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Abstract


With a potentially increasing share of the electricity grid relying on wind to provide generating capacity and energy, there is an expanding global need for historically accurate, spatiotemporally continuous, high-resolution wind data. Conventional downscaling methods for generating these data based on numerical weather prediction have a high computational burden and require extensive tuning for historical accuracy. In this work, we present a novel deep learning-based spatiotemporal downscaling method using generative adversarial networks (GANs) for generating historically accurate high-resolution wind resource data from the European Centre for Medium-Range Weather Forecasting Reanalysis version 5 data (ERA5). In contrast to previous approaches, which used coarsened high-resolution data as low-resolution training data, we use true low-resolution simulation outputs. We show that by training a GAN model with ERA5 as the low-resolution input and Wind Integration National Dataset Toolkit (WTK) data as the high-resolution target, we achieved results comparable in historical accuracy and spatiotemporal variability to conventional dynamical downscaling. This GAN-based downscaling method additionally reduces computational costs over dynamical downscaling by two orders of magnitude. We applied this approach to downscale 30 km, hourly ERA5 data to 2 km, 5 min wind data for January 2000 through December 2023 at multiple hub heights over Ukraine, Moldova, and part of Romania. With WTK coverage limited to North America from 2007–2013, this is a significant spatiotemporal generalization. The geographic extent centered on Ukraine was motivated by stakeholders and energy-planning needs to rebuild the Ukrainian power grid in a decentralized manner. This 24-year data record is the first member of the super-resolution for renewable energy resource data with wind from the reanalysis data dataset (Sup3rWind).
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1. Introduction


With the potential increase in wind energy in the power system, high-resolution spatiotemporal wind resource datasets are becoming increasingly important [1,2]. These historically accurate meteorological data are invaluable for ensuring resource adequacy [3], reliable system operations [3], well-functioning electricity markets [3], and more. These applications require wind resource data that capture detailed meteorological processes (i.e., processes occurring at ≤3 km and sub-hourly resolutions [4]). Although these data are vital to the success of future investment in wind energy, said data are difficult to produce and rarely available [2]. Purchasing high-resolution time series wind resource data can be costly for large geographic extents covering a long-term historical record, and generating regional or national high-resolution datasets can be expensive in terms of both labor hours and computational costs. Furthermore, the uncertainty of existing high-resolution wind resource data is often not quantified, nor is the data extensively validated against observations [1,2].



The most common approach for generating high-resolution historical meteorological datasets is downscaling global reanalysis data. The downscaling techniques can be roughly separated into two groups: dynamical or statistical downscaling. Dynamical downscaling uses regional climate models or numerical weather prediction models, with lower-resolution meteorological data as lateral boundary conditions, to perform direct numerical simulations of high-resolution fields. Statistical downscaling generates high-resolution fields by applying previously identified statistical relationships between large-scale and small-scale content. Statistical downscaling is computationally efficient but fails to resolve important small-scale features [5]. Dynamical downscaling provides more realistic dynamics, especially over complex terrain, but can be prohibitively expensive to perform over large regions and time periods [6]. Additionally, producing high-fidelity output can require meticulously tailoring dynamical downscaling simulation configurations to the specific application [7,8,9].



1.1. Previous Work


Historically, most spatiotemporally continuous high-resolution wind data have been generated with dynamical downscaling [4,10,11,12] or statistical downscaling [13,14,15]. As mentioned previously, dynamical downscaling leverages non-linear numerical weather prediction, like the Weather Research and Forecasting System [16], to generate highly accurate outputs but can require resources that make large-scale data generation infeasible [17]. Dynamical downscaling can also require extensive tuning to select the best physics schemes and constant reinitializations of the simulations to ensure limited drift from the boundary conditions [10,11,18]. There are numerous statistical downscaling methods such as localized constructed analogs (LOCA) [19], combined bias correction with spatial disaggregation [20], and Bartlett–Lewis rectangular pulse models [21]. These methods can be significantly faster than dynamical downscaling but can also fail to simultaneously capture short-time and fine-scale spatial dynamics essential for accurate downstream modeling for energy systems [5].



The intersection of deep learning and meteorological modeling is an active area of research, with promising developments specifically regarding weather forecasting [22,23,24,25]. Machine learning methods are being adopted by established forecasting centers and will soon play an integral role in operational predictions [26]. However, research in deep learning-based downscaling, also called super-resolution, is less active, especially when it comes to fully gridded spatiotemporal wind speed downscaling. Existing research on machine learning applications to downscaling is mostly focused on pointwise spatial enhancement [27,28] with regression methods [29,30], and often for less dynamic fields like precipitation and temperature rather than wind speed [28,30,31,32,33]. When wind fields are downscaled, they typically provide a coarse sampling of over a kilometer along the vertical dimension or a single near-surface field [27,28,34]. However, wind energy modeling applications such as the Renewable Energy Potential model [35] require a finer sampling of near-surface wind fields over typical wind turbine height (s).



