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We study the possible effect of climate change on the extreme wind over northern Europe using data from 18 models of the Sixth Phase of the Coupled Model Intercomparison Project (CMIP6) and the high-emission Shared Socioeconomic Pathway 5-8.5 (SSP585) scenario. We use the spectral correction method to correct the 6-hourly wind speeds and calculate the 50-year wind at an equivalent temporal resolution of 10 min, consistent with the International Electrotechnical Commission (IEC) standard. We obtain the possible effect of climate change through the comparison of the extreme wind parameters, including the 50-year wind and the 95%-percentile of the wind speed, and the change in turbine class at 50 m, 100 m and 200 m, between a near future period (2020–2049) and the historic period (1980–2009). The analysis shows an overall increase in the extreme winds in the North Sea and the southern Baltic Sea, but a decrease over the Scandinavian Peninsula and most of the Baltic Sea. However, the suggested change is not significant enough to conclude whether higher or lower classes of turbines will be needed in this area in the future.
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1 INTRODUCTION
Extreme winds can cause great loss to society and the 50-year wind, [image: image], a common measure of extreme winds, is one of the most important siting parameters that must be estimated when planning regional wind energy development. An accurate estimation of the extreme wind can help to harvest more electricity from winds, while avoiding placing the turbines in dangerous places, and to avoid over-designing of the wind turbines; it is directly related to the Levelized Cost of Energy (LCOE) and the implied cost of climate mitigation.
The scale and speed of wind energy development and deployment have never been so great and it will continue in the future (GWEC, 2022), but we also live in a world where climate is changing potentially affecting wind farm siting parameters like the 50-year return wind. Therefore, it is a relevant question to ask how climate change will impact extreme winds in the future and what this change implies for the cost of wind energy planning and development.
Extreme winds have not been studied as extensively as some other meteorological parameters such as extreme temperature and precipitation. The studies of extreme winds have also mostly been done though historical data from reanalysis and regional downscaling. Reanalysis data has been a popular choice for extreme wind estimation due to its global coverage and long-term availability, including European Centre for Medium-Range Weather Forecasts (ECMWF) reanalysis ERA-40 (e.g., Della-Marta et al., 2009), reanalysis from the National Centers for Environmental Prediction and the National Center for Atmospheric Research (NCEP/NCAR) (e.g., Larsén and Mann, 2009), the National Oceanic and Atmospheric Administration (NOAA) 20th century reanalysis (e.g., Donat et al., 2011), the 5th generation reanalysis from the ECMWF, ERA5 (e.g., Pryor and Bartelmie, 2021; Imberger and Larsén, 2022), Climate Four-Dimensional Data Assimilation (CFDDA) (e.g., Hansen et al., 2016), Climate Forecast System Reanalysis (CFSR) (e.g., Larsén and Kruger, 2014) and Modern-Era Retrospective analysis for Research and Applications version 2 MERRA2 (e.g., Imberger and Larsén, 2022). The temporal resolution of these data ranges from 1 to 6 h, and the spatial grid spacing from about 25 km to a couple of hundreds of kilometers. This resolution is too coarse and not ideal for site-specific extreme wind calculations. Using data from mesoscale model simulations is expected to improve the extreme wind estimation, as shown in, e.g., Bastine et al. (2018) and Larsén et al. (2021), where data from the Weather Research and Forecasting (WRF) model with spatial grid spacing of 3 km were used. The only global coverage of extreme wind that has applied microscale modeling with spatial grid spacing of 275 m has been created within the Global Atlas for Siting Parameters (GASP) project (Larsén et al., 2022). The above-mentioned studies look at issues related to the calculation of extreme winds through model data of different spatial and temporal resolution, and focus on the estimation of extreme winds using historical data, rather than the impact of climate change.
In recent decades, Regional Climate Models (RCMs) have been used to study the impact of climate change on extreme wind. However, these studies founded on several generations of RCMs do not seem to have reached a consensus. These studies include, for example, the PRUDENCE project (Prediction of Regional Scenarios and Uncertainties for Defining European climate change Risks and Effects), a EU Framework Program project that ended in 2004 (WCRP Working Group on Coupled Modeling (WGCM), 2004), ENSEMBLES (Ensemble-Based Predictions of climate changes and Their Impacts), a successor to PRUDENCE which finished in 2009 (van der Linden and Mitchell, 2009) and CORDEX (Coordinated Regional Downscaling Experiment, Giorgi and Gutowski, 2015), based on data known from the Fifth Phase of the Coupled Model Intercomparison Project (CMIP5; Taylor et al., 2012). The RCMs included in the PRUDENCE project have a spatial grid spacing of 50 km, ENSEMBLES 25 km and Euro-CORDEX 12 km. With PRUDENCE, Beniston et al. (2007) (with both high and low emission scenarios A2 and B2), Schwierz et al. (2010) (with SRES1 A2 scenario), and Rockel and Woth (2007) (also with SRES A2 scenario) studied the climate change on extreme wind using the 90th, 98th, and 99th percentiles of wind speed, as well as the gust and the [image: image]year return wind speed for the period 1961–1990 vs. 2071–2100. They found that these models suggest an increase in extreme wind in Central Europe in the future due to climate change. With ENSEMBLE, Donat et al. (2011) (with SRES A1B scenario) analyzed the 98th percentile of wind speed and found an increase in Northern Europe and a decrease in the Mediterranean Sea; Pryor et al. (2012) (with SRES A1B scenario) analyzed [image: image] and found similar change in Northern Europe in line with findings by Donat et al. (2011) and Clausen et al. (2012) (with SRES A1B scenario) analyzed four ensemble model members and calculated the 90th, 95th and 99th percentiles, [image: image] and the linear trend at hub height of 100 m, and found that in Europe, there is no significant change in [image: image] in majority of the grid cells by the middle of the century, while towards the end of the century, there is an increasing number of grid cells that show increases in [image: image] larger than the natural variability. With Euro-CORDEX, Outten and Sobolowski (2021) with the Representative Concentration Pathway 8.5 (RCP8.5) scenario calculated 10, 20, 30, 50, and 100-year return wind values for Europe for three periods 2011–2040, 2041–2070, and 2071–2100 and they found an overall increase in extreme wind in the future, for both Northern and Southern Europe. Comparison to ENSEMBLE data estimations, Outten and Sobolowski (2021) found that the 12 km resolution CORDEX data provides more details over complicated landscape, e.g., land and coastal areas, with enhanced extreme events. The typical resolution of RCMs, which is on the order of tens of kilometers on hourly basis, is still not high enough for the purpose of site specific estimation of extreme wind, due to the ever-present smoothing effect in numerical models (Larsén et al., 2012). However, these data are still useful to identify trends and changes in the extreme wind estimation.
