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Abstract 

      Wind has become an important element of climate for consideration due to the its 

growing presence as a renewable source of energy. Variations in wind create uncertainty 

which adversely impacts investment and planning decisions and can lead to structural 

damage to equipment when extreme events occur which are not able to be adequately 

planned for. Long-term wind variations are related to climate variability over periods 

ranging from months to years, with the so-called teleconnections possibly driving 

significant changes in power output. The goal of this study was to assess the potential 

impacts of modes of variability within the climate system on wind energy output in the 

Upper Midwest (UMW: 40-52°N, 87-105°W), a North American region rich in wind 

resources and experiencing rapid turbine deployment. First, to facilitate this goal, the 

representation of wind resources by reanalysis models was tested, as were methods of 

extrapolating 10-meter wind speeds to heights more common of wind turbines (hub-

height, often around 80-100 meters). Reanalyzed wind fields were found to capture many 

of the mean, variational and distributional characteristics of wind speeds at 10-meters as 

measured by weather stations, though declining trends in the observations were not found 

to be accurately replicated in the reanalysis models. Next, four methods of wind speed 

extrapolation commonly used in the literature were tested for their capacity to capture the 

mean and variations in wind speeds from tall towers measuring at heights ranging from 

39-100 meters above ground level. Each method was applied to four reanalyses and 

results compared against tall tower data. All of the method-reanalysis combinations 

produced wind speeds which were too slow than observed and less variable than those 

measured at the tall towers, though the variable exponent power rule applied to MERRA 
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was able to achieve relatively close results with small mean biases. 80-meter wind fields 

were generated from MERRA using the variable exponent power rule for application in 

the final section of this study.  

      The 80-meter wind fields were utilized to derive wind energy output. This power 

output data was then used in a multiple linear regression model to assess the influence of 

several teleconnections important to the UMW, as well as potential effects of solar 

forcing variations. This model was applied to each grid cell and season, allowing for 

spatial and temporal variations in the relationships between the modes of variability and 

power production to manifest. The magnitude and significance of the teleconnections and 

solar forcing vary throughout the year and across the region. These influences are shown 

to fit with expectations of flow set by sea level pressure anomaly patterns. Extreme 

monthly wind energy anomalies are explored, with the strongest extremes affecting most 

of the region simultaneously and negative power anomalies found to persist for periods of 

several months to a year. Negative power output episodes are shown to follow from a 

combination of synoptic and teleconnection-driven factors while strong, positive output 

episodes are mostly short-lived and the result of synoptic factors (favorable positions of 

high and low pressure and strong pressure gradients). These findings have important 

implications for long-term energy planning and have the potential to improve seasonal 

and interannual predictions for the industry. 
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      Wind has risen to prominence as a renewable energy resource. This has occurred as 

global climate change due to human activities, primarily the burning of fossil fuels, is 

causing an accumulation of greenhouse gases in the atmosphere and are disrupting the 

planetary energy balance. In the face of this environmental threat, institutions at various 

levels of society, from energy utilities to national governments, have enacted goals and 

mandates for the proportion of energy generation which is renewably sourced (Beck and 

Martinot 2016). Yet these trends are occurring amidst the backdrop of a purported decline 

in near surface, 10-meter wind speeds, which may be partially a result of climate change 

and changes in surface cover induced roughness change (Bichet et al. 2012; Vautard et al. 

2010). Complicating matters further is that direct measurements of wind speed at heights 

above ground level (AGL) where wind turbines operate, the so-called hub-height (50-120 

meters), are rare. Even in cases where sites are chosen for wind energy extraction and 

measurement campaigns are undertaken, data collection typically lasts for only a few 

months to a year. Long-term records from nearby stations can be used as a supplement to 

short-term measurements through the measure-correlate-predict (MCP) method (Carta et 

al. 2013), yet said stations are prone to biases from changing surface conditions nearby, 

the inhomogeneity of the data and the potential effects of climate variability (Kirchmeier 

et al. 2014). Data from reanalysis models can also be used as a long-term record, though 

most do not provide output for specific hub-heights and must be extrapolated. Reanalysis 

models can provide suitable wind data, as their integration is guided by meteorological 

observations over the historical period, however, non-negligible biases arising from 

surface characteristics and diurnal wind variations persist in these datasets (Rose and Apt 

2015). 
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      Short-term variations on the order of minutes to days have been the focus on much 

research for energy prediction and balancing of supply to demand purposes (Okumus and 

Dinler 2016; Cassola and Burlando 2012). Long-term variations, having received 

comparatively less attention, are just as important, as financial interests and energy 

planners grapple with how wind resources are changing year over year and throughout 

the 20 to 30-year lifetime of most wind installations (Njiri et al. 2019). Variations over 

monthly to decadal timeframes due to internal variability in the climate system are of 

prime concern, particularly variations which are persistent and affect large geographical 

regions. Modes of variability and their teleconnections with weather and climate around 

the world can impact wind resources, making understanding their influence not only 

important for diagnosing resource variability but also for potentially enhancing the 

capacity for seasonal and interannual wind energy predictability (Torralba et al. 2017). 

These modes can alter flows across regions far in excess of the spatial extents of their 

‘centers of action,’ the areas from which they originate (Rohli and Vega 2008). 

      Numerous teleconnections have been identified in the literature. The most prominent 

and climatologically influential example is that of the El Niño Southern Oscillation 

(ENSO), a pattern of alternating winds, ocean currents and storminess in the Tropical 

Pacific between Indonesia and South America that produces global impacts (McPhaden 

et al. 2006). The “positive” phase, El Niño, tends to cause spikes in global temperatures 

and has noted impacts on precipitation and wind, most notably over the regions 

surrounding the Pacific Basin. La Niña, the “negative” phase, seems to have different, 

though not simply inverse, impacts around the globe. As will be shown, the shifted jet 

streams and pressure patterns around the Pacific during significant ENSO phases have 



4 

 

important impacts on wind speeds not only in areas surrounding the basin, but across the 

world. There are other, hemispheric-scale teleconnections such as the Arctic Oscillation 

(AO) and Antarctic Oscillation (AAO), in which pressure tendencies between the 

midlatitudes and poles are negatively correlated. A positive Arctic Oscillation is 

associated with stronger pressure gradients and a more zonal, poleward displaced jet 

stream over North America and Europe, while the negative phase results in weaker 

gradients and a meandering jet stream and sharp temperature anomalies in the 

midlatitudes (Ruddiman 2008). Stronger pressure differences would be expected to drive 

stronger winds, particularly in the subpolar midlatitude locations. The AO and AAO are 

also thought to be linked to the stratospheric polar vortexes, with some research using the 

connection to link ozone depletion, especially over Antarctica and the Southern 

Hemisphere, to changes in midlatitude temperature, precipitation and wind regimes 

(Kang et al. 2011). Other regional modes, such as the Pacific Decadal Oscillation and the 

North Atlantic Oscillation (NAO), are noted to cause significant changes closer to their 

respective ocean basins, though it is still an open debate if these represent true 

oscillations in their own right of if they are merely regional manifestations of more 

prominent modes (Newman et al. 2003; Rohli and Vega 2008). Some other modes have 

been documented, such as the Pacific North American (PNA) pattern and the Atlantic 

Multidecadal Oscillation (AMO). It is notable that the nature of the AMO has been 

questioned, with some research suggesting it is a complex interaction of regional and 

global climate forcings (particularly solar and aerosol influences) rather than a shift in 

regional circulations (Otterȧ et al. 2010). 
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      Previous work has found relationships between major modes of variability and wind 

speed or power output both globally (Zeng et al. 2019) and for various regions, 

particularly those near the oceans. Europe and its surrounding regions are most heavily 

influenced by the NAO, with significant but less well constrained influences by the AO 

and the AMO. European winds exhibit a north-south gradient in wind anomalies that 

have positive correlations in northern Europe and negative correlations in southern 

Europe with the phase of the NAO (Kriesche and Schlosser 2014; François 2016). A 

positive NAO drives storm tracks into Northern Europe while a negative NAO pattern 

drives them into the Mediterranean region. Kirchner-Bossi et al. (2015) used a 

relationship between reanalysis wind data and two wind energy production sites to 

hindcast wind power production from 1871-2009, finding a decline of 5.6 percent per 

century as well as a small input from the NAO and AMO. Average wind speeds in 

Sweden were shown to positively correlate with the winter phase of the NAO, though a 

significant decline in wind speeds, particularly in summer, has also been noted that is not 

correlated with any teleconnection indices (Minola et al. 2016). Earl et al. (2013) 

analyzed wind trends for the United Kingdom and found a strong correlation with the 

NAO. Naizghi and Ouarda (2016) showed that by using wavelet analysis on station and 

renalaysis data in the United Arab Emirates, they could isolate the influence of the NAO 

and ENSO on wind anomalies there. They concluded that the negative phase of the NAO 

brought stronger winds to the UAE in summer and also exhibited a positive correlation 

with ENSO which was modulated by the variability in the Indian Ocean.  