Super-resolution leverages deep convolutional networks with various model architectures, such as UNets, CNNs, and GANs [36,37,38,39]. GANs, in particular, have demonstrated superior performance over these standard regression models in generating more realistic spatial structures [40,41]. This previous work on super-resolution has relied on the assumption that coarsened or averaged, high-resolution data are a good approximation for low-resolution data [37,40,42,43,44]. We previously used GANs trained in this way to downscale wind data over Southeast Asia [45]. While this assumption can lead to excellent results, our approach instead uses low-resolution European Centre for Medium-Range Weather Forecasting Reanalysis v5 (ERA5) input data paired with high-resolution dynamical downscaling outputs as target data. We also include multiple low-resolution variables in training, which are not super-resolved, solely to better inform the enhancement of the high-resolution outputs and improve model generalization. This aligns with the process of dynamical downscaling, which uses multiple variables from low-resolution simulation output as boundary conditions for high-resolution simulations. We show that by training with separate low-resolution and high-resolution simulation data in this way, we achieved performance comparable to dynamical downscaling.




1.2. Overview


In this work, we present a novel deep learning-based spatiotemporal downscaling approach using generative adversarial networks (GANs). These networks were trained with pairs of low-resolution simulation data from ERA5 and high-resolution simulation data from the Wind Integration National Dataset Toolkit (WTK) [10]. This differs from previous approaches [45], which use coarsened high-resolution data as the low-resolution training data. With this paired training approach, models learn a transformation closer to dynamical downscaling instead of an un-coarsening operation. Since true low-resolution simulations (ERA5) can differ significantly from coarsened dynamically downscaled data, this approach leads to more accurate and physically realistic outputs. Additionally, when training on coarsened high-resolution data, low-resolution training features must be available in the high-resolution data. By pairing ERA5 and WTK, additional low-resolution training features can be included, which enables models to learn a more robust relationship between the low-resolution climate representation and high-resolution outputs. Fully trained models can then generate accurate high-resolution data from low-resolution input [40] orders of magnitude faster than conventional dynamical downscaling. These models can be deployed for new regions without additional tuning. This deployment is faster and simpler in practice than dynamical downscaling, without many of the logistical difficulties involved, like consistent reinitializations.



We demonstrate the performance of our approach across out-of-sample regions in North America and over Ukraine, Moldova, and parts of Romania. While the primary focus was Ukraine, surrounding areas were included to preserve a rectangular grid. Results from a broad suite of performance measures show excellent fidelity with observations across diverse regions with complex terrain and with underlying physics of dynamically downscaled data. We downscale and make publicly available 24 years (2000–2023) of 30 km, hourly ERA5 to 2 km, 5 min resolution data over this region. With WTK coverage limited to North America from 2007–2013, this is a significant geographic generalization. This 24-year data record is the first member of the super-resolution for renewable energy resource data with wind from the reanalysis data dataset (Sup3rWind). The focus on Ukraine was motivated by stakeholders and energy-planning needs to rebuild the Ukrainian power grid in a decentralized manner after the conflict with Russia. At the end of 2024, the Ukrainian power grid had lost more than 50% of pre-war capacity [46], with nearly 90% of wind power capacity out of operation [47]. However, the high resilience of decentralized generation from wind, strong policy support, and international investment continue to drive more construction [48].



This paper is organized as follows. In Section 2.1 and Section 2.2, we describe the general problem of downscaling, define the notation used throughout the paper, and discuss the numerous data sources used in this work. In Section 2.3, Section 2.4, Section 2.5 and Section 2.6, we cover our GAN model setup, model training, bias correction, and use of the model in inference. In Section 3.1 and Section 3.2, we look at the physical performance of our downscaling results across various performance measures and compare the results against observations across different regions in North America and Ukraine. In Section 4, we discuss possible directions for future work. We conclude with final remarks in Section 5.





2. Materials and Methods


2.1. Problem Statement and Notation


The problem of downscaling low-resolution data is as follows. Given a low-resolution state   x  , a target spatial enhancement   s   for each spatial dimension (    s   2     overall), and a target temporal enhancement   t  , we want to find a function     G   s , t     that will take   x  , enhance the spatial dimensions by a factor of   s   and the temporal dimension by a factor of   t  , and give us a spatiotemporally enhanced high-resolution state    x ′   . Under some simplifying assumptions, we can decompose     G   s , t     x     into separate functions for spatial and temporal enhancement,     G   1 , t       G   s , 1     x      . We can further decompose these functions into intermediate enhancement functions if the products of intermediate enhancement factors are equal to   s   or   t  . The terms introduced here, along with other frequently used terms, are summarized in Table 1.




2.2. Data Description


ERA5: We downloaded ERA5 [49] for 2007–2013 to train the first enhancement step model. ERA5 is an atmospheric reanalysis dataset that is an optimal combination of observations from various measurement sources and the output of a numerical model using a Bayesian estimation process called data assimilation [50]. ERA5 consists of hourly estimates of several atmospheric variables at a latitude and longitude resolution of 0.25° (~30 km at the equator) from the surface of the earth to roughly 100 km altitude from 1979 to the present day.



As our focus is to generate high-resolution wind resource data, we selected variables from ERA5 close to the surface. We also selected variables that would encourage accuracy during extreme events and over different types of complex terrain. Good model generalization also requires learning the relationships between the low-resolution climate representation and the high-resolution outputs. Prior to training, ERA5 data were regridded to match the 15-times spatially coarsened WTK grid, and ERA5 wind components were bias-corrected to the WTK so that the 2007–2013 monthly means and standard deviations matched those of WTK. This ensured that training was not influenced by bias between low- and high-resolution data, and we applied separate bias correction prior to inference. The ERA5 configuration is summarized in Table 2. The complete set of training features used is listed in Table 3.