To follow up these investigations, this study examines the possible climate change impact on the extreme winds using the new, CMIP6 data, here particularly the 50-year wind [image: image] over a historical period (1980–2009) and a near future period (2020–2049). To assist the analysis of [image: image], the 95% quantile of the wind speed [image: image] is used too. The CMIP6 project is the sixth phase and most recent phase of the CMIPs (Eyring et al., 2016). It used World Climate Research Programme (WCRP) Grand Science Challenges as the scientific backdrop of its experiment design. These Grand Science Challenges constitute a main component of the WCRP strategy to accelerate progress in climate science (Brasseur and Carlson, 2015), with one of the seven subjects particularly on climate extremes: “assessing climate extremes, what controls them, how they have changed in the past, and how they might change in the future.” A parallel study, Hahmann et al. (2022), used this data set to examine the effect of climate change on wind resources in northern Europe.
The CMIP6 data are available every 6 h, which is a resolution too coarse for the purpose of calculating the extreme wind, according the IEC standard, where a temporal resolution of 10 min is needed (IEC, 2019). To relate our calculation and analysis to the IEC standard for turbine design, and hence to be able to address the impact of climate change from the perspectives of wind energy application, we downscale the CMIP6 time series of wind speed in the temporal domain using a fast and simple spectral model that is well established for wind energy applications. This method, called the spectral correction method, corrects the CMIP6 time series to an equivalent 10-min temporal resolution and it is introduced in Section 2.3. Data, including CMIP6 and reanalysis data, are introduced in Section 2, followed by the results in Section 3. The discussion of the results and the conclusions are in Section 4 and Section 5, respectively.
For readability, a list of Abbreviations is provided at the end of this paper.
2 DATA AND METHODS
We use the output from CMIP6 models to assess the climate change impact on the extreme wind over two periods: the historical period (his-Period, 1980–2009) and the near future period (fut-Period, 2020–2049) from the CMIP6 historical and SSP585 simulations, respectively (Eyring et al., 2016). These two periods are relevant for a turbine’s life time of 20–30 years for a wind farm being planned in 2020. When assessing the CMIP6 data quality, we use three reanalysis data sets and measurements from the three FINO (Forschungsplattformen in Nord-und Ostsee) masts in the North Sea and the Baltic Sea for comparison with CMIP6 from his-Period.
The CMIP6 data are introduced in Section 2.1 and the reanalysis data in Section 2.2. When calculating [image: image], both CMIP6 and the reanalysis data will be processed using the spectral correction method, which is described in Section 2.3. [image: image] is used along with [image: image] when assessing climate change impact and it is defined as the wind speed value corresponding to the 95% highest wind sample collection of the original CMIP6 data. [image: image] is a strong wind index, however it is not a design parameter and there is no temporal resolution associated with its definition. Accordingly, the spectral correction is not applied to [image: image]. Following that, in Section 2.4, data and the comparison of the estimates of [image: image] from three FINO masts is briefly introduced. In Section 2.5, we introduce the approaches for addressing the statistical significance in the change of [image: image] between fut-Period and his-Period.
2.1 The CMIP6 data
Consistent with the study of wind resources using CMIP6 data in Hahmann et al. (2022), we use the 18 models listed in Table 1 for the high emission scenario SSP585. Among the many CMIP6 models these 18 are chosen for the same reason as given in Hahmann et al. (2022): the availability of model outputs of surface pressure, temperature and humidity in addition to the wind components [image: image] and [image: image] at the raw model level for the simulations of the historical (1980–2014) and future (2015–2050) scenarios. With the information of the profile of temperature and humidity and the surface pressure, we can compute the height of the model’s sigma levels and hence interpolate the wind speed from these levels to the desired heights above ground level, namely, at 50 m, 100 m, and 200 m. These heights are relevant for modern turbine sizes. The vertical interpolation of wind speed applies logarithmic dependence of wind speeds on height for these heights. The reason of choosing SSP585, instead of other scenarios, is to take advantage of its extreme, high emission, and hence to study the likely higher climate change impact.