      Several studies indicate strong evidence for the influence of ENSO and other modes 

on winds over and around the Pacific Basin. Yu et al. (2020) and Chen et al. (2013) show 
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some correlations between ENSO and wind variability in China. Chen et al. (2013) also 

notes a significant negative correlation with the AO, where the positive phase of the AO 

weakens the Siberian High and thus, the winter monsoon winds. The effects of the 

Siberian High and the negative phase of the AO have been shown to negatively correlate 

to wind ramp events (sudden changes in wind speed) in East Japan due to the more 

frequent passing of midlatitude cyclones that are more likely to cause such events (Ohba 

et al. 2016). Positive phases of ENSO coincide with declines in wind speed across much 

of the United States and Southern Canada, driven in part by the poleward displacement of 

the winter storm track (Pryor et al. 2012; Schoof and Pryor 2014). Dramatic shifts 

between the phases occur in the Pacific Northwest, where La Niña drives strong winds 

and storms across the region (Griffin et al. 2010). Wind speeds ins southern California 

and the southern tier of the United States experience positive correlations with ENSO, as 

El Niño episodes extend the subtropical jet stream over these regions and bring stormier 

conditions (Berg et al. 2012). Wind gusts were found to follow this pattern as well, 

though the signal for El Niño was less clear than for La Niña (Enloe et al. 2004). Yu et al. 

(2015), using an EOF analysis of wind patterns over the contiguous United States 

(CONUS), found that in addition to the dominant relationship with ENSO, winds over 

much of the CONUS displayed a negative relationship to the summertime NAO while the 

AO, PNA, PDO exhibited small correlations with wind speeds in specific months.  

      Effects of the teleconnections extend to wind-rich regions far removed from the 

oceans as well, though they are less well constrained due to a complex interaction of 

factors. One such region is the Upper Midwest (UMW: 40-52°N, 87-105°W), which 

consist of broad, open plains sloping down from the Rocky Mountains in the west to 
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mixed grassland and forest in the east around the Great Lakes. A region within the 

interior of the North American continent, the UMW experiences strong seasonal 

variations in temperatures, precipitation and winds, with weather regimes dominated by 

the flux of continental polar air masses from Canada interacting with tropical, moist air 

masses from the Gulf of Mexico. Winter is dominated by the polar jet stream steering 

cyclones and cold air masses on predominantly westerly tracks. Several studies have 

noted the strong seasonal cycle in surface wind speeds, with faster speeds in winter and 

spring than in summer and autumn (Hamlington et al. 2015; Haupt et al. 2015). Klink 

(2007) used several years of tall-tower data in Minnesota to test the influence of several 

factors on winds at 70 meters, including the pressure gradient derived from the NCEP-

NCAR reanalysis as well as the index values for the ENSO, AO and the PNA. ENSO and 

AO were found to exhibit the largest influences once the pressure gradient effects were 

removed. These effects, particularly those related to ENSO, are shown to be widespread 

throughout the UMW (Harper 2005; Harper et al. 2007), the Great Lakes (Li et al. 2010) 

and the southern Canadian plains (St. George and Wolfe 2009). Limitations in the data 

used, such as being of short duration (5-10 years) or assessing wind speeds which were 

not near turbine hub-heights, means that significant questions remain as to the real 

impacts of internal modes on wind energy variability in the UMW. 

      The goal of this study was to quantify the influence of the modes of climate 

variability on wind energy in the UMW. The chapters of this work represent the steps 

necessary to facilitate this goal, starting with the validation of reanalysis-model derived 

wind fields. Chapter two focuses on the representation of daily and monthly average 10-

meter wind speed data in the Upper Midwest by six global reanalysis datasets. The 
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accuracy of the datasets was assessed using several measures of skill, as were the wind 

speed distributions and long-term trends. This assessment was necessary because 10-

meter surface winds are often the baseline from which hub-height wind speeds are 

extrapolated. The next step was to obtain data at the heights of wind turbines. Chapter 

three assesses methods of extrapolation which are often applied in wind energy modeling, 

but which are not often able to be validated against direct observations or compared for 

their relative skill. Four commonly used methods (the 1/7 power rule, the log rule, the 

variable exponent power rule and linear interpolation) are applied to four relatively high-

resolution reanalysis datasets for the UMW and compared to meteorological tower data at 

heights ranging from 39-100 meters. Based on this comparison, the best of the 

extrapolation method-reanalysis pairs was used to obtain 80-meter wind fields for use in 

wind energy modeling. Finally, in Chapter four, the extrapolated wind speeds were used 

to obtain estimates of power output for application in a statistical model of the influence 

of teleconnections on energy production. Several modes of variability as well as surface 

solar flux, are assessed for their influence on reanalysis-derived monthly wind energy in 

the UMW using a multiple linear regression approach for each season. This approach was 

used to capture the potential overlapping influences of the teleconnections as well as to 

assess the spatial patterns of influence in the region throughout the year. 
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2.1 Introduction 

      Wind is an important factor in local and regional weather patterns yet has only 

recently been more robustly analyzed as the demand for wind information has grown 

(Clark et al. 2017). Research into the climatology and variability of wind over several 

timescales is informative to many applications such as wind energy planning (Carta et al. 

2013), hydrology (Krogh et al. 2014), and modeling the spread of aerosols and 

atmospheric pollutants (Cheng et al. 2016). Short-term, sub-daily wind predictability has 

improved significantly in the last few decades, which has been of importance to energy 

suppliers who must carefully balance the intermittent power supply against fast-paced 

changes in demand (Clark et al. 2017, Jung and Broadwater 2014). Long term wind 

assessments however, while necessary for many of these efforts, are hampered by the 

lack of wind data coverage that are of sufficient duration for the task. Nearby stations can 

provide long wind records in some locations and have been used as wind proxies for site-

specific projects, though they are spatially and temporally discontinuous and suffer from 

inhomogeneities caused by changes in instrumentation and station placement, as well as 

nearby environmental changes which affect local wind flow (Wan et al. 2010; Pirazzoli 

and Tomasin 2003; Lott and Baldwin 2002). 

      One source of long term wind data are retrospective analyses, or reanalyses. These 

models produce spatially and temporally complete datasets which aim to capture the true 

state of the atmosphere over several decades by assimilating observations. The gridded 

data provide continuous output over the surface and throughout the atmosphere, including 

places rarely if ever sampled by observational networks. Reanalyzed datasets come with 

their own uncertainties stemming from biases in the observations and model 

parameterizations, the integration processes used to assimilate the data and the output of 
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continuous atmospheric variables into discreet grid-points (Parker 2016; Wang et al. 

2016; Rose and Apt 2015). To extract information for specific locations unresolved by 

the model grids and estimate the uncertainties of the model output, data from grid cells in 

the model output can be interpolated to those locations or used as a predictor variable in a 

statistical model constructed to estimate the relationship between the decades-long 

reanalysis timeseries and shorter-term data collected at a location of interest. This is the 

basis of long-term wind resource estimation methods such as the measure-correlate-

predict (MCP) procedure (Carta et al. 2013) or the analog ensemble approach (Vanvyve 

et al. 2015). These methods of site-specific wind data extraction come with their own 

uncertainties resulting from the effects of factors not captured by the reanalysis model 

resolution and the stationarity of relationships identified between the short-term and long-

term datasets. Further, biases and uncertainties from the reanalysis model can carry 

through processes used to obtain local information and as such, need to be accounted for 

in any analysis or application of the reanalyzed data.  