WTK: WTK is high-resolution (2 km, 5 min) wind data that covers Canada, the United States, and Mexico from 2007 through 2013. We can, in theory, use any ERA-based downscaled data product as high-resolution target data. We selected the National Renewable Energy Laboratory (NREL)’s WTK [10] because of its extensive use by U.S. stakeholders for wind resource and energy production analysis and because WTK has demonstrated good performance across various performance measures. In particular, WTK shows good agreement with observations for diurnal and seasonal correlation coefficients, mean absolute error (MAE), mean wind speeds, and absolute bias [51]. The WTK was produced with Weather Research and Forecasting (WRF) version 3.4.1 using ERA-Interim, the predecessor to ERA5, for initialization and boundary conditions. WTK data include wind speed and wind direction at 10, 40, 80, 100, 120, 160, and 200 m above ground level. The wind speed and wind direction data served as the high-resolution targets for our downscaling framework. Coarsened WTK data are also used as the low-resolution data for     G   5 , 1     and     G   1 , 12     (ERA5 data are only needed for input to the first enhancement step). The WTK configuration is summarized in Table 2.



Vortex Wind Data from the International Renewable Energy Agency Global Atlas: We download long-term monthly wind speed means from the International Renewable Energy Agency Global Atlas (data provided by Vortex [12]) over Ukraine and the contiguous United States (CONUS) to use for bias correction prior to inference. Vortex via the International Renewable Energy Agency Global Atlas provides high-resolution wind speed data globally [52] and easily downloadable 20-year climatological monthly means. We bias-corrected ERA5 data over Ukraine by matching the corrected ERA5 monthly means over 2000–2020 with the Vortex monthly means. We bias-corrected ERA5 data over CONUS prior to inference used for validation against observational data. Bias correction is described in Section 2.5.



Meteorological Assimilation Data Ingest System (MADIS): MADIS is a comprehensive collection of meteorological observations covering the entire globe [53]. It is maintained by the National Oceanic and Atmospheric Administration and is primarily used for weather forecasting, research, and various atmospheric studies. MADIS integrates data from various sources, including federal agencies, research institutions, and commercial entities, ensuring broad coverage and diversity of observations. The dataset undergoes quality control procedures to identify and correct errors, ensuring high-quality data for analysis and modeling purposes.



We used the MADIS API to download a full year of surface observations of wind speed and direction for 40 locations within the Ukraine downscaling domain (Figure 1). The observations for each location were mapped onto an hourly temporal grid using a simple average for time steps containing multiple observations. We removed any locations missing observational data for more than half of the time steps. The resulting validation data consists of 8784 hourly observations of wind speed for 2020 at 10 m height for 37 locations across the modeling domain.



Second Wind Forecast Improvement Project (WFIP2): We used WFIP2 observation data to assess model performance over CONUS. WFIP2 is a U.S. Department of Energy and National Oceanic and Atmospheric Administration-funded effort to improve weather prediction forecast skills for turbine-height winds in regions with complex terrain. A core component of WFIP2 was an 18-month field campaign that took place in the U.S. Pacific Northwest between October 2015 and March 2017 [54].



Ukraine Wind Farm Observations: We obtained wind measurement data performed by Deutsche WindGuard Consulting GmbH (Varel, Germany), GEIO-NET Umweltconsulting GmbH (Hannover, Germany), and ENERPARK Inżyniera Wiatrowa Sp. z o. o (Warsaw, Poland) for planned wind farm sites throughout Ukraine. Due to security concerns, we refer to the five wind farm sites as Wind Farm A–E rather than their actual locations. The wind speed measurements for Wind Farm A were conducted using a 100 m high met mast for wind speeds at approximately 100 m and 80 m. Sets of measurements for Wind Farms B and C were performed using a 120 m high met mast, yielding wind speed measurements at approximately 120 m, 100 m, 75 m, and 50 m. The wind speed measurements for Wind Farm D were conducted using a 120 m high met mast for wind speeds at approximately 120 m, 116 m, 100 m, 80 m, and 60 m. Measurements for Wind Farm E were collected using an 82 m high met mast and extrapolated to the turbine hub height of 94 m using wind shear exponents calculated from mast data. This collection of observational wind speeds was used to validate Sup3rWind data across Ukraine (Section 3.2). The Wind Farm observation heights are listed in Table 4.





 





Table 2. Summary of ERA5 and wind toolkit configurations.
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	ERA5
	Wind Toolkit





	Output Variables
	Numerous meteorological variables at the surface and 137 pressure levels up to around 80 km. Includes wind speed, wind direction, temperature, pressure, relative humidity, heat fluxes, precipitation, cape, etc. For a complete list, see [55].
	Wind speed, wind direction, air temperature, and pressure at 15 m, 47 m, 80 m, 112 m, 145 m, and 177 m. Interpolated to 10 m, 40 m, 80 m, 100 m, 120 m, 160 m, and 200 m. Surface pressure and relative humidity at 2 m.



	Resolution
	30 km, hourly.
	2 km, 5 min.



	Boundary Conditions/Inputs
	4D-Variational Data Assimilation from satellites, surface observations, and other sources. Atmospheric state that best fits model forecast and observations [56]. Assimilation performed with 12 h windows.
	6-hourly scale-selective grid nudging towards ERA-Interim. GTOPO30 terrain data.