TABLE 1 | Models in the CMIP6 archive used in this study.
[image: Table 1]To reduce the data download volume, we follow Hahmann et al. (2022) and crop the CMIP6 model data domain to approximately cover the area [image: image]E and [image: image]N. The 18 models are labeled with numbers in Table 1, together with the corresponding atmospheric model grid spacing and the number of vertical model levels. All data are available on 6-h basis. Details of these models can be found in the references. As the grid spacing of the 18 models is different, we interpolate all models to the reference grid from model 5 (with a grid spacing of 1.4 [image: image]) through a nearest-neighbor interpolation. Model 5, together with model 6 and 10, has the highest quality scores as will be shown in Section 3.1.2. To avoid filtering out information relevant for extreme wind studies from models of higher spatial resolution, we chose not to use the most coarse spatial resolution for the grid interpolation as often done in climate studies. It is of course a relevant question how the results and conclusions are affected by the choice of the reference model grid points and the choice the interpolation. In Supplementary Appendix S5, a detailed investigation is carried out using two other reference model grid points, with one as the most coarse and one as the highest spatial resolution. In addition, we add the bi-linear interpolation method.
2.2 The reanalysis data
The reanalysis data is used to assess the reliability of the CMIP6 wind speeds in describing extreme winds in the historic period in this region through a qualitative description of the spatial distribution and patterns of [image: image].
Three reanalysis data sets are used: 1) the CFSR (Saha et al., 2010) available at hourly temporal resolution with a grid spacing of about 40 km; 2) the MERRA2 (Gelaro et al., 2017) available hourly with a grid spacing of [image: image], and 3) the ERA5 (Hersbach et al., 2020) available hourly with a grid spacing of about 27 km. We calculate [image: image] using the his-Period with the three data sets with the spectral correction method.
Wind speed diagnostics are available at different heights in the three reanalysis: 10 m (CFSR), 10 m and 50 m (MERRA2), and at 10 m and 100 m (ERA5). A single common height for comparison with hub height would be ideal. However, extrapolating wind speeds from a height, i.e., 10 m or 50 m, to a typical modern turbine hub height ([image: image]100 m) uses several assumptions (e.g., Hahmann et al., 2022), and thus considerable uncertainty is added when considering the magnitude of the wind speed. Therefore, we avoid addressing the absolute value at a given point on the grid and focus on the spatial patterns of [image: image] based on the values at 10 m where all three reanalysis data are available.
2.3 The spectral correction method and the annual maximum method
The IEC standard requires that the 50-year return wind estimate are based on time series equivalent to a temporal resolution of 10 min. Thus, we cannot use the estimation of [image: image] directly from the 6-hourly CMIP6 data to refer to the IEC standard. The poor temporal sampling in addition to numerical smoothing effects due to the spatial discretization means that significant variability is missed compared to time series with a sampling rate every 10-min; the variability is essential for the estimation of the extreme wind (Larsén and Mann, 2006; Larsén et al., 2012). This issue is illustrated in Figure 1. When being presented as power spectrum [image: image] as a function of frequency [image: image], the original 6-hourly time series shows a fast decrease of energy from about [image: image]1 [image: image] to very little energy at [image: image], and no energy for [image: image] (gray curve) compared with the red curve (based on measurements) in the same range. The missing energy in this high frequency range affects the calculation of the extreme wind significantly, and the deficit can be derived straightforwardly and mathematically. If we assume that the once-per-year exceedance of the wind speed follows a Poisson process, at a threshold for the rate of once-per-year, such a distribution of the exceedance can be simplified as a Gaussian process, and accordingly, the maximum wind that occurs once a year, [image: image], can be derived as a function of the zero- and second-order spectral moments [image: image] and [image: image]:
[image: image]
where [image: image] is the mean wind speed, [image: image] is the basis period of 1 year and [image: image] is the [image: image]th spectral moment defined by
[image: image]
Please refer to Larsén et al. (2012) for details of the derivation. Equations 1, 2 show clearly that [image: image] is significantly affected by the values of [image: image] at high frequencies through [image: image]. Thus, if we can correct the spectral tail, we can improve the calculation of [image: image].
[image: Figure 1]FIGURE 1 | An example of the spectrum of the 6-hourly time series of wind speed at 100 m from the CNRM-CM6-1 model of historical period and the corrected spectrum to equivalent resolution of 10-min. The time series is from the location 56.7309[image: image]N, 9.84372[image: image]W.
The spectral correction method uses the spectral model from Larsén et al. (2013) to estimate the tail of the distribution for [image: image] Hz:
[image: image]
where the value of the coefficient [image: image] is calculated from the spectrum of the model data: referring to Figure 1, if we take the value of [image: image] from the above equation at [image: image], [image: image] can be obtained. The choice of where to start the replacement of the spectral tail depends on which frequency the modelled data reproduce the fluctuation. Exemplified Figure 1, we replace the tapered-out spectrum in gray for [image: image] with the red curve, Equation 3, for [image: image], where 72 [image: image] is the Nyquist frequency of a time series with a temporal resolution of 10-min. In Larsén et al. (2022), a regression line was obtained to describe the power spectrum and frequency in the range of [image: image], following the expected spectral behavior (Equation 3). Thus, it is not sensitive to use [image: image] in the range of [image: image]. We use this approach here too. Then we apply Equations 1, 2 with both the original and corrected spectra to obtain [image: image] and [image: image]. The ratio of the two is used to correct the annual maximum values from the CMIP6 time series to the values equivalent to 10 min. The magnitude of the change from the spectral correction method depends on how smoothed the original time series is in comparison with what is expected of an observed 10-min time series, namely, the difference between the gray and red curves. For the example shown in Figure 1, [image: image] m [image: image] from the raw CMIP6 data, and after the spectral correction, [image: image] m [image: image].
