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Overall, these assessments demonstrate the reliability of the proposed long-term dataset. 

The results indicate robust performance for temperature and wind speed, while solar irradiance 

retains notable limitations. Precipitation projections also exhibit some inaccuracies, which are 

typical for this highly stochastic variable. 

DISCUSSION 

The methodological framework developed in this work is designed to enable use of 

long-term climate information for energy system modellers, addressing the persistent gap 

between raw climate projection outputs and the need for weather data at fine spatiotemporal 

resolution. The resulting tool spans a broad European domain and extends to the end of the 

century, allowing users to explore alternative climatic futures under different socioeconomic 

pathways. The dataset provides physically consistent projections of future weather conditions 

at a scale suitable for deriving a wide range of energy system implications. This capacity is 

particularly valuable for long-term planning and operational assessments. Climate change is, in 

fact, one of the major global factors threatening energy system resilience, and effective 

adaptation measures require robust and credible quantitative inputs. 

In addition, the proposed tool is readily upgradeable and can be enhanced over time across 

all processing stages. A notable strength is its operational simplicity and speed, despite the 

methodological complexity, which lowers the barrier to accessing climate data that would 

otherwise require substantial programming and climate model expertise. The framework also 

provides flexibility through the option to aggregate outputs to coarser spatial scales. This 

enables the dataset to support both localized and large-scale analyses, while keeping 

computational costs and data volumes manageable. However, excessively strong spatial 

aggregation should be avoided, as it inevitably degrades the fidelity of local weather signals. 

Overall, the work confirms several challenges widely reported in the literature, while 

offering practical responses through the careful selection, implementation, and coordination of 

well-established techniques in climate-energy research. The adopted methodology relies 

entirely on physically based models and peer-reviewed statistical procedures, while adapting 

the treatment to the specific characteristics of each variable, including seasonal variability and 

diurnal behaviour. The achieved spatiotemporal resolution is among the highest currently 

available, compared with similar resources in the literature. By leveraging EURO-CORDEX 

downscaled sub-daily inputs, this requirement is readily met for variables directly available in 

the climate database, such as temperature. In contrast, the derivation of key parameters not 

included in the original dataset proves more challenging. The estimation of wind speed at 

heights representative of turbine hubs constitutes a particularly valuable component of the 

workflow and represents a major improvement in terms of physical consistency and bias 

reduction. Conversely, the derivation of DNI using the Erbs model exhibits non-negligible 

accuracy limitations, especially in regions where this variable is most critical, namely southern 

Europe. As a result, DNI estimation requires more advanced treatment, since bias adjustment 

alone cannot fully compensate for deficiencies in the initial empirical deviation. Ideally, an 

improved approach should explicitly incorporate projected changes in cloud cover, which may 

evolve differently from historical conditions and directly affect the performance of 

concentrating solar technologies. 

The monthly QDM adjustment explicitly accounts for the pronounced seasonal variability 

of temperature, solar irradiance and wind speed. This feature is particularly important for 

applications in which seasonality strongly influences demand patterns and renewable 

generation. Because biases were found to vary by season (Figure 2), applying a uniform 

year-round correction would degrade performance. In contrast, the monthly approach achieves 

effective bias reduction in both summer and winter. From an end-user perspective, this refined 

dataset provides more reliable estimates for variables that directly affect simulated power 

flows and system adequacy, although some residual biases remain in specific regions  
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(Figure 3). These are partly attributable to the subsequent temporal disaggregation step, which 

intentionally avoids more complex and computationally intensive methods in order to preserve 

overall tool efficiency. While the final time series are satisfactory for temperature and wind 

speed, solar irradiance remains affected by a systematic underestimation of daily peak values. 

Further methodological development is therefore required to identify optimal strategies for 

accurately reproducing irradiance peaks throughout the year, as the present hourly output is not 

recommended for peak-sensitive applications. One potential mitigation strategy is to apply a 

post-processing method based on the clear-sky index, to improve the reconstruction of the 

irradiance profile during daily peak hours. 