2.3. Model Description


For this work, we trained a total of three super-resolution models, described in Table 3. The first step,     G   3 , 1    , performed 3-times spatial enhancement; the second step,     G   5 , 1   ,   performed 5-times spatial enhancement; and the third step,     G   1 , 12   ,   performed 12-times temporal enhancement. When these steps were applied successively to a low-resolution state   x  ,     G   1 , 12       G   5 , 1       G   3 , 1     x        , they performed a total of 15-times spatial enhancement and 12-times temporal enhancement,     G   15 , 12    . Training and inference flow are diagrammed in Figure 2. These models mostly follow the approach in [40], with a few important distinctions: (1) we used a modified content loss function to encourage model accuracy across extreme values. This loss, shown in Equation (1), includes mean absolute error terms for the minimums and maximums across both space and time; (2) we incorporated mid-network high-resolution topography injection for a more accurate representation of wind flow over fine-scale complex terrain; and (3) we trained on distinct low-resolution and high-resolution datasets, as opposed to using coarsened high-resolution data as the low-resolution GAN input. The topography injection differs from standard model input in that all standard model inputs are low-resolution. As this low-resolution data goes through the model, it is eventually enhanced by up-sampling layers in the middle of the model network. Right after this up-sampling, high-resolution topography data can be combined with the up-sampled data. This high-resolution topography is elevation above sea level data sourced from GTOPO30 [57].


     L   x ,   y   t r u e     =     m a e     y   t r u e   ,     y   s y n t h     + m a e       m a x   t   ( y   t r u e   ) , m a   x   t   (   y   s y n t h   )         +   m a e       m i n   t   ( y   t r u e   ) ,   m i n   t   (   y   s y n t h   )         +   m a e     m a   x   s   ( y   t r u e   ) , m a   x   s   (   y   s y n t h   )         +   m a e       m i n   s   ( y   t r u e   ) ,   m i n   s   (   y   s y n t h   )       



(1)







The loss function used to encourage accuracy across extreme values,   m a e  , is mean absolute value,     y   t r u e     is the true high-resolution data,     y   s y n t h     is the high-resolution model output,   m a   x   t     is the maximum across all time, and   m a   x   s     is the maximum across all space.



An extensive codebase has been developed to implement easily customizable GAN architectures and handle data extraction, batching, and model training to distribute the forward passes of input data through the GAN across multiple nodes. This codebase is released as the super-resolution for renewable resource data (sup3r) package and is installable through the python package index [58]. Sup3r version 0.1.2 was used for this work.





 





Table 3. 30 km, hourly to 2 km, 5 min model steps.






Table 3. 30 km, hourly to 2 km, 5 min model steps.





	Model Step
	Enhancement
	Training Features
	Input Data Source
	Output Target Data Source
	Training Time





	1.      G   3 , 1    
	Three-times spatial
	U/V wind vector components at 10, 100, and 200 m, topography, cape, k index, surface pressure, instantaneous moisture flux, surface temperature, surface latent heat flux, 2 m dewpoint temperature, friction velocity
	ERA5 (30 km, hourly)
	Coarsened WTK (10 km, hourly)
	240 compute node hours, 2500 epochs



	2.      G   5 , 1    
	Five-times spatial
	U/V wind vector components at 10, 40, 80, 100, 120, 160, and 200 m + topography
	Coarsened WTK (10 km, hourly)
	Subsampled WTK (2 km, hourly)
	50 compute node hours, 7000 epochs



	3.      G   1 , 12    
	Twelve-times temporal
	U/V wind vector components at 10, 40, 80, 100, 120, 160, and 200 m + topography
	Subsampled WTK (2 km, hourly)
	Original WTK (2 km, 5 min)
	200 compute node hours, 10,000 epochs









2.4. Model Training


The first step generator,     G   3 , 1    , was trained with ERA5 data as low-resolution input and WTK coarsened to 10 km hourly as the high-resolution target for 2007–2009 and 2011–2013. We kept 2010 as a holdout year for validation. The WTK data had a nominal resolution of 2 km, 5 min, so high-resolution targets sampled from these data were coarsened five times spatially and subsampled twelve times temporally for the first model step. Both the second- and third-step models were trained on coarsened WTK data, as in [40]. The input for the second step,     G   5 , 1 ,     is 10 km, hourly WTK (five times spatially coarsened and twelve times subsampled in time), and the high-resolution target for     G   5 , 1     was 2 km, hourly WTK (subsampled 12 times temporally). The input for the third step,     G   1 , 12   ,   is WTK subsampled 12 times temporally, and the high-resolution target is the original WTK. These steps are summarized in Table 3.



For each model step, training observations were sampled from the domains shown in Figure 3. Training was performed on the Eagle high-performance computing system at NREL using two NVIDIA V100 GPUs (Taiwan Semiconductor Manufacturing Company, Hsinchu Science Park, Taiwan). Each training epoch consisted of 100 batches, with 64 observations per batch. Batches were built by randomly sampling spatiotemporal chunks from the six training years and two different training domains. Each spatiotemporal chunk was 15 × 15 × 5 low-resolution pixels. For the third step, generator     G   1 , 12    , random sampling along the time dimension was weighted by the time-specific loss. For instance, if the model was performing worst on summer observations during a given training epoch, more observations were selected from the summer for the next epoch. This data-centric training approach ensures that the model performs well over a wide range of season-specific weather conditions.