The spectral behavior is related to the energy transfer and cascade across atmospheric flow of different scales, following the law of physics. We assume the same set of physics laws in the future as in the historic data, and therefore do not introduce climate change in the spectra of the wind speed. This assumption should be reasonable, as demonstrated by the example of similar spectra from both the historical and future periods in Supplementary Figure S1, shown in Supplementary Appendix SA.
The spectral correction method has been applied in research and industry for [image: image] estimation. It was also used for creating the global atlas of siting parameters in Larsén et al. (2022) and validated with measurements from several continents (e.g., Larsén and Kruger, 2014; Hansen et al., 2016; Larsén et al., 2022). With this method, we can correct the annual wind maxima [image: image] (i = 1, [image: image]) from the CMIP6 time series to a temporal resolution equivalent to 10 min, where [image: image] as the number of years of the CMIP6 data.
The [image: image]-year return wind [image: image] for the Gumbel distribution at relatively long return period [image: image] can be written as [refer to, e.g., Abild (1994); Larsén and Mann (2009)]
[image: image]
Here [image: image] years, and this is the Annual Maximum Method (AMM). [image: image] and [image: image] are obtained through the probability-weighted moment procedure (Hosking et al., 1985; Abild, 1994):
[image: image]
where [image: image] is the mean of [image: image], [image: image] is Euler’s constant, and [image: image] is calculated from
[image: image]
The effect of using different length of time series on the calculation of [image: image] was extensively investigated in Larsén et al. (2015). The standard error of the Gumbel fitting is proportional to [image: image]. Thus using 30-year data gives very close estimate of [image: image] to using 40 or 50-year data.
2.4 FINO masts measurements
We use the results of [image: image] at about 100 m from the three FINO masts (FINO1, FINO2 and FINO3) from Larsén et al. (2019) to compare with the calculation obtained from the three above mentioned reanalysis data and CMIP6 of his-Period. The location of the stations, the data period and length and the exact height of the data used are shown in Table 2. Their locations are also marked in Figure 2. The corresponding values of [image: image] from Larsén et al. (2019) using AMM are also listed.
TABLE 2 | Sites and their coordinates, data period and coverage and the height where data are analyzed.
[image: Table 2][image: Figure 2]FIGURE 2 | Spatial distribution of the spectral corrected 50-year wind [image: image] for the his-Period derived from: (A) CFSR data at 10 m; (B) MERRA2 data at 10 m; (C) ERA5 data at 10 m; (D) ERA5 data at 100 m. The positions of the three FINO masts (see Table 2) are marked with ‘x’. The red lines show the coastlines.
2.5 Statistical significance
When using climate model output, it is always a challenge to quantify or qualify the systematic signals and uncertainties. In climate studies, the [image: image]value analysis is often taken to address the representativeness of sample statistics in relation to the “true” or observed ones. The sample size and variability of the studied variables are two major factors affecting the degree of representativeness. However, it is not known if an ensemble of all the CMIP6 models can satisfactorily represent the historical and future climate. We can only use about one third of all CMIP6 models, namely, 18 due to data availability. This certainly increases its uncertainty. It also limits the current study to find out what these 18 models suggest about the effect of climate change on the extreme winds. It is however still relevant to ask if the change as projected by the 18 samples is significant, in comparison with the model and inter-model variability. If the change is systematic, even though the magnitude is small in relation to the spread of the sample values, or the standard deviation, it should not be ignored or considered as noise. The question is how big the magnitude of the change should be, when it is “statistically significant.” Naturally, the value can be different when addressing different variables. Here, we are mostly interested in the type of turbine necessary for a given site and its possible change due to the effect of climate change.
Following the IEC standard, turbine classes I, II, III and TC (for most severe storms such as tropical cyclones) are defined based on the threshold 10-min values of [image: image] at hub height; the IEC turbine classes with corresponding extreme wind ranges are shown in Table 3. To quantify the climate change impact on the possible change in turbine class, we assign TCL = 1–4 to the four classes as in the IEC standard plus an additional class, TCL = 5, for [image: image] m [image: image]. Note that the change of [image: image] from one class to a neighbouring class is about 7 m [image: image]. If we use the highest class as reference, a change in [image: image] of 5% is about half of that value, suggesting a significant impact. We thus define a relative change larger than 5% as being “significant,” 2%–5% as being medium important, and less than 2% as being trivial. Note that here the word “significant” is not the same as that used in, e.g., the IPCC reports.
TABLE 3 | Turbine classes (TCL) with corresponding extreme wind ranges, and the assigned index.