      Many studies have utilized reanalyzed wind fields without any critical assessment of 

their skill, accuracy or uncertainty, often assuming them to be representative of 

observations or conducting only limited, qualitative checks on the results. Some have 

used reanalyzed wind fields to verify the output of climate models (Kumar et al. 2014; 

Schoof and Pryor 2014) or to assess the effects of teleconnections on regional wind 

energy potential (Kriesche et al. 2014). Several studies have utilized reanalyzed wind 

data to model wind energy variability in Scandinavia (Olauson and Bergkvist 2015), 

Ireland (Kubik et al. 2013), Europe (Bett et al. 2013), China (Yu et al. 2016), the 

conterminous United States (Yu et al. 2015; Gunturu and Schlosser 2012; Pryor et al. 
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2012) and the greater Great Lakes region (Fisher et al. 2013; Li et al. 2010). Mizukami et 

al. (2016) linearly-interpolated reanalyzed wind data as part of a suite of downscaled data 

for use in hydrological applications. 

      Work that has been done to quantify the skill of various reanalyzed wind datasets has 

found non-negligible biases, particularly in hourly or sub-daily variations, and in long-

term regional trends. He et al. (2010) compared two early reanalyses against stations in 

North America using diurnal Weibull distribution parameters, finding larger biases in 

nighttime wind speeds and those associated with rougher or more complex terrain. Rose 

and Apt (2016) and Decker et al. (2012) compared reanalyzed wind speeds against data 

collected at meteorological and flux tower data, respectively, finding that root mean 

square error (RMSE) declined with longer timesteps while correlations exhibited only 

minor improvements, though both incurred added uncertainties due to the necessary 

vertical extrapolation from 10 meters. Decker et al. (2012) further assessed daily and 

monthly average wind speeds, finding RMSE values of 2-5 ms-1 and correlations of 0.4-

0.9 at most tower locations for several reanalysis datasets. Several reanalysis datasets 

were compared to surface wind observations for Germany (Kaiser-Weiss et al. 2015) and 

in the Arctic (Lindsay et al. 2014), with both studies concluding that increased resolution 

and data assimilation in later generations of reanalysis model significantly improved 

wind representation in each region. Studies which have assessed long term wind speeds 

in the reanalysis datasets have found insignificant or even positive trends, in contrast to 

the significant declines found in observations over the last several decades over land 

areas outside of the polar regions (McVicar et al. 2012). Trend discrepancies have been 

postulated to result from potential inhomogeneities in the observations, unresolved biases 
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in the models, or possibly due to low-frequency teleconnection influences or regional 

radiative forcing patterns (Bichet et al. 2012; Pryor et al. 2010; Pryor et al. 2009). 

      This study builds on that literature by assessing the skill of six widely-used global 

reanalysis datasets in representing daily and monthly 10-meter wind speeds for the Upper 

Midwest (40°-52°N, 87°-105°W - see Figure 2.1) over the period from January 1979-

December 2016. Many studies have focused on sub-daily wind variability, though daily 

averaged wind speeds have been used in wind energy applications (Kirchner‐Bossi et al. 

2015). As such, in this work I focus primarily on daily average wind speeds but also 

include monthly average wind speeds to assess how low-frequency wind variability is 

represented in the reanalyses. There are a variety of methods used in the literature to 

assess the skill of the reanalyses, and as no one method is widely embraced, several are 

used in this work to quantify biases, distributions and long-term trends. Part 2 of this 

paper details the reanalyses and the observational data used while Part 3 describes the 

methods. Part 4 will discuss the results and Part 5 will conclude with a discussion of the 

ramifications of this work.  

2.2 Data 

2.2.1 Reanalyses 

      This study assesses the wind speed output from six reanalysis datasets: the National 

Centers for Environmental Prediction-Reanalysis 2 (NCEP-R2), the National Oceanic 

and Atmospheric Administration, coupled with the Cooperative Institute for Research in 

Environmental Sciences 20th Century Reanalysis (CIRES-20CR), the European Center 

for Medium-range Weather Forecasting (ECMWF) ERA-Interim, the Modern-Era 

Retrospective Analysis for Research and Applications Version 2 (MERRA), the Japan 

Meteorological Agency 55-year Reanalysis (JRA55), and the NCEP Climate Forecast 
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System Reanalysis (CFSRv1 + CFSRv2, hereafter CFSR). General details and data 

sources for each of the reanalyses are provided in Table 2.1, with technical details 

provided in the listed documentation. The data were obtained in U and V component 

format in either hourly or 4-hourly time steps. Wind speed was calculated from the 

components at each time step and averaged to obtain daily wind speeds in ms-1. Maps of 

the average regional wind speeds over the period of interest are shown for each of the 

reanalyses in Figure 2.2, with notable differences in the pattern of mean winds as 

expressed by the varying resolutions of the models. 

      Fujiwara et al. (2017) provides an in-depth analysis and comparison of several 

reanalysis datasets, including the ones utilized here. The atmospheric models that form 

the core of the reanalyses are similar to those used for weather forecasting and climate 

research, with most models run using prescribed sea surface temperatures, sea ice 

coverage, and land surface characteristics, though some of the newest model versions 

allow for limited interactions of coupled oceanic and sea ice components (Lindsay et al. 

2014). Data assimilation varies between the reanalyses, with most utilizing the 3D-Var or 

4D-Var schemes, though the Kalman Ensemble (KE) filter was used in the CIRES-20CR 

iterations while MERRA made use of a modified version of 3D-Var through Incremental 

Analysis Updates (Compo et al. 2011; Dee et al. 2011; Kanamitsu et al. 2002). Each 

assimilation method attempts to correct model variables using co-located observations, 

with studies having found that problems in the assimilated data streams adversely affect 

model skill (Krueger et al. 2012; Smits et al. 2005). For this work, it is notable that 

surface (10 m) winds are calculated in the reanalyses by interpolating to the 

topographical geopotential level through a boundary layer scheme, with only later 
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generation models interpolating to heights above and below 10 meters above ground level 

(AGL) for use in hydrological and wind energy applications. Global reanalyses do not 

assimilate land surface station wind data, allowing wind speed observations to act as an 

independent variable for model verification (Rienecker 2011; Saha et al. 2010; 

Kanamitsu et al. 2002). The North American Regional Reanalysis (NARR) did assimilate 

wind data at a relatively high resolution but was not considered here in order to maintain 

consistency in comparing global reanalysis output against independent observations. 

2.2.2 In-Situ Observations 

      Daily wind speed observations were retrieved from the Global Surface Summary of 

the Day (https://www.ncdc.noaa.gov/isd/products) dataset, which was derived from the 

Integrated Surface Hourly (ISH) land station dataset. The ISH was collated from multiple 

sources and reported by the National Centers for Environmental Information (NCEI) and 

Federal Climate Complex (Lott and Baldwin 2002) in units of knots, which were 

converted to ms-1 for this analysis. Most of the wind data were collected by cup 

anemometers with a standard accuracy of about 1 ms-1 (Nadolski 1998), though a shift to 

sonic anemometers with a standard accuracy of about 0.1 ms-1 (Högström and Smedman 

2004) occurred at most locations between 2003 and 2008. 30 stations were selected from 

within the study area (see Table 2.2) that contained the most complete data for the desired 

period (1979-2016). All the station records had missing data, with 6 stations missing a 

few years either at the beginning of the period of interest or at the end. The station data 

were subjected to over 57 quality control checks while in preparation for the ISH, mostly 

to correct for weather condition inconsistencies and unexplained spikes, as well as to 

bring the measurements in line with the general best practices outlined by the World 

Meteorological Organization (Smith et al. 2011; Lott 2004). Further quality controls were 
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applied in this analysis by removing daily average wind speeds derived from fewer than 

12 hours of measurements. The resulting time series contained between 85-97 percent of 

the possible 13880 daily observations at each station. These quality controls did not 

account for long-term inhomogeneities due to station location shifts, instrument changes 

or changes to the local environment, which are handled in the next section. 