2.5. Bias Correction


We performed bias correction on the ERA5 wind speed input data prior to training     G   3 , 1     and prior to inference. It is well known that ERA5 frequently underestimates wind speeds, especially in complex terrain [59,60,61]. While the GAN models could be trained on biased data to learn bias correction, we were concerned about this not generalizing well to new geographic regions. Thus, we opted for region-specific bias correction on low-resolution input as a preprocessing step. Prior to training, we computed bias correction factors that shifted the 2007–2013 means and standard deviations of the ERA5 to match those of coarsened WTK data. For each ERA5 grid point (  i ,   j  ) and wind speed hub height (10 m, 100 m, or 200 m), monthly (  m  ) means (µ) and standard deviations (σ) were computed for 2007–2013 for both ERA5 and coarsened WTK. ERA5 was then bias-corrected for each grid point, hub height, and month as follows:


    E R A 5   i j m   → [   E R A 5   i j m   −   µ   i j m   ]        σ  ^    i j m       σ   i j m      +     µ  ^    i j m    



(2)




where   μ  ,   σ  ,     µ  ^   , and     σ  ^    are the means and standard deviations for ERA5 and the coarsened WTK, respectively.



To perform bias correction prior to inference, we used monthly mean wind speeds provided by Vortex, described in Section 2.2. The global availability of the Vortex data allowed us to use it for both CONUS validation and the Ukraine data production. These means were for 2001–2020 and available only as high as 160 m. Standard deviations were not available. We linearly extrapolated to 200 m, then computed multiplicative correction factors using the means:


    E R A 5   i j m   →   E R A 5   i j m          µ  ^    i j m       µ   i j m       



(3)




where     µ  ^    and µ are the 2001–2020 means for Vortex and ERA5, respectively.




2.6. Inference


We downscaled ERA5 over Ukraine, Moldova, and some of Romania (Figure 1) for 2000–2023, from 30 km hourly to 2 km, 5 min resolution. With models trained only on the CONUS regions shown in Figure 3, this is a significant geographic generalization. Prior to inference, the ERA5 input data were bias-corrected using long-term monthly means from Vortex, described in Section 2.2. Inference is a memory-bound process, so we split the input data into chunks and parallelized the forward pass on these chunks independently. The full low-resolution domain was first chunked across the time dimension, and each chunk,   x ,   passed through     G   5 , 1       G   3 , 1     x       to perform 15-times spatial enhancement. Chunks were made to overlap in time to enable stitching without seams. Spatially enhanced output was chunked across both space and time, with chunks (   x ′   ) overlapping across all dimensions and then passed through     G   1 , 12      x ′      to perform the final 12-times temporal enhancement. A year of input for the first two models consisted of 300 chunks. The spatially enhanced input to the final model then consisted of 65,000 spatiotemporal chunks. Forward passes were distributed over 30 compute nodes on the NREL Eagle high-performance computer, and full spatiotemporal enhancement for a year was completed in 40 node hours using 36 CPUs per compute node for inference. This is more than 85 times faster than the dynamical downscaling of ERA5 with WRF to the same 2 km, 5 min resolution based on internal testing with WRF on the same hardware. When using GPUs for inference, the speedup can be as much as 500 times.





 





Table 4. Wind farm data details.






Table 4. Wind farm data details.





	Location
	Time Period
	Heights





	Wind Farm A
	January 2012–December 2015
	100 m, 80 m



	Wind Farm B
	September 2019–September 2020
	120 m, 100 m, 75 m, 50 m



	Wind Farm C
	November 2020–January 2022
	120 m, 100 m, 75 m, 50 m



	Wind Farm D
	November 2021–September 2023
	120 m, 116 m, 100 m, 80 m, 60 m



	Wind Farm E
	January 2022–December 2022
	94 m










3. Results


Time and resource limitations prevented extensive hyperparameter search and cross-validation. We trained a few models, with different adversarial weights and selected the one that performed the best on the 2010 WFIP2 observations within the validation regions shown in Figure 3. Model performance was also assessed on 2010 WTK data within these regions. The year 2010 was not included in the training data, and these validation regions were outside of the training domain, so these three regions and time periods enabled spatiotemporal cross-validation. This validation was followed by the generation of a high-resolution 24-year wind data product over Ukraine, Moldova, and eastern Romania. We assessed the performance of these data over Ukraine by comparing them against wind farm and MADIS observational data.



Performance against observations was evaluated with coefficients of determination (    R   2    ), Pearson correlation coefficients, mean bias error (MBE), MAE, KS-test statistic, diurnal cycle, wind speed variability distribution, bias distribution, and mean relative quantile error (MRQE).     R   2     is defined as the square of the Pearson correlation coefficient, with a value of one indicating that the dependent variable is completely determined by the independent variable and a value of zero indicating the opposite. The KS-test statistic measures the maximum difference between the predicted and empirical CDFs, with a value of zero indicating perfect agreement. The diurnal cycle is the average pattern that occurs over the course of an entire day. The wind speed variability distribution is the probability distribution of the change in wind speed over time. The bias distribution measures the probability of under- or overestimation of wind speed. The MRQE is defined as follows:


   MRQE =     1   D      ∑  i = 1   D           Q  ^    i   −   Q   i       Q   i         



(4)




where       Q  ^    i     is the   i  -th quantile of the model output, and     Q   i     is the   i  -th quantile of the observation data. We used the MRQE to quantify model performance in resolving extreme events. Negative values indicate underestimation of extremes, and positive values represent overestimation. We evaluated MRQE with 20 logarithmically spaced quantile bins (0.8, 0.999). The MRQE is a particularly important performance measure because accurately capturing long tails is essential for downstream applications of renewable resource data and extreme event estimation. This is also why we compared wind speed variability distributions and KS-test statistics. The wind speed variability distribution is the probability distribution for the wind speed time derivative. The KS-test statistic quantifies the maximum disagreement between cumulative probability distributions of wind speeds.