[image: Table 3]We compute the difference between the fut-Period and the his-Period using Equations 7-10. The difference of [image: image] between the fut-Period [image: image] and the his-Period (U50,hits) for each model is:
[image: image]
with [image: image], and [image: image]. The absolute mean difference is calculated as the mean of the differences of [image: image] between the historic and future periods for the 18 models:
[image: image]
The relative difference is defined as
[image: image]
and mean relative difference is
[image: image]
A similar calculation for the second variable [image: image] is done to obtain the absolute and relative difference [image: image] and [image: image]. Five ranges of [image: image] ([image: image] and [image: image]) are used to quantify the change:
[image: image]
where SI is for significant increase, MI is for medium increase, neutral is for no obvious change, MD is for medium decrease and SD is for significant decrease.
A probability distribution of [image: image] from different models is obtained for [image: image] and [image: image] for each grid point, to study how systematic the results are. For each grid point, we calculate the corresponding distribution values, including the mean, median, minimum, maximum and standard deviation of the distribution. We also calculate the percentage of area that suggests the five significant ranges SI, MI, neutral, MD, SD. To address if the change is significantly “systematic” at a given point, we examine if there is a 80% or more agreement of models in the sign of the change.
To roughly assess how much of the changes in [image: image] are caused by climate variability, we examine the trend in the annual wind maxima in the historic period [image: image], with [image: image] and [image: image] the number of years of the period. The examination is done by applying a linear regression to [image: image]:
[image: image]
where [image: image] and [image: image] are regression coefficients, with the slope of the regression line [image: image] representing the trend, and [image: image] is less relevant. If there is a positive trend in the series of [image: image] from the historic period, [image: image] and we would expect the samples of annual wind maxima to be of larger values in the future under similar variability, and therefore larger [image: image] for the future period. Thus, we expect a considerable positive correlation between [image: image] and [image: image], and vise versa for the negative correlation.
To help qualifying the CMIP6 model reliability, we compare the estimate of [image: image] from his-Period to that from the reanalysis data in Section 3.1.1. The assessment of the effect of climate change by straightforwardly comparing the results from the his-Period and fut-Period thus excludes the bias correction in the climate data. We have made this decision based on the following considerations. First, as will be shown by the results in Section 3.1.1, it is challenging to define a reference data for quantifying the bias in the climate data from either measurements or reanalysis data; the three reanalysis data show a variety of results of [image: image]. Second, it is uncertain to assume that the bias in the his-Period is the same as that in the fut-Period. To this, the only option is to make assumptions and we hereby assume that the bias is consistent in the two periods.
To further assess the robustness of the results from the 18 models, we also use sub-samples from the 18 models depending on several performance indices as presented in Section 3.1.2, thus forming two additional selections of models. The statistics are compared with those from the 18 models.
3 RESULTS
For each model grid point, [image: image] are calculated from the reanalysis data. Both [image: image] and [image: image] are calculated from the CMIP6 data for the his-Period and fut-Period. The results for [image: image] from the reanalysis data and CMIP6 of his-Period are presented in Section 3.1.1 and Section 3.1.2, where the quality of the CMIP6 ensemble members is discussed. The climate change impact on the extreme wind is analyzed in Section 3.2.
3.1 Extreme wind in the historic period
3.1.1 Reanalysis data
The 50-year wind [image: image] at 10 m from the CFSR, MERRA2 and ERA5 reanalysis data are shown in Figure 2 for the his-Period. Over water, the spatial gradient in [image: image] is similar in the three data sets, with the highest values northwest of the British Islands and lowest in the northern Baltic Sea. Among the three, the CFSR and MERRA2-derived [image: image] are more similar with respect to the spatial patterns and magnitudes. The ERA5 [image: image] at 10 m is, on average, systematically smaller. Over land, an obvious difference between ERA5 and the other two reanalysis data is the distribution over Norway and Sweden, where both CFSR and MERRA2 data suggest stronger extreme wind over western Norway and the smallest at approximate 61[image: image]N over Sweden, while the ERA5 data suggest lower extreme wind over western Norway and the smallest on the west coast at [image: image]N. These patterns are suggested to be related to extremely high surface roughness lengths in MERRA2 over forest and the use of orographic drag in the ERA5 model (Dörenkämper et al., 2020). The spatial distribution is similar for the ERA5 data at 10 m and 100 m.
As mentioned in Section 1, a global atlas of [image: image] was made available in the GASP project at a spatial grid spacing of 275 m. We compare the spatial distribution of [image: image] at 100 m from ERA5 (Figure 2D) and [image: image] at 100 m from the GASP project (see Figure 5 in Larsén et al. (2022)). In the GASP data, the values of [image: image] at 100 m over water were derived using those at 10 m assuming a logarithmic wind profile and a surface roughness length parameterization from the Simulating WAves Nearshore (SWAN) model (Larsén et al., 2022); over land, the values from the CFSR reanalysis data were downscaled using microscale modeling; see also Larsén et al. (2022). The large scale pattern of [image: image] from GASP is consistent with what we observed here in Figure 2. The values of [image: image] at 100 m over land vary by 20–40 m [image: image] and those over water from about 25 to 55 m [image: image]. Offshore, these values are of comparable magnitude to those in Figure 2D, namely, ERA5 data at 100 m.
Due to the differences in the various reanalysis data it is difficult to decide which one of them is the best without a systematic validation with measurements. But a global database of such measurements does not exist. Thus, we focus on the characteristics of the wind distribution that are shared by these reanalysis data and use them to discuss the quality of the CMIP6 data for his-Period. We use the following wind characteristics that are present in the three reanalyses as basic quality check for the CMIP6 data: (a) A 50-year wind at 100 m [image: image] that ranges between about 5 and 55 m [image: image] over the domain; (b) Stronger extreme winds over the North Sea than over the Baltic Sea; (c) Strongest [image: image] in the northern North Sea; (d) Clear land-sea difference with stronger winds over water. We use these four characteristics to create an index, defined as the large-scale score (with 0 meaning “not matching” and 1 meaning “matching”), and use it for data analysis of the CMIP6 model outputs (Table 4).