2.3 Methods 

2.3.1 Homogenization 

      Inhomogeneities are common in records of many climate variables, including wind 

speed. These result from modifications in station location, instrumentation or reporting 

practices, as well as local environmental changes such as land use conversions and the 

build-up of infrastructure. Studies often note these biases when assessing station wind 

climatologies and trends, though attempts to remove them are often limited by a lack of 

supporting metadata or independently verified reference records with which to correct the 

time series (Azorin-Molina et al. 2014; Kubik et al. 2013; Wan et al. 2010; Klink 2002). 

One characteristic of inhomogeneous time series is the abnormally high persistence as 

measured by the autocorrelation function (ACF), which should tend toward zero at larger 

lag-times but which maintain a significant level of long range dependence (Rust et al. 

2008). This is true of the observations used here, where many of the unhomogenized 

wind speed time series from the region exhibit autocorrelation values as high as 0.2 at 20 

days and 0.1 at 60 days (see Figure 2.3). Homogenization has been shown to reduce this 

dependence in station wind series (Kirchmeier et al. 2014; Rust et al. 2008).  

      Kirchmeier et al. (2014) made use of a quantile mapping method in which metadata 

for stations in the greater Great Lakes region were used to find the longest period of data 

in which the station location was the same and correct the remaining portion of each 
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station record to fit the cumulative distribution function (CDF) of the data within that 

period. A similar approach is applied here through the fitQmapQUANT and 

doQmapQUANT functions (Gudmundsson 2016) in the statistical package R (R Core 

Team 2017). Metadata for the US stations (https://www.ncdc.noaa.gov/IPS/lcd/lcd.html) 

showed that over the period 1979-2016, there was a significant station move and/or a 

change in anemometer height (to 10 meters AGL) for all stations in the 1990s due to the 

Automated Surface Observing System (ASOS) standardization.  This resulted in a small 

negative bias in wind speeds (Lott 2004). Three stations experienced anemometer height 

changes before the ASOS standardization while four stations were changed to 8-meter 

measurements for ASOS due to local restrictions. There was also a shift from the use of 

cup to sonic anemometers in the 2000s, which could result in a negative bias of 6-16 

percent due to cup anemometer over-speeding (Wieringa 1980; Izumi and Barad 1970). 

      Each wind speed observation series was homogenized by partitioning the series based 

on the changes noted in the metadata, with breaks at the anemometer height changes, the 

ASOS standardization, and the shift to the sonic anemometers. The last section of data, 

being measured in a single location by the sonic anemometer, was taken to be the most 

accurate and was used to construct a CDF separated into 200 quantiles. The middle 

section, after the ASOS implementation but at the same location, was quantile corrected 

by constructing a CDF from its values and obtaining a correction factor by calculating the 

difference between the CDFs, with values not found in the quantiles estimated through 

linear interpolation. Each data point in the middle section was then corrected by adding 

the appropriate adjustment factor. To correct the remaining sections, a new CDF was 

constructed from the now corrected time series made up of the corrected middle and last 
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sections. Offsets for the first section were then calculated and added to the data just as for 

the middle section. Finally, the four stations where the ASOS anemometer heights were 

restrained to 8 m AGL were corrected to 10 meters via the 1/7 power rule. The Canadian 

station metadata was unavailable, though by comparing the station data to the output of 

from Wan et al. (2010), it was found that the lattermost portions of each station series 

matched the previously homogenized data. The same quantile correction was applied as 

in the US stations, with the data from the period over which the datasets matched being 

used to correct the remainder of the time series. As seen in Figure 2.3, the autocorrelation 

was reduced and thus exhibited less long-term persistence. Further justification is found 

in the consistency of the negative biases found due to the ASOS station moves and the 6 

percent decline in the corrected wind speeds after accounting for the shift to sonic 

anemometers, consistent with the biases found in Lott (2004) and Wieringa (1980), 

respectively. 

2.3.2 Model-Station Colocation and Spatiotemporal Comparison 

      In-situ observations were compared to the data from the reanalysis grid cells which 

contained each station location using the nearest neighbor approach. While the direct 

comparison of site-specific data to spatially averaged data from a grid cell carries 

inherent uncertainty, higher resolution models have been compared to observations in this 

manner to avoid the added uncertainties associated with interpolation (Sharp et al. 2015) 

and is performed here for all reanalysis models - regardless of resolution - for the sake of 

consistency. One instance of two stations being encapsulated by the same grid square 

occurred in NCEP-R2 and CIRES-20CR, though the results exhibited no significant 

differences when they were averaged in the statistics versus when they were not. Going 

forward, the reanalysis grid square subset used to compare to the observations will be 
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referred to as the station-grid squares (SGS). Daily mean wind speeds were averaged to 

obtain monthly time series for both the observations and the reanalyses, and both the 

daily and monthly time series were subset into spring (MAM), summer (JJA), autumn 

(SON) and winter (DJF) so as to make seasonal comparisons. Statistical measures of 

skill, Weibull parameters and trends are calculated for each SGS and averaged to obtain 

the mean regional comparison, though variations within the region and between time 

intervals within the period of interest are also discussed. 

2.3.3 Statistical Comparison 

      The SGS were compared to the observations using commonly applied statistical 

metrics in wind assessments, specifically the Weibull parameters, the Pearson 

correlations, the mean differences (MD), the mean absolute error (MAE), the root-mean 

square error (RMSE), and the linear trends. The metrics were calculated for each station-

SGS pair and averaged to obtain regional values discussed in the results. The MD values 

indicate the sign of the wind speed biases, while the magnitudes are captured by the MAE 

and RMSE. Trends (ms-1decade-1) and the associated 0.95 confidence intervals were 

calculated from the daily data using least squares regression for each station and SGS. 

The Weibull distribution is commonly used to represent wind speeds. While the 

distribution has been shown to be less skillful in representing nocturnal wind regimes and 

wind distributions over complex terrain (Bett et al. 2013; He et al. 2010), these concerns 

are somewhat ameliorated through the focus on the Upper Midwest and the use of daily 

mean and monthly mean wind speeds for the analysis. The Weibull probability density 

function is defined as: 

𝑃(𝑈) =
𝑘

𝛾
(
𝑈

𝛾
)𝑘exp [−(

𝑈

𝛾
)𝑘]     (1) 
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where U is the wind speed, k is the shape parameter (pointedness, dimensionless) and γ is 

the scale parameter (central tendency, in ms-1). The shape and scale parameters were 

estimated by the fitdist function in R (Delignette-Muller and Dutang 2015), using 

maximum likelihood fitting, for each station and SGS timeseries, from which the 

regionally averaged distribution parameters were calculated. 

2.4 Results 

2.4.1 Skill Scores 

      Table 2.3 shows the MD, MAE, and RMSE values, as well as the correlations, 

calculated from the observed and reanalyzed daily data from the full period of record, as 

well as the seasonal subsets of daily values. Daily MD values ranged from -0.464-0.703 

ms-1, and as expected, were smaller in magnitude than the MAE and RMSE. Daily RMSE 

values (1.032-1.946 ms-1) were larger than the daily MAE (0.807-1.523 ms-1) but were in 

agreement on the relative skill of the reanalyses. The reanalyzed winds exhibited fairly 

high correlation with daily mean observations, with lower resolution models (NCEP-R2 

and CIRES-20CR) having lower correlations of 0.71-0.75 and higher resolution models 

having correlations ranging from 0.85-0.89. NCEP-R2 had the largest MAE and RMSE 

values, followed by CIRES-20CR and JRA55, MERRA, ERA-Interim and CFSR, which 

had the smallest daily biases. The scores generally improved with increased resolution 

and complexity, though the pattern was less apparent when only the higher resolution 

reanalyses were considered (ERA-Interim, MERRA, JRA55, CFSR), consistent with 

previous work on reanalyzed Arctic winds (Lindsay et al. 2014) and winds within the 

boundary layer in the Midwest (Decker et al. 2012). The difference of RMSE and MAE 

scores, which indicates the relative presence of larger errors, are largest for NCEP-R2 

and smallest for MERRA. MD values indicate that overall, daily biases are positive 



21 

 

(reanalysis wind speeds are faster than observed wind speeds) for NCEP-R2, ERA-

Interim and MERRA, while CIRES-20CR, JRA55 and CFSR exhibit negative biases 

(slower than observed wind speeds). Lindsay et al. (2014) also found that NCEP-R2 and 

CFSR exhibited positive and negative biases, respectively, however MERRA was found 

to produce slower than observed winds in the Arctic. Rose and Apt (2016) also found a 

negative bias in wind speeds from CFSR. 