We estimate the p-values for performance measure differences between Sup3rWind and baselines (ERA5 and/or WTK) by bootstrapping distributions for these differences over 1000 samples. For each observation site, we compute the original performance measure difference and the distribution of this performance measure difference by resampling the time series data 1000 times. The proportion of values in this distribution that exceeds the original performance measure difference gives the p-value estimate. We additionally compute the p-value for time series differences between Sup3rWind and baselines using the Wilcoxon signed-rank test.



3.1. CONUS Validation


Figure 4 contains calculated statistical and physical quantities for the various validation regions. We see strong agreement between Sup3rWind and WTK; specifically, the long tails of the wind speed gradient and the wind speed variability distribution for the WTK data are well captured by Sup3rWind. Further, the inertial range (i.e., high   k  ) region in the turbulent kinetic energy is also recovered by Sup3rWind. In Figure 5, Table 5, and Table 6, we compare Sup3rWind with WFIP2 observations across the three CONUS validation regions. The WFIP2 measurement heights vary by location but are between 20 m and 50 m above ground. Coefficients of determination (    R   2    ), MAE, and MBE are shown above each scatterplot. For each region, we see excellent agreement between Sup3rWind and WTK and a significant improvement over ERA5. Because we used WTK data for training, we were ultimately limited to the accuracy of this ground truth. There is still room for improvement against observations. We discuss this more in the section Future Research Directions.




3.2. Ukraine, Moldova, and Eastern Romania Performance


We generated 24 total years of wind data over Ukraine, Moldova, and eastern Romania. Using these data for power system modeling requires high resolution, extensive validation, a long-term data record, and physical consistency across a wide range of conditions [2]. We performed extensive validation and demonstration of the accuracy of Sup3rWind with comparisons against data from five wind farm sites and 37 MADIS sites. Some details for the wind farm sites are shown in Table 4. MADIS sites are all 10 m above ground level, and the wind farm data are distributed between 50 m to 130 m above ground level. Performance across MADIS and wind farm sites is comparable to performance across CONUS validation regions.



3.2.1. Wind Farm Site Comparisons


In Figure 6 and Figure 7, we show performance against wind farm observations, with each location averaged over all available hub heights. In Figure 6, we see improved MBEs and MRQEs, as well as improvement in KS-test statistics, over ERA5. MBE is within ±1 m per second for each wind farm location. Figure 7 shows good agreement with observation for wind speed variability and correlations. We see improvement in MAE for diurnal cycles over ERA5 at some sites, although there is some noise introduced in these cycles, and one site is significantly overestimated. Values of performance measures averaged across all wind farm observations are shown in Table 7. p-Values for these performance measures are shown in Table 8.



While CONUS validation showed substantial improvement over ERA5 for Sup3rWind, we do not see the same relative performance across Ukraine. Statistics for Sup3rWind in Ukraine fall in a similar range as for CONUS, while ERA5 performs significantly better. Sup3rWind provides the most improvement here on spatiotemporal variability, relative quantile errors, and KS-test statistics. The increased performance of ERA5 is likely due to the less complex terrain. In the CONUS validation, we saw the best performance of ERA5 in the Midwest, the flattest region. We also saw the best correlations between Sup3rWind and Wind Farm E, the site closest to the Carpathian Mountains.




3.2.2. MADIS Site Comparisons


We additionally look at the performance of Sup3rWind across multiple MADIS sites. MADIS measurements are near-surface, approximately 10 m above ground level. It is important to note that near-surface performance can differ significantly from performance at typical wind turbine height. To summarize performance across many MADIS sites, we computed statistics on regional averages. Each of the four quadrants of the spatial domain was used to compute northeast, southeast, southwest, and northwest regional averages. Performance relative to ERA5 for these regions is shown in Figure 8 and Figure 9. In Figure 8, we see excellent agreement with observations, with high correlations and MBE within ±1 m per second for all regions. We also see better performance in capturing extreme values, as measured with MRQE. Values averaged over all MADIS sites are shown in Table 9. Statistics averaged across all MADIS sites. The associated p-values are shown in Table 10. In Figure 9, we see improved wind speed variability distributions and diurnal cycles. We again see good performance for ERA5 across the region. The most favorable comparison between Sup3rWind and ERA5 for correlations is seen in the southwest, where the terrain is most complex.






4. Discussion


The results shown in this paper support the use of the wind data created by GAN-based downscaling. Downscaling ERA5 data with GANs is shown to produce physically realistic wind across space and time (Figure 4) and historically accurate profiles when compared to ground measurements (Figure 5, Figure 7 and Figure 9) in nearly all out-of-sample validation conditions. This approach is shown to generalize well to different geographic regions, with training data selected only from CONUS and inference performed over Eastern Europe. Conditioning model output on high-resolution terrain data, a broad set of low-resolution features, and region-specific bias correction should enable the model to generalize to arbitrary regions. While a year-long 2 km, 5 min WRF simulation for CONUS is estimated to cost 50,000 compute node hours on the NREL high-performance computing hardware, our GAN framework can create a year of equivalent high-resolution data in 585 compute node hours using CPUs for inference. This shows a more than 85-times speedup for GAN-based downscaling over dynamical downscaling with WRF. The speedup can be as much as 500 times when using GPUs for inference.