TABLE 4 | Score of the large-scale extreme wind for the his-Period for the 18 CMIP6 models (labeled as defined in Table 1) using the four wind characteristics defined in Section 3.1.2. Also shown are the three model groups. The third column “corr” is the correlation between [image: image] the regression slope coefficient in Equation 12 [image: image] and [image: image] for each model at all grid points.
[image: Table 4]3.1.2 CMIP6 data
We use the same procedure as used for the reanalysis data, e.g., through the spectral correction method, Annual Maximum Method and the Gumbel distribution fit, to calculate [image: image] for the 18 CMIP6 models at three heights 50, 100, and 200 m. The height of 100 m is shown in Figure 3 from the 18 CMIP6 models.
[image: Figure 3]FIGURE 3 | The 50-year wind at 100 m for the 18 CMIP6 models for the his-period, [image: image], estimated using the spectral correction method. The model’s labels follow those defined in Table 1. The red lines show the coastlines.
We use the four characteristics, (a)–(d), as described at the end of Section 3.1.1 to give a score 0 or 1 to the 18 models. The results of this scoring are summarized in Table 4. The four criteria are generous, and therefore the scoring is qualitative; all models satisfy the basic quality criteria (a) and (b). In the end, we have 6 models with highest score 4 (models 1, 5, 6, 9, 10, 18) and 3 models with lowest score 2 (models 8, 11, 14). As introduced in Section 2.5, to explore the sensitivity of results to the collection of model data, in addition to the analysis using all 18 models (called “All-group”), we also perform the data analysis using two sub-groups of models: “Score-4-group” (including all models of a score of 4: 6 models), and “Score-3/4-group” (including models with a score of 3 or 4: 15 models). The model grouping is also shown in Table 4.
We validate the calculations of [image: image] at 100 m from the CMIP6 data with those from measurements at the three FINO masts from Larsén et al. (2019) (Table 2). Note that the data periods and lengths from the FINO sites are shorter and different from the CMIP6 historical data; this can bring uncertainties to the comparison. As mentioned in Section 2.2, for CFSR and MERRA2 data, due to the uncertainties in calculating wind speeds at 100 m from wind speeds from 10 m or 50 m, we avoid examining the wind speeds at 100 m over the entire domain. For the water sites FINO 1, 2, and 3, we used the same method as in the GASP project (section 2.2; Larsén et al. (2022)) to extrapolate the winds of CFSR and MERRA2 data to 100 m, in order to compare with the measurements. Figure 4 presents the difference of the estimates of [image: image] in percentage between the measured and modeled values for the three FINO sites. Even though some CMIP6 models provide more consistent large scale patterns, their performance at the three offshore sites are not necessarily best (e.g., model 10). Models with lowest large-scale scores as in Table 4 (model 11 and 14) also show poor performance at the three sites, while the performance of model 8, which as a large-scale score of 2, has little bias.
[image: Figure 4]FIGURE 4 | Comparison of [image: image] at 100 m at the three measurement sites: (A) FINO1, (B) FINO2 and (C) FINO3, between the observed value and that of the 18 CMIP6 models (labeled as defined in Table 1) for the his-Period, as well as that of the three reanalysis data, with ‘E’ for ERA5, ‘C’ for CFSR1 and ‘M’ for MERRA2. The values are [image: image], where [image: image], with [image: image] from Larsén et al. (2019).
3.2 Climate change impact on the extreme wind
The effect of climate change on the extreme wind is estimated through parameters defined in Section 2.5. This includes the mean and relative differences in [image: image] and [image: image] from the 18 models at each grid point (Figures 5, 6). A description of the model spread of the differences at each grid point is shown in Figure 7 and the summary statistics over the entire domain are shown in Table 5.
[image: Figure 5]FIGURE 5 | Spatial distribution of model mean difference [image: image] (left column) and relative mean difference ([image: image], right column) between the his- and fut-Periods. for model All-group (A, B), Score-4-group (C, D); and Score-3/4-group (E, F).
[image: Figure 6]FIGURE 6 | Same as Figure 5, but for the 95% quantile of the wind speed at 100 m. For model All-group (A, B), Score-4-group (C, D) and Score-3/4-group (E, F).
[image: Figure 7]FIGURE 7 | Range (SI–significant increase, MI–medium increase, neutral–no obvious change, MD–medium decrease, SD–significant decrease, see text) in relative change in [image: image] (left column) and [image: image] (right column) at 100 m supported by the largest number of CMIP6 models in All-group (A, B), Score-4-group (C, D), and Score-3/4-group (E, F). Red crosses in (A) and (B) mark the grid points where 80% or more of the All-group suggest consistently [image: image].
TABLE 5 | Summary of the statistics of change in the extreme wind [image: image] at 100 m (Figure 5) and [image: image] (Figure 6) over the entire domain.