Moreover, the current version of the framework does not apply bias correction to 

precipitation, as initial tests did not yield substantial improvements when implemented 

uniformly across the full domain. Precipitation is highly intermittent and strongly controlled by 

local convective processes, which are difficult to correct using spatially homogenous statistical 

methods. Although providing unadjusted daily precipitation does not invalidate the usefulness 

of this variable (provided that its biases are explicitly acknowledged, as shown in Figure 4), 

future work should prioritize the refinement of precipitation treatment and bias reduction 

strategies. Region-specific statistical correction approaches, for example, may offer a more 

effective pathway. A further consideration, particularly relevant for hydropower and thermal 

plant cooling, is that the proposed database captures only precipitation changes, and therefore 

cannot fully represent the broader hydrological impacts of climate change. Future alterations 

will be not only limited to rainfall patterns, but will also involve changes in river regimes and 

basins characteristics, partly driven by the ongoing Alpine glacier retreat. Major European 

rivers including the Po, Rhine, Rhone, and several Danube tributaries, originate in glaciated 

regions. Consequently, glacier-related changes are likely to affect their long-term water 

availability and the basins they supply. This has important implications for power plants 

generation and cooling, potentially affecting even dispatchable capacity that is critical for 

system reliability. A more comprehensive integration of long-term hydrological and 

cryospheric projections is therefore increasingly necessary to fully capture the dynamics of the 

water-energy nexus. 

Alongside this research direction, the present framework opens a wide range of additional 

evaluation and development opportunities. Because the assessment also examined the 

capability to identify energy-relevant extreme events under present-day warming conditions, 

similar analysis can be extended to future periods to quantify the increasing influence of 

critical stresses under different scenarios. In combination with complementary datasets, the 

proposed tool may support further studies, such as projections of increased maintenance costs 

associated with higher summer operational temperatures, availability reductions in 

dispatchable units under tightening hydrological constraints, and evolving spatiotemporal 

patterns of energy droughts driven by prolonged and concurrent shortages of solar and wind 

resources. Another important research avenue concerns the post-processing of long-term 

weather time series to enable their efficient integration into computationally tractable yet 

robust energy system models. Because such models often rely on representative days or typical 

years, multi-annual time series must typically be reduced using clustering techniques. 

Climate-aware clustering strategies are therefore needed to ensure that representative periods 

preserve projected climatic variability and the increasing frequency of extreme events, thereby 

avoiding systematic smoothing of critical conditions. 

The outlined results and future developments are supported by a strong emphasis on 

transparency and reproducibility, enabling continuous improvement and broad applicability. 

The full implementation of the proposed framework has been developed in Python and is 

publicly available. The complete codebase, including all scripts required to retrieve, process, 

bias-adjust, and temporarily disaggregate climate projections, is hosted in a dedicated online 

repository [35]. The repository also includes the required library dependencies, auxiliary 

datasets for wind speed extrapolation and bias correction, and detailed execution guidelines. 
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User interaction is intentionally limited to a small set of clearly defined inputs, such as scenario 

selection, time horizon, geographical domain, and variables of interest. All processing steps are 

fully automated within a modular workflow, ensuring methodological consistency across 

different user configurations. Data processing relies exclusively on widely used libraries 

within the climate and energy modelling communities. The code can be executed on any 

modern operating system with at least 8 GB of RAM and does not require specialized 

hardware. Typical runtimes are on the order of a few minutes per variable, largely driven by 

data retrieval and bias adjustment. The resulting outputs are provided in standardized NetCDF 

format with complete metadata. 

CONCLUSION 

This work established a coherent, reproducible, and updatable pathway for transforming 

regional climate projections into energy system-tailored weather data. By processing 

EURO-CORDEX climate simulations through a structured workflow, it delivers a novel 

dataset of hourly, bias-adjusted weather variables tailored for European energy applications 

through the end of the century. The developed workflow comprises remote data retrieval, 

re-gridding to a standard latitude-longitude grid, physical derivation of wind speed at 100 m 

and DNI (not available in the original dataset), monthly bias adjustment using Quantile Delta 

Mapping calibrated against the ERA5 reanalysis, and temporal disaggregation to hourly 

resolution. Precipitation remains the only variable provided unadjusted and at daily resolution. 