We see good agreement between Sup3rWind, WTK, and observations across a broad suite of performance measures. Through the probability distributions for the temporal derivative and spatial gradient of wind speed and the turbulent kinetic energy spectrum, we see that Sup3rWind achieves excellent fidelity for the underlying physics of the high-resolution target data. Through site-specific coefficients of determination, absolute errors, and bias errors, we see high fidelity between Sup3rWind and observations across diverse regions with complex terrain.



Our efforts culminated in the production of a 24-year wind data record, with 2 km, 5 min spatiotemporal resolution, over Ukraine, Moldova, and eastern Romania. These data were extensively validated using observational data from over 40 different locations, spanning over 9 years, covering heights from 10 m to 120 m above the ground. The performance for Sup3rWind over Ukraine was comparable to that over the CONUS validation regions, showing low mean errors and high correlations. Sup3rWind agreed well with ERA5 while significantly improving the representation of wind speed variability and accuracy of extremes. Diurnal cycles were mostly improved over ERA5, while some noise was introduced in these cycles at wind farm locations. MBE also improved on average, although there is room for improvement on a site-wise basis. All data, models, and software produced through this work are publicly released at no cost, described more in Data Availability Statement.



Future Research Directions


This work poses a variety of additional research directions to pursue. While the model performance shown here is impressive, especially considering the limited training data and training time, we would like to improve accuracy even further. In the future, we would like to conduct a thorough architecture optimization to reduce network complexity and further speed up inference. Additionally, the models presented in this work were trained using only two GPUs and 6 years of training data. This is extremely limited by industry standards, where weather forecasting models are frequently trained on 30+ years of data and on 100+ GPUs [7,40]. Increasing the amount of training data and computational resources could further improve accuracy. Within the confines of the established framework, we are definitionally limited to the accuracy of the high-resolution target dataset. To combat this, we would like to perform a more extensive feature importance analysis on the broad set of ERA5 variables available for training and to explore physics-based loss terms derived from the Navier–Stokes equations. We can leverage some previous work on ERA5 feature importance [62]. Another exciting path for future work would focus on incorporating available observational data as part of either training or post-training data assimilation.





5. Conclusions


In this work, we have shown that by training a GAN model using ERA5 input data and WTK target data, we achieved results comparable in historical accuracy and spatiotemporal variability to conventional dynamical downscaling. Additionally, we extended the spatial enhancement GAN framework described in [40] to include temporal enhancement, incorporate a modified content loss function to encourage the accuracy of extreme values, and include a mid-network high-resolution topography injection that improved the high-resolution resource assessment in complex terrain. We demonstrated the use and performance of this method through comparisons with high-resolution target data and observational data for CONUS regions in the Pacific Northwest, Midwest, and Northeast. We downscaled ERA5 with this approach to produce a 24-year, high-resolution, high-accuracy, extensively validated wind dataset over Ukraine, Moldova, and eastern Romania. The ERA5 data were enhanced by 15 times along each spatial dimension and 12 times along the temporal dimension, going from 30 km hourly to 2 km, 5 min resolution. These data are comparable to state-of-the-art wind resource datasets developed with physics-based models and are publicly available through multiple easy-access options. We saw strong fidelity across performance measures and observation comparisons while reducing computation expense by two orders of magnitude. Python code for feature engineering, data handling, model training, and inference is also publicly available [58].
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Figure 1. Ukraine, Moldova, and Romania downscaling domain. MADIS observation sites are shown in dark red. Wind farm locations are not shown due to security concerns. 
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Figure 2. GAN training and inference flow. Inference is performed with only the generator. 
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Figure 3. GAN training and validation domains. Observation locations outside of training domain shown in red. 
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Figure 4. Wind speed (100 m AGL) distribution comparisons between ERA5, Sup3rWind, and original WTK across all validation regions. Columns from left to right: probability distribution of longitudinal wind speed gradient, probability distribution of wind speed time derivative, and normalized turbulent kinetic energy spectrum. The dashed line in the kinetic energy plots follows the     k   − 5 / 3     Kolmogorov scaling law. 
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Figure 5. Region-wide comparisons against 2010 observations. Columns from left to right: Sup3rWind vs. observation point cloud, WTK vs. observation point cloud, ERA5 vs. observation point cloud, probability distribution of the wind speed variability, diurnal cycle, and bias distribution. Coefficient of determination (    R   2    ), MAE, and MBE are shown above each scatterplot. The color scheme in the scatter plots is used to show density. The dashed vertical line in the bias distribution plots is positioned at zero bias. 
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Figure 6. Summary of Sup3rWind performance against Ukraine vertically averaged wind farm observations. (Top), (left) to (right): MAE, MBE, and Pearson correlation coefficients. (Bottom), (left) to (right): coefficient of determination, MRQE, and KS-test statistic. A–E labels refer to the wind farms listed in Table 4. 
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Figure 7. Summary of Sup3rWind performance against Ukraine vertically averaged wind farm observations. Columns from left to right: Sup3rWind vs. observation point cloud, ERA5 vs. observation point cloud, probability distribution of the wind speed variability, diurnal cycle, and bias distribution. Wind Farms A–E from top to bottom row. Coefficient of determination (    R   2    ), MAE, and MBE are shown above each scatterplot. MAE of the diurnal cycle is shown above each diurnal cycle plot. The color scheme in the scatter plots is used to show density. The dashed vertical line in the bias distribution plots is positioned at zero bias. 
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Figure 8. Summary of performance against Ukraine MADIS observations. (Top), (left) to (right): MAE, MBE, and Pearson correlation coefficients. (Bottom), (left) to (right): coefficient of determination, MRQE, and KS-test statistic. 
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Figure 9. Summary of Sup3rWind performance against Ukraine MADIS observations. Columns from left to right: Sup3rWind vs. observation point cloud, ERA5 vs. observation point cloud, probability distribution of the wind speed variability, diurnal cycle, and bias distribution. Coefficient of determination (    R   2    ), MAE, and MBE are shown above each scatterplot. MAE of the diurnal cycle is shown above each diurnal cycle plot. The color scheme in the scatter plots is used to show density. The dashed vertical line in the bias distribution plots is positioned at zero bias. 
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Table 1. A summary of terms used in this paper.