      Scores computed from daily data exhibit important seasonal variations. The observed 

seasonal wind pattern (Figure 2.4) exhibits the strongest winds in April (5.0 ms-1) and the 

weakest in August (3.5 ms-1). In contrast, reanalyses tend to produce peaks in the winter 

months and lulls in the late summer months, though JRA55 and MERRA better captured 

the observed April peak. As was the case for the values calculated from the daily means, 

monthly MAE and RMSE strongly covaried and were smallest for each reanalysis in the 

summer and largest in winter or spring. Daily seasonal correlations varied by less than 

0.1 for each reanalysis, with slightly lower correlations in summer and winter compared 

to autumn and spring. This pattern is consistent with previous work on wind speeds in the 

Upper Midwest, which noted slower winds in the summer due to the northward-

displacement of the jet stream and the presence of relatively high pressure, as well as the 

higher velocities and variability in the other seasons from higher frequency cyclone 

activity (Klink 2007; Klink 1999). CFSR tended to obtain the lowest errors overall, 

though spring errors were lowest for MERRA. MERRA also obtained the highest 

correlations in each season, though the correlations for CFSR and JRA55 were 

comparable. Figure 2.4 also gives a sense of the seasonal MD values, which were 

consistently positive throughout all seasons for NCEP-R2 and MERRA and were 
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consistently negative for CIRES-20CR and JRA55. Spring wind speeds were slower than 

observed in ERA-Interim while summer, autumn and winter winds were faster. CFSR 

winds were slower than observed in every season except winter. 

      The MD, MAE, RMSE and correlation values for the observed and reanalyzed 

monthly mean winds, as well as their seasonal subsets, are displayed in Table 2.4. MD 

values were the same as those of the daily data to within 0.1 ms-1 while MAE (0.544-

0.848 ms-1) and RMSE (0.654-0.981 ms-1) values were smaller than the daily values by 

17-55 percent and 27-59 percent, respectively. JRA55 exhibited the smallest differences 

between the daily and monthly MAE and RMSE scores while the largest differences 

occurred in the lower resolution reanalyses. ERA-Interim exhibited the smallest overall 

monthly MAE and RMSE values, which manifested most clearly in the spring and 

summer series, while CFSR obtained the smallest monthly errors in autumn and winter. 

Seasonal, monthly correlations were more variable and smaller in magnitude than the 

corresponding daily values for each reanalysis and season. MERRA produced the 

strongest correlations, though ERA-Interim obtained the highest correlation for the 

summer months. Smaller correlations for monthly winds compared to daily winds has 

been noted in previous work (Toledo et al. 2015; Decker et al. 2012), though not all 

regions incur lower monthly correlations (Kaiser-Weiss et al. 2015). This could be due to 

the high variability of monthly wind speeds compared to the underlying annual cycles, 

shown here in Figure 2.5 for the locations which consistently had largest and smallest 

monthly to daily correlation differences in the reanalysis comparisons. High monthly 

wind variability at Redlake is largely unconstrained by the annual wind cycle, while the 

monthly wind deviations from the annual cycle are smaller at Peoria and result in a 
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monthly correlation which is greater than the daily value. High wind variability, 

including from longer averaging intervals, may result from the influence of local 

topography or land cover variations that remain unresolved at the resolutions of the 

reanalyses (Kaiser-Weiss et al. 2015). 

2.4.2 Distributions 

      The parameters of the Weibull distributions are given for the daily and monthly 

observations and reanalyzed wind series in Table 2.5 and shown in Figure 2.6. Daily 

wind speed shape and scale parameters for the observed station series were 2.46 and 4.75 

ms-1, with reanalyzed ranges of 1.96-2.84 and 4.22-5.54 ms-1, respectively. Monthly 

values for the observed winds were 7.28 and 4.49 ms-1, with reanalyzed ranges of 6.69-

8.78 and 4.01-5.26 ms-1, respectively. As expected, the monthly wind speeds exhibit 

larger shape parameters, indicating a tighter clustering of wind speeds about the central 

tendency. The larger spread of daily wind speeds result in scale values which are 0.05-0.4 

ms-1 higher than the monthly values. Seasonal values of the daily and monthly parameters 

exhibited similar patterns. Scale parameters were consistently smallest in the summer, 

corresponding to slower winds during the warm season. The observed peak in the scale 

parameter occurred in spring, however it varied between winter and spring in the 

reanalyses. Seasonal shape parameters computed for daily data from the reanalyses 

exhibited less variation than the seasonal shape parameters calculated from the monthly 

data. 

      NCEP-R2 and CIRES-20CR consistently underestimated the shape parameters in all 

daily wind series and in all monthly wind series except in the winter. Shape parameter 

differences were positive but smaller in magnitude for all of the remaining reanalyses 

except JRA55, which exhibited negative shape values for the daily summer winds and for 
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all monthly wind subsets. This would indicate that NCEP-R2, CIRES-20CR and, to an 

extent, JRA55 wind speeds exhibit a larger spread than the observations, while the rest of 

the reanalyzed winds are more tightly constrained about the central tendencies. Daily and 

monthly scale parameter values were similar in magnitude and sign to the mean 

differences reported in Tables 2.3 and 2.4. The combination of larger than observed shape 

and scale values in NCEP-R2 resulted in distributions which differ markedly from the 

observations in Figure 2.6, particularly for the monthly series. JRA55 and ERA-Interim 

generally obtained shape and scale values, respectively, which were closest to those of 

the daily observations, though CFSR and CIRES-20CR captured the daily autumn and 

daily winter wind scales, respectively. The ability of the reanalyzed wind series to 

capture the observed monthly parameters was more varied, with NCEP-R2 and CIRES-

20CR obtaining values that were comparable with those from the higher resolution 

reanalyses.  

2.4.3 Trends 

      Observed daily wind speed trends from the homogenized series were negative over 

the period of record, as shown in Table 2.6 with each associated confidence interval (α = 

0.05). The observed regional average trend was -0.057 ± 0.044 ms-1decade-1. This 

observed trend over the 38-year period of interest, while significant, is smaller in 

magnitude than was found in previous studies which included the Upper Midwest 

(Blunden and Arndt 2016; Pryor and Ledolter 2010; Pryor et al. 2009). Seasonally 

observed daily wind speed trends in spring (-0.138 ± 0.36 ms-1decade-1), summer (-0.203 

± 0.272 ms-1decade-1), autumn (-0.267 ± 0.364 ms-1decade-1), and winter (-0.277 ± 0.371 

ms-1decade-1) were strongly negative, though none were statistically significant. Stronger 

daily winds (> 50th percentile, not shown) exhibited larger, significant downward trends 
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(-0.068 ± 0.007 ms-1decade-1) than were found in weaker winds (< 50th percentile, not 

shown), which was not significant (-0.028 ± 0.031 ms-1decade-1).  

      While the spread of the trends overlap within the bounds of the confidence intervals 

(see Figure 2.7), only the JRA55 wind series exhibited a statistically significant negative 

trend of -0.11 (± 0.024) ms-1decade-1. CIRES-20CR, ERA-Interim and CFSR obtained 

negative daily wind speed trends, though they were not significant, while NCEP-R2 and 

MERRA exhibited non-significant, positive trends. CFSR exhibited non-significant, 

negative trends in all seasons, and all of the reanalyses obtained negative trends in the 

summer. None of the reanalyzed daily wind series captured the more pronounced decline 

in the stronger daily wind speeds (> 50th percentile) relative to the weaker winds.  Maps 

of the observed, station-based trends (Figure 2.8) and those calculated for the reanalyses 

(Figure 2.9) show the spatial differences between the relatively homogenous spread of 

the observed downward trends and the varying patterns that arose within the modeled 

wind series. The discrepancy between the observed and simulated trends has been 

attributed to several possible factors such as undocumented station inhomogeneities, 

changes in the local roughness caused by urbanization and land-use change, or the 

influences of climate change and teleconnections (Azorin-Molina et al. 2016; McVicar et 

al. 2012; Fu et al. 2011; Vautard et al. 2010; Wan et al. 2010). It is also notable that even 

when land surface wind data was included in the assimilation scheme of a reanalysis, 

insignificant trends in surface wind speeds have resulted, making the influence of factors 

external to the reanalyses more likely (Li et al. 2010; Mesinger et al. 2006). 