[image: Table 5]We first explore the effect of climate change on [image: image] and [image: image]. For each grid point, a distribution of the five kinds of change (SI, MI, neutral, MD, SD) with the corresponding number of supportive models is made (not shown). The change corresponding to the largest number of supportive models is extracted and shown in Figure 7 for each grid point. This is done to the All-group (a,b), Score-4-group (c,d) and Score-3/4-group (e,f), and the results are shown as the three rows in this figure, respectively. The left column is for [image: image], and the right column is for [image: image].
Figures 5, 6 show high consistency of the spatial patterns of [image: image] and [image: image]. At first glance, the CMIP6 models prediction for the future suggest an increase in the extreme wind over the west part of the domain (including the United Kingdom, Denmark and parts of Germany) and a decrease in the northwestern Atlantic. The results also indicate that climate change could lead to reduced extreme wind over most of the eastern part of the model domain, including Sweden, Finland, parts of Poland and middle part of the Baltic Sea for the near future (2020–2049) based on the SSP585 high emission scenario. These features are present in All-group, Score-4-group and Score-3/4-group. When being averaged over the entire domain with all models included, the future [image: image] is 0.2 m [image: image] weaker than the historic value with a standard deviation 0.5 m [image: image] among the 18 models. The corresponding minimum, median and maximum value of [image: image] is −1.7, −0.2 and 1.1 m [image: image], suggesting an overall weaker extreme wind. However, these values are rather small and less than 2%.
Table 5 summarizes the statistics for the three groupings. The All-group is rather similar to the Score-3/4-group, while the Score-4-group, which has only 6 models, shows slightly larger differences but consistent results. For the majority of grid points in the model domain, most models indicate no obvious change (“neutral” [image: image] of grid points depending on the ensemble group), and many grid points show significant increase or significant decrease. From Figure 7, the CMIP6 models suggest the largest chance of reduced extreme winds in the near future mostly over land in the middle part of Norway and Sweden and part of Poland. Over the Baltic Sea, the CMIP6 ensemble suggests the largest possibility of reduced extreme wind in the north, but of increased extreme wind in the south. For all 5 ranges of [image: image] in Equation 11, there are no grid points where 80% or more of the models suggest the same trend. However, when combining the last two ranges of [image: image], namely, [image: image], there are a few grid points where 80% or more of the All-group suggest the same conclusion; these grid points are marked with “x” in Figure 7A for [image: image] and b for [image: image].
The correlation coefficient between [image: image] as in Equation 12 and [image: image] for each model is provided in Table 4 (column 3). For all models, all grid points, the overall average correlation coefficient is 0.03, almost zero. None of the models suggests a considerable positive dependence of the change in [image: image] on the linear trend from the historic period [image: image]. This implies an overall weak impact from the climate variability on the change in [image: image]. We therefore attribute the change to climate change, rather than the climate variability.
To discuss the relevance and importance of the climate change effect on the extreme winds, we relate the extreme wind change to the turbine class as defined in the IEC standard (IEC, 2019) (Table 3). The corresponding changes in turbine class are calculated for each CMIP6 model and each grid point. When requiring the level of statistical significance for climate studies, 80% of the samples, be consistent in the signals, all grid points suggest no TCL-change. It is still so when lowering the level from 80% to 50%. Behind this conclusion lies the fact that individual models indicate locations with TCL-change rather differently, and therefore do not conform to statistical significance for TCL-change. Here we use the Score-4-group as an example; the TCL-change at 100 m in the six models are shown in Figure 8. For each grid point, the majority of the models suggest no TCL-change, but each model has its own locations for the red (stronger TCL) and blue (weaker TCL) boxes. For instance, model 1 (Figure 8A) suggests a lower turbine class in the near future over the water in the north, and a higher turbine class in part of the southern North Sea; model 9 (Figure 8D) has contradicting suggestions. Model 5 (Figure 8B) suggests higher TCL in the coast areas of Norway, Finland, Denmark, the Baltic Sea and south of the North Sea, to which model 18 (Figure 8F) has contradicting suggestions (except for the most northern part of the United Kingdom). These results suggest that in this region there is no conclusive trend in the change in the extreme winds that will provoke a shift towards the need for higher TCL in the future. A change towards a higher TCL would make wind energy development more expensive. The same analysis was performed at 50 and 200 m; the conclusions are the same as at 100 m.
[image: Figure 8]FIGURE 8 | Change in the future TCL for 100 m in the six models in Score-4-group: (A) model 1: ACCESS-CM2; (B) model 5: CNRM-CM6-1; (C) model 6: CNRM-ESM2-1; (D) model 9: IPSL-CM6A-LR; (E) model 10: MIROC6; (F) model 18: UKESM1-0-LL. The colors indicate: one class stronger (red), one class weaker (blue) and no changes (green).
4 DISCUSSION
We investigated the climate change effect on the 50-year wind, which is one of the key design parameters for wind turbines. We used outputs from 18 CMIP6 models, which is about one third of all models submitted to CMIP6. We also chose to use the high-emission SSP585 scenario, following Hahmann et al. (2022). Such a selection faces the question whether this collection of models is sufficient for drawing robust conclusions. The models were chosen because of the availability of a number of variables needed for deriving the wind speeds at turbine hub heights from the values at model levels (Hahmann et al., 2022). In addition, in terms of wind resources, Hahmann et al. (2022) showed good agreement with observations for the historical period for the North Sea for at least 16 of the 18 models. This is however not directly transferable to extreme winds. With this limitation, we note that the analysis and conclusions drawn here may be updated in the future when more relevant data are made available by the community. At the same time, it is worth finding out what the 18 models suggest regarding the climate change effect on the extreme wind and more relevantly to wind energy application, the change in the choice of turbine class.