Overall, the framework maintains manageable computational requirements by leveraging 

pre-computed, reusable components and efficient coordination of processing steps. 

The refined time series demonstrate clear improvements over raw climate model outputs 

and provide valuable insights into how future climatic conditions may influence energy 

systems. The 2 m air temperature, originally affected by a cold bias exceeding −3 °C across 

much of Europe, is corrected to within ±1.5 °C almost everywhere. Similarly, the strong 

overestimation in derived 100 m wind speed, often reaching 3 m s⁻¹, is substantially reduced, 

with residual errors well below ±1 m s⁻¹. Solar irradiance, including both GHI and derived 

DNI, also benefits from bias adjustment. However, a widespread underestimation of daily peak 

values persists, particularly in summer, reaching approximately −50 W m⁻² for GHI and up to 

−100 W m⁻² for DNI in Mediterranean areas. This limitation is primarily attributable to the 

adopted temporal disaggregation, which is unable to fully capture midday maxima. In contrast, 

temperature and wind speed are not substantially degraded by this step. Uncorrected 

precipitation exhibits acceptable performance overall, despite localized biases near 

mountainous and coastal areas. The consistency of simulated climate anomalies between the 

2015-2024 and 1991-2000 periods is also satisfactory, with the warming signal reasonably 

reproduced, albeit slightly attenuated in central Europe. Wind speed and precipitation trends 

are broadly consistent as well. Energy-relevant critical stress events are also reasonably 

captured, with the refined outputs providing credible estimates of hot waves, cold spells, 

low-wind conditions, and dry days, despite some deviations linked to residual biases. 

Overall, these results demonstrate that the proposed processing workflow significantly 

enhances the usefulness of climate projections for long-term energy planning. Although some 

limitations remain, they do not compromise the overall robustness of the framework but 

instead point to clear priorities for future development, with the modular architecture and 

reproducibility of the tool facilitating further upgrades. At the same time, the framework 

highlights the need for climate-aware clustering methodologies and for more integrated 

approaches that couple climate projections with hydrological and cryospheric models. 

As climate change continues to alter the environmental context in which energy systems 

operate, the present approach represents a substantial step toward deeper and more accurate 

integration of climate information into long-term energy system design and operation. 
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NOMENCLATURE 

Symbols 

F Cumulative distribution function (CDF) [-] 

𝑀𝑛(𝑝)  Model value at time step n and in cell p  

𝑅𝑛(𝑝)  ERA5 reanalysis value at time step n and in cell p  

𝑣(𝑧)  Wind speed at height 𝑧 [m/s] 

XERA5,1991−2000 (x)  Mean value of ERA5 reanalysis over the 1991-2000 period  

XERA5,2015−2024(x)  Mean value of ERA5 reanalysis over the 2015-2024 period  

Xproj,2015−2024(x)  Mean value of the refined output over the 2015-2024 period  

 

Greek letters 

  

𝛼  Surface roughness exponent [-] 

𝜃𝑧  Solar zenith angle [°] 

 

Abbreviations 

 

 

 

C3S Copernicus Climate Change Service  

CDS Climate Data Store  

DHI Diffuse Horizontal Irradiance [W/m2] 

DNI Direct Normal Irradiance [W/m2] 

ERA5 The fifth generation ECMWF atmospheric reanalysis of the 

global climate (1940 – present) 

 

GCM Global Circulation Model  

GHG Greenhouse Gas  

GHI Global Horizontal Irradiance [W/m2] 

NetCDF Network Common Data Form  

RCM Regional Climate Model  

RCP Representative Concentration Pathway  

QDM Quantile Delta Mapping  
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