2.4.4 Spatial and Temporal Variations 

      The Upper Midwest is a relatively topographically homogenous region compared to 

areas of complex terrain like the Rocky Mountains, yet the changes in terrain and land 
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cover throughout the region do have effects on wind speed. Much of the region overlaps 

with the Great Plains, though the northern and eastern portions partially encompass the 

Canadian Shield and the western edges of the Great Lakes, respectively. Forests cover 

much of the northeastern quadrant, resulting in enhanced surface roughness and slower 

mean wind speeds. These variations were expressed in the reanalyses (Figure 2.2) and 

could affect the accuracy of the reanalysis model. To assess the potential effects of these 

landscape variations, SGS were split into three groups, the Canadian shield (station 

locations 6,7,8, and 17), the lake coast (4,18,27, and 29) and the plains (all locations not 

included in the other groups). Observed average wind speeds were found to vary 

significantly between the plains (4.4 ms-1), the Shield (3.3 ms-1), and the coasts (3.9 ms-1). 

The skill scores were compared by calculating the difference of each region from the rest 

of the domain and tested for significance at the 0.95 confidence level using a student’s t-

test. Variations between daily regional MD, MAE and RMSE values followed a similar 

pattern and are represented by the MAE values in Table 2.7. The ratio of the regional 

differences to the mean daily MAE values (reported in Table 2.3) are also given as 

percentages, indicating the relative size of the regional skill scores compared to the 

domain average. Differences between the regions and the domain were small and ranged 

from 0.01-0.48 ms-1 but significant (p-values < 0.001) for daily values, while monthly 

differences were generally smaller and found to not be significant.  Regional differences 

as percentages of the domain averaged daily MAE values ranged between 2.0-24.1 

percent for the plains, 7.6-46.4 percent for the shield and 0.1-48.5 percent for the lake 

coasts. JRA55 exhibited the largest regional differences for the shield (46.4 percent) and 

the coasts (48.5 percent), while CFSR exhibited the largest value for the plains (24.1 
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percent). There were no significant regional variations in the daily correlations, with 

differences of up to only 0.03, throughout the domain. Overall variations in regional skill 

scores, while significant in some cases, were small compared to the domain-averaged 

skill scores and were less than the uncertainty in the cup anemometer observations which 

covered most of the period of interest (Nadolski 1998). 

      Global and regional densities of assimilated observations within reanalysis models 

varies over time, as fewer instances and types of observations were available further back 

in the record. While the model parameters are consistent throughout the runtime of the 

simulation, the variations in data availability in space and time can differentially affect 

the accuracy of the reanalysis (Fujiwara et al. 2017). This is assessed by splitting the data 

into decadal periods (1980-89, 1990-99, 2000-09, 2010-16) for each reanalysis and 

comparing the skill scores and their relative percentage difference from the rest of the 

period of interest and are reported in Table 2.7. As with the spatial variations, 

significance was calculated using a t-test. While differences between specific decades and 

the average daily MAE values for the full period of interest were found to be significant 

(p-values < 0.01) for most decades and reanalyses, they ranged from 0.01-0.05 ms-1 and 

only reached 12.6 percent, with most reanalyses exhibiting percentages below 5.0 

percent. Decadal differences in monthly MD, MAE and RMSE were found to not be 

significant, as were the daily and monthly correlation variations between decades. 

2.5 Conclusion 

      Comparisons of the reanalyses described here indicate an improvement in skill with 

increased resolution and complexity. CFSR obtained the smallest overall daily errors 

while ERA-Interim obtained the lowest monthly overall scores, though CFSR, ERA-

Interim and MERRA all had generally comparable error statistics and correlation values. 
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MAE and RMSE values were consistent with those of previous studies which had 

assessed winds in regions overlapping the Upper Midwest (Rose and Apt 2016; Decker et 

al. 2012). While the correlations between reanalyses and observations also improve with 

increased reanalysis resolution, the monthly correlations are smaller than the daily 

correlations. This finding ran counter to the findings of some past studies (Kaiser-Weiss 

et al. 2015) yet was supported by others (Toledo et al. 2015). Decker et al. (2012) found 

mixed results, with some locations exhibiting higher monthly correlations while some 

exhibited higher daily correlations. This may possibly stem from the SGSs where the 

long-term average seasonal cycle was small compared to the month to month variations. 

      Wind speed distribution parameters, in contrast, did not show a strong improvement 

with increased model resolution. Shape values from low resolution output in NCEP-R2 

and CIRES-20CR were too high compared to observations, indicating that the wind 

variance was too large. Errors in the scale parameter indicated the overall sign of the bias 

in wind speeds between the reanalyses and the observations and were consistent with the 

MD values, with faster than observed winds from NCEP-R2 and MERRA, slower than 

observed winds from CIRES-20CR and JRA55 and mixed errors from ERA-Interim and 

CFSR. Most of these mean differences were of the same sign as Lindsay et al. (2014), 

though MERRA exhibited slower wind speeds in the Arctic which would indicate that 

comparisons are regionally contingent.  

      Most reanalyzed wind fields exhibited no statistically significant or spatially coherent 

trend in daily speeds over the period of interest, in contrast to the significant negative 

trend exhibited by the homogenized wind speed observations. JRA55 showed a 

statistically significant decrease in wind speed, though it was much larger in magnitude 
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than the trend in the observations. Observed trends in the seasonal daily winds were also 

negative, though not significantly, and exhibited most of the decline in the upper 50th 

percentile which was not replicated in the reanalyzed data. The homogenization process 

used in this analysis removed much of the trend in the raw wind observations, lending 

support to the possibility that regional and global wind trends are mostly the result of 

changes in station location or instrumentation, though such changes still did not fully 

explain the differences. 

      Applications utilizing reanalyzed wind data will need to account for the biases and 

uncertainties outlined in this study. Biases from the models can remain even when 

methods such as interpolation or MCP are applied and could cause costly errors in long-

term wind energy estimates or cascading problems in hydrological or pollution models. 

The skill scores, distribution parameters and trend analyses applied here provide some 

perspective on these issues. As the representation of wind speed distributions and long-

term trends were generally evenly spread in their accuracy or were not well represented at 

all, respectively, any conclusions about the relative strength of the reanalyses comes 

down to their skill scores. ERA-Interim, MERRA and CFSR tended to produce the most 

accurate wind speeds, with relatively similar MAE and RMSE values for all seasons. 

This would indicate that the higher resolution models were more useful, as expected 

based on the capacity of the grids to resolve more processes, though JRA55 did not 

exhibit the same improvement in accuracy for having as high a resolution as these other 

reanalyses. Overall MD values were smallest for ERA-Interim and CFSR, though 

seasonal values were quite varied, and no particular reanalysis performed consistently 

better than the others. NCEP-R2 tended to exhibit larger MD values throughout the year 
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than the other reanalyses. CIRES-20CR, operating at the same resolution, managed to 

perform about as well as the higher resolution models when compared according to the 

seasonal mean differences. Higher resolution reanalyses also tended to produce the 

highest correlations, though this is also unsurprising given the comparison used here 

between the site-specific station data and the area-averaged grid cells. One rule of thumb 

proposed in previous research suggests that the daily data variance explained, which is 

calculated as the square of the correlation, should not fall below 0.7 if the reanalyzed 

dataset is to be considered useful (Liléo and Petrik 2011). From that perspective, the 

NCEP-R2 and CIRES-20CR models would not be considered accurate enough to be 

useful. Given the measures of error applied here, ERA-Interim, MERRA and CFSR 

models produced the most accurate results with smaller biases and comparable 

performance in the other metrics, though the decision on which is best to use would 

depend on the specific application. While the specific time step, period of interest and the 

region being investigated are likely to affect considerations of reanalysis skill, for the 

datasets assessed here, decadal variations in skill were found to be small (< 0.05 ms-1), 

while regional variations in skill were larger, but still relatively small (0.5 ms-1 or less), 

indicating that representation of wind within the region and over the period of interest are 

generally consistent. Future improvements in reanalyzed datasets can be expected to 

improve the representation of wind in the region, though it will still be necessary to 

account for model accuracy when using such datasets in future applications.    