Table 1. A summary of terms used in this paper.





	Terms
	Meaning





	True low-resolution data
	Output of a low-resolution simulation. In contrast to artificial low-resolution data obtained through coarsening high-resolution simulation output. The primary example used is ERA5.



	High-resolution target data   (   y   t r u e    )
	Output of a high-resolution dynamical downscaling simulation. In contrast to synthetic high-resolution data obtained through GAN-based downscaling. The primary example used is WTK.



	     G   3 , 1     
	Generator, trained with ERA5 input and coarsened WTK (10 km, hourly) as target data with modified content loss function, which enhances low-resolution data by spatial factor 3 (first enhancement step).



	     G   5 , 1     
	Generator, trained with coarsened WTK (10 km, hourly) as input data and subsampled WTK (2 km, hourly) as target data, which enhances low-resolution data by spatial factor 5 (second enhancement step).



	     G   1 , 12     
	Generator, trained with subsampled WTK (2 km, hourly) as input data and original WTK (2 km, 5 min) as target data, which enhances low-resolution data by temporal factor 12 (third enhancement step).



	     G   15 , 12     
	Composite generator that performs all three enhancement steps to go from ERA5 (30 km, hourly) to 2 km, 5 min resolution.










 





Table 5. Statistics averaged across all CONUS validation regions.






Table 5. Statistics averaged across all CONUS validation regions.





	Performance Measure
	Sup3rWind
	WTK
	ERA5





	MAE
	1.901 m/s
	1.769 m/s
	2.428 m/s



	MBE
	−0.434 m/s
	0.079 m/s
	−1.908 m/s



	Pearson Correlation Coefficient
	0.721
	0.741
	0.692



	Coefficient of Determination
	0.524
	0.555
	0.492



	Mean Relative Quantile Error
	−0.075
	−0.036
	−0.345



	KS-Test Statistic
	0.115
	0.109
	0.292










 





Table 6. p-Values for performance measure differences averaged across all CONUS validation regions.
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	Performance Measure
	Sup3rWind vs. WTK
	Sup3rWind vs. ERA5





	MAE
	0.0379
	0.0679



	MBE
	0.0526
	0.0



	Pearson Correlation Coefficient
	0.241
	0.00843



	Coefficient of Determination
	0.241
	0.00914



	Mean Relative Quantile Error
	0.0846
	0.0



	Wilcoxon Signed-Rank Test
	0.0373
	0.0










 





Table 7. Statistics averaged across all wind farm observations.






Table 7. Statistics averaged across all wind farm observations.





	Performance Measure
	Sup3rWind
	ERA5





	MAE
	1.7186 m/s
	1.6202 m/s



	MBE
	−0.4879 m/s
	−0.7407 m/s



	Pearson Correlation Coefficient
	0.7598
	0.8016



	Coefficient of Determination
	0.5772
	0.6426



	MRQE
	−0.105
	−0.1321



	KS-Test Statistic
	0.0671
	0.1124










 





Table 8. p-Values for performance measure differences averaged across all wind farm observations.






Table 8. p-Values for performance measure differences averaged across all wind farm observations.





	Performance Measure
	Sup3rWind vs. ERA5





	MAE
	0.0304



	MBE
	0.041



	Pearson Correlation Coefficient
	0.0378



	Coefficient of Determination
	0.0378



	MRQE
	0.0



	Wilcoxon Signed-Rank Test
	0.00158










 





Table 9. Statistics averaged across all MADIS sites.






Table 9. Statistics averaged across all MADIS sites.





	Performance Measure
	Sup3rWind
	ERA5





	MAE
	0.4209 m/s
	0.4743 m/s



	MBE
	−0.1453 m/s
	−0.2389 m/s



	Pearson Correlation Coefficient
	0.9088
	0.8999



	Coefficient of Determination
	0.8259
	0.8098



	MRQE
	−0.0543
	−0.1287



	KS-Test Statistic
	0.0598
	0.1011










 





Table 10. p-Values for performance measure differences averaged across all MADIS sites.






Table 10. p-Values for performance measure differences averaged across all MADIS sites.





	Performance Measure
	Sup3rWind vs. ERA5





	MAE
	0.00651



	MBE
	0.0212



	Pearson Correlation Coefficient
	0.0167



	Coefficient of Determination
	0.0165



	MRQE
	0.0298



	Wilcoxon Signed-Rank Test
	0.00211
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