A common challenge in analyzing ensemble data is to separate the “signal” from the “noise,” as signals can be buried in the group of models (e.g., Outten and Esau, 2013; Smith et al., 2020). Smith et al. (2020) pointed it out: “Quantifying signals and uncertainties in climate models is essential for the detection, attribution, prediction and projection of climate change.” Even within different reanalysis products that should be representative of the historic data, there are already significant discrepancies in their estimations of extreme winds, here, particularly over land. The measurements used here are from three offshore sites, thus evaluation based on the FINO locations would strongly underrate both the model scatter and wind extreme changes over the region as the whole. Our approach for “extracting signals” of the effect of climate change include the comparison of the large scale distribution pattern of the extreme wind between the CMIP6 model data that are consistently presented by the three reanalysis data, and the average of the increase and decrease in the extreme wind parameters in the model ensemble. It must be noted that the chosen analysis approach is based on the assumption that consistent behaviour between the CMIP6 models is an indicator for higher probability of occurrence under the given scenario (e.g., Christensen et al., 2019). This assumption is commonly used in the IPCC assessment report (IPCC, 2021). There are systematic and consistent patterns for increased and decreased extreme winds that can be identified in certain regions, for both [image: image] and [image: image]. We used three different groups, with one including 18 models, one with 6 models and one with 15 models, depending on several performance indices, in order to get a qualitative assessment of how sensitive the results are to the models.
Among the many studies on climate change impact, the impact on extreme wind conditions does not lead to a clear conclusion. The following patterns have been identified in earlier studies using different model outputs and scenarios: (a) Overall increasing extreme wind parameters in Northern Europe (e.g., Donat et al., 2011; Pryor et al., 2012; Christensen et al., 2022); (b) Increase over the Baltic Sea (e.g., Nikulin et al., 2011; Christensen et al., 2022); (c) Small insignificant increase with large spread in the southern part of the Baltic Sea. Christensen et al. (2022) found from 72 EURO-CORDEX RCP8.5 simulations very little agreement even on the sign of wind speed change. With the current study, some key statistics can be summarized (see, e.g., Table 5), including: about 40% of domain area corresponds to no considerable change, 20% corresponds to significant increase and a slightly smaller area suggests significant decrease. Geographically, quite a large area of the North Sea corresponds to an average increase, and most part of the Baltic Sea and the Scandinavian Peninsula corresponds to an average decrease. Most analyses here also support a medium increase in southern part of the Baltic Sea. While the analysis has also shown some degree of sensitivity regarding the models used, the overall conclusions are consistent (Figures 5–7). For all five ranges of [image: image], there is no single grid point where 80% or more of the models suggest the same change. However, there are 4 or less grid points over the entire domain, as marked in Figure 7 for the relatively larger groups All-group and Score-3/4-group, where more than 80% of the model suggest [image: image]. It is however difficult to draw further conclusions from the very few grid points.
It should be noted that here for both his-Period and fut-Period, 30-year long data are used in connection with Equations 4–6. Data length of 30-year is considered a sufficient length for the calculation of 50-year return wind for the studied area (e.g., Larsén et al., 2015). However, if an extreme wind event has a return period longer than 30-year, it could not be detected in our calculations.
We assess the importance of the effects of climate change on the extreme wind (and thus on wind turbine siting), by relating the results to the IEC standards and discuss how it affects the design criteria for turbines. There is a high diversity between models on the general analysis of extreme wind and there is no consensus anywhere in the studied domain regarding if it will be more expensive or cheaper in the future to install wind turbines (Figure 8). Most models suggest no change in turbine class over most grid points in the study area. Using different reference model grids and interpolation methods to convert different model data to common grid points do not change the conclusion. It is expected that a high resolution regional modeling downscaled from the CMIP6 data will bring much more spatial variability. The corresponding regional model output will be valuable for updating the analysis in this study. Such a downscaling to a spatial resolution of a few kilometers is a big project and it will take the community some time to accomplish. However, these regional modeling is often done with historical land use classes, which limits its usefulness to wind-related studies. This study only downscales the CMIP6 data in temporal domain using the spectral correction method, so that the calculated extreme wind of the time series matches that of a 10-min time series (requirement from the IEC standard). The spatial details, however, are thus not resolved. For the 18 CMIP6 models, the quality of the extreme wind simulation, which is assessed through the comparison of extreme wind distribution pattern with reanalysis data and comparison with values from measurements at three offshore sites, did not suggest that higher resolution gives better agreement with measurements. This is likely because the spatial resolution of all of these model data are too coarse and all the sites are offshore. These data have a spatial resolution ranging from about 80 km to a couple of hundreds of kilometers. This will of course introduce uncertainties and thus we can only discuss the effect of climate change on a large scale.
5 CONCLUSION
Eighteen CMIP6 ensemble members are used to assess climate change impact on extreme wind over Northern Europe. There is a large diversity of suggestions of impacts between the model members. The analysis shows an overall increase in the extreme winds in the North Sea and southern part of the Baltic Sea, but a decrease in the Scandinavian Peninsula and most part of the Baltic Sea. However, the wind climate change as projected by the CMIP6 SSP585 models does not suggest more expensive or cheaper turbines will need to be installed in the area.
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