2.6 Acknowledgements 

      I would like to thank Dr. Katherine Klink for her help in reviewing the manuscript 

and adding her invaluable perspective. I received no specific funding for this work. 

 



31 

 

2.7 Tables 
 

Table 2.1. Reanalysis datasets used, with the names (abbreviations used in text), period of record, grid type and resolution, data resolution (degrees), data assimilation 

scheme used, documentation and access point online. 

Name 
Period of 

Record 

Model 

Type/Resolutio

n 

Grid 

Resolution 

Assimilation 

Scheme 
Documentation Data Access 

NCEP - R2 
1979 - 

present 

spectral, T62 

(210 km) 
2° x 2° 3D-Var Kanamitsu et al. 2002 https://www.esrl.noaa.gov/psd/data/gridded/ 

CIRES - 20CR 
1871 - 

2014 

spectral, T62 

(210 km) 
2° x 2° EKF Compo et al. 2011 https://www.esrl.noaa.gov/psd/data/20thC_Rean/ 

ERA - Interim 
1979 - 

present 

spectral, T255 

(79 km) 
0.75° x 0.75° 4D-Var Dee et al. 2011 

https://www.ecmwf.int/en/research/climate-

reanalysis 

MERRA 
1980 - 

present 

finite volume, 

0.5 x 0.667 
0.5° x 0.667° 3D-Var/IAU Gelaro et al. 2017 

https://disc.gsfc.nasa.gov/datasets?project=MERR

A-2 

JRA55 
1958 - 

present 

spectral, T319 

(55 km) 

0.563°  x 

0.563° 
4D-Var Kobayashi et al. 2015 https://rda.ucar.edu/ 

CFSR 
1979 - 

present 

spectral, T382 

(38 km) 
0.5° x 0.5° 3D-Var Saha et al. 2010 https://rda.ucar.edu/ 
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Table 2.2 Station names, locations, altitudes (in meters), average hours used to calculate daily mean wind 

speeds, and the period of record. Numbers in the first column correspond to those in Figure 2.1. 

NUMBER LOCATION LAT LON ALT (m) 

AVG 

HRS 

PERIOD OF 

RECORD 

1 Brandon, MB 49.9 -99.9 409.3 23.6 1979 - 2016 

2 Broadview, SK 50.4 -102.6 600 23.4 1979 - 2016 

3 Regina, SK 50.4 -104.7 577.3 23.6 1979 - 2016 

4 Thunder Bay, ON 48.4 -89.3 199 23.5 1979 - 2016 

5 Winnipeg, MB 49.9 -97.2 238.7 23.8 1982 - 2016 

6 Sioux Lookout, ON 50.1 -91.9 383.4 23.5 1982 - 2016 

7 Redlake, ON 51.1 -93.8 385.6 16.7 1982 - 2016 

8 Kenora, ON 49.8 -94.4 406 23.5 1982 - 2016 

9 Fargo, ND 46.9 -96.8 274.3 24.0 1979 - 2016 

10 Bismarck, ND 46.8 -100.8 503.2 24.0 1979 - 2016 

11 Dickinson, ND 46.8 -102.8 787.3 23.2 1979 - July, 2010 

12 Minot, ND 48.3 -101.3 507.5 23.4 1979 - 2016 

13 Aberdeen, SD 45.4 -98.4 395.3 22.4 1979 - 2016 

14 Pierre, SD 44.4 -100.3 526.1 23.5 1979 - July, 2010 

15 Rapid City, SD 44 -103.1 963.2 23.4 1979 - 2016 

16 Watertown, SD 44.9 -97.1 532.8 23.0 1979 - 2016 

17 Int. Falls, MN 48.6 -93.4 360.6 23.0 1979 - 2016 

18 Duluth, MN 46.8 -92.2 436.8 24.0 1979 - 2016 

19 Minneapolis, MN 44.9 -93.2 265.8 24.0 1979 - 2016 

20 Rochester, MN 43.9 -92.5 397.5 23.3 1979 - 2016 

21 North Platte, NE 41.1 -100.7 846.7 24.0 1979 - 2016 

22 Lincoln, NE 40.9 -96.7 362.7 23.9 1979 - 2016 

23 Sioux City, IA 42.4 -96.4 333.8 24.0 1979 - 2016 

24 Des Moines, IA 41.5 -93.7 291.7 24.0 1979 - 2016 

25 Waterloo, IA 42.6 -92.4 264.6 24.0 1979 - 2016 

26 Mason City, IA 43.2 -93.3 373.4 23.9 1979 - 2016 

27 Green Bay, WI 44.5 -88.1 209.4 24.0 1979 - 2016 

28 Eau Claire, WI 44.9 -91.5 269.8 23.9 1979 - 2016 

29 Chicago, IL 41.8 -87.8 186.5 23.0 1979 - 2016 

30 Peoria, IL 40.7 -89.7 198.1 24.0 1979 - 2016 
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Table 2.3. Daily measures of skill (MD = mean difference, MAE = mean absolute error, RMSE = root 

mean square error, all in ms-1) and correlations for each reanalysis averaged from all station-SGS pairs. 

Reanalyses are listed in order of increasing resolution, as in Table 2.1. The top section is for the full period 

of record, followed by spring, summer, autumn and winter days. Bolded MAE and RMSE values are the 

lowest in each section. Bolded correlations are the highest in each section. 

Daily - Full Period of 

Record MD MAE RMSE COR 

NCEP - R2 0.703 1.523 1.946 0.75 

CIRES - 20CR -0.317 1.295 1.661 0.71 

ERA - Interim 0.127 0.869 1.111 0.85 

MERRA 0.415 0.877 1.088 0.89 

JRA55 -0.464 0.976 1.212 0.88 

CFSR -0.209 0.807 1.032 0.88 

Daily - Spring Subset         

NCEP - R2 0.483 1.48 1.89 0.77 

CIRES - 20CR -0.537 1.401 1.799 0.68 

ERA - Interim -0.154 0.873 1.113 0.86 

MERRA 0.344 0.852 1.068 0.90 

JRA55 -0.492 1.011 1.256 0.88 

CFSR -0.529 0.876 1.103 0.90 

Daily - Summer Subset         

NCEP - R2 0.315 1.225 1.554 0.73 

CIRES - 20CR -0.517 1.191 1.513 0.63 

ERA - Interim 0.135 0.753 0.949 0.83 

MERRA 0.297 0.744 0.921 0.87 

JRA55 -0.514 0.905 1.11 0.83 

CFSR -0.366 0.714 0.895 0.87 

Daily - Autumn Subset         

NCEP - R2 0.884 1.56 1.969 0.77 

CIRES - 20CR -0.169 1.236 1.581 0.74 

ERA - Interim 0.16 0.828 1.044 0.88 

MERRA 0.459 0.9 1.09 0.91 

JRA55 -0.457 0.982 1.216 0.89 

CFSR -0.094 0.758 0.963 0.90 

Daily - Winter Subset         

NCEP - R2 1.139 1.832 2.288 0.73 

CIRES - 20CR -0.036 1.352 1.717 0.72 

ERA - Interim 0.374 1.025 1.284 0.84 

MERRA 0.563 1.014 1.232 0.89 

JRA55 -0.392 1.006 1.244 0.89 

CFSR 0.161 0.88 1.107 0.89 
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Table 2.4. As per Table 2.3, but for the monthly wind speed series comparisons. 

Monthly - Full Period of 

Record MD MAE RMSE COR 

NCEP - R2 0.703 0.848 0.981 0.70 

CIRES - 20CR -0.317 0.697 0.81 0.67 

ERA - Interim 0.127 0.544 0.654 0.74 

MERRA 0.416 0.637 0.721 0.81 

JRA55 -0.463 0.793 0.875 0.76 

CFSR -0.208 0.582 0.685 0.73 

Monthly - Spring Subset         

NCEP - R2 0.483 0.701 0.801 0.67 

CIRES - 20CR -0.538 0.775 0.88 0.54 

ERA - Interim -0.155 0.52 0.6 0.72 

MERRA 0.345 0.602 0.675 0.76 

JRA55 -0.49 0.815 0.888 0.67 

CFSR -0.528 0.678 0.752 0.72 

Monthly - Summer Subset         

NCEP - R2 0.315 0.553 0.634 0.70 

CIRES - 20CR -0.519 0.687 0.777 0.56 

ERA - Interim 0.134 0.433 0.5 0.76 

MERRA 0.296 0.516 0.581 0.75 

JRA55 -0.514 0.727 0.798 0.65 

CFSR -0.369 0.525 0.59 0.72 

Monthly - Autumn Subset         

NCEP - R2 0.883 0.957 1.049 0.71 

CIRES - 20CR -0.17 0.637 0.726 0.68 

ERA - Interim 0.16 0.521 0.593 0.78 

MERRA 0.458 0.679 0.741 0.79 

JRA55 -0.457 0.813 0.885 0.70 

CFSR -0.094 0.517 0.589 0.77 

Monthly - Winter Subset         

NCEP - R2 1.132 1.182 1.281 0.66 

CIRES - 20CR -0.041 0.686 0.78 0.65 

ERA - Interim 0.37 0.702 0.797 0.70 

MERRA 0.565 0.75 0.822 0.77 

JRA55 -0.391 0.817 0.89 0.71 

CFSR 0.158 0.608 0.686 0.75 
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Table 2.5. Daily (top) and monthly (bottom) Weibull parameters (shape and scale (ms-1)) estimated via R function fitdist (see text) for data all stations 

and SGS. Bolded values are the reanalyzed parameters which were closest in each section. 

 Daily - Full Period 

of Record 

Daily - Spring 

Subset 

Daily - Summer 

Subset 

Daily - Autumn 

Subset 

Daily - Winter 

Subset 
 Shape Scale Shape Scale Shape Scale Shape Scale Shape Scale 

STATIONS 2.461 4.753 2.604 5.239 2.734 4.168 2.435 4.712 2.424 4.867 

NCEP - R2 1.964 5.543 2.000 5.788 2.009 4.536 2.018 5.710 2.078 6.153 

CIRES - 20CR 1.967 4.378 2.048 4.631 2.037 3.598 1.999 4.506 2.044 4.792 

ERA - Interim 2.726 4.882 2.824 5.049 2.812 4.315 2.710 4.883 2.862 5.265 

MERRA 2.842 5.196 2.895 5.598 3.064 4.481 2.904 5.202 2.985 5.467 

JRA55 2.533 4.221 2.707 4.670 2.689 3.587 2.550 4.189 2.611 4.413 

CFSR 2.779 4.497 2.894 4.622 3.075 3.734 2.853 4.581 2.961 5.012 

           

 Monthly - Full 

Period of Record 

Monthly - Spring 

Subset 

Monthly - Summer 

Subset 

Monthly - Autumn 

Subset 

Monthly - Winter 

Subset 
 Shape Scale Shape Scale Shape Scale Shape Scale Shape Scale 

STATIONS 7.276 4.485 9.721 4.879 8.580 3.914 8.847 4.402 8.568 4.551 

NCEP - R2 6.803 5.261 9.284 5.396 8.458 4.244 8.509 5.344 9.017 5.738 

CIRES - 20CR 6.782 4.157 9.041 4.322 8.206 3.373 8.592 4.220 9.108 4.461 

ERA - Interim 8.591 4.590 11.453 4.682 10.199 4.027 10.998 4.532 10.185 4.915 

MERRA 8.780 4.893 11.868 5.198 11.575 4.177 12.173 4.833 10.852 5.099 

JRA55 6.685 4.005 9.664 4.359 7.453 3.387 8.054 3.932 8.482 4.129 

CFSR 7.959 4.257 11.307 4.300 11.883 3.475 10.472 4.280 11.197 4.665 
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Table 2.6. Wind speed trends (in ms-1decade-1) ± 0.95 confidence intervals over full period and for each daily seasonal subset of the observations and the 

reanalyzed wind series. Bolded values are significant (α = 0.05), wherein the trends do not encompass 0 within their respective confidence intervals.  

  Trend - Full Period of Record Trend - Spring Trend - Summer Trend - Autumn Trend - Winter 

Stations -0.057 ± 0.044 -0.138 ± 0.36 -0.203 ± 0.272 -0.267 ± 0.364 -0.277 ± 0.371 

NCEP - R2 0.022 ± 0.040 0.121 ± 0.328 -0.091 ± 0.256 0.165 ± 0.326 0.188 ± 0.346 

CIRES - 20CR -0.004 ± 0.038 0.063 ± 0.304 -0.161 ± 0.237 0.104 ± 0.308 -0.047 ± 0.324 

ERA - Interim -0.001 ± 0.026 0.052 ± 0.207 -0.162 ± 0.176 0.032 ± 0.211 0.093 ± 0.220 

MERRA 0.007 ± 0.028 0.089 ± 0.235 -0.055 ± 0.178 0.095 ± 0.219 0.022 ± 0.228 

JRA55 -0.111 ± 0.024 -0.316 ± 0.198 -0.517 ± 0.152 -0.489 ± 0.190 -0.415 ± 0.199 

CFSR -0.021 ± 0.024 -0.058 ± 0.186 -0.158 ± 0.141 -0.035 ± 0.188 -0.051 ± 0.202 

 

 
Table 2.7. Spatiotemporal differences in the daily reanalyzed MAE scores. The MAE values are reported for A) each region within the domain of the 

Upper Midwest and B) each decade within the period of interest. The difference between the region or time-period MAE value and that of the rest of the 

domain or period of interest is given in the parenthesis as a percentage of the mean MAE values reported in Table 2.3. Italicized values are not 

statistically significant. 

  NCEP-R2 CIRES-20CR ERA-Interim MERRA JRA55 CFSR 

A. Spatial             

Plains 1.53 (1.3) 1.37 (21.9) 0.91 (18.4) 0.87 (-4.0) 0.97 (-2.0) 0.86 (24.1) 

CAN. Shield 1.44 (-7.6) 0.99 (-21.9) 0.66 (-24.7) 0.7 (-33.0) 0.68 (-46.4) 0.62 (-20.4) 

Lake Coasts 1.58 (6.3) 1.18 (0.1) 0.84 (6.3) 1.11 (36.9) 1.3 (48.5) 0.71 (-3.7) 

B. Temporal             

1980-89 1.52 (-0.7) 1.31 (2.1) 0.91 (6.5) 0.91 (4.9) 0.96 (-2.4) 0.84 (5.8) 

1990-99 1.54 (1.1) 1.29 (0.1) 0.88 (1.9) 0.9 (3.4) 0.91 (-9.2) 0.81 (0.8) 

2000-09 1.52 (-0.7) 1.29 (0.1) 0.83 (-5.7) 0.85 (-4.2) 0.97 (-1.0) 0.77 (-5.8) 

2010-16 1.53 (0.2) 1.27 (-2.1) 0.85 (-2.7) 0.85 (-4.2) 1.07 (12.6) 0.8 (-0.8) 
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2.8 Figures 

 

Figure 2.1. Map of the Upper Midwest with the locations of the observing stations denoted. The numbers 

correspond to those found in Table 2.2. 
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Figure 2.2. Maps of the average 10-meter wind speeds (AGL) over the 1979-2016 period for the Upper 

Midwest. 
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Figure 2.3. Top: Autocorrelation plots for the unhomogenized (left) and homogenized (right) data. The 

black line corresponds to the data from Minneapolis-St. Paul International Airport (MPLS) station (#19 in 

Table/Figure 2.1). Bottom: Timeseries from the MPLS station, showing the unhomogenized (grey) and 

homogenized (black) data. Note the jumps in the grey data in the late 1990s and the mid-2000s. 
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Figure 2.4. Annual wind speed by month in ms-1. Black, dashed line shows the observations. 
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Figure 2.5. Monthly wind speed (grey) and the mean monthly wind speed cycle (black) for the Redlake, 

Ontario (left) and Peoria, Illinois (right) stations. Note the large variations in Redlake monthly winds 

relative to the monthly cycle compared to those at Peoria. 
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Figure 2.6. Plots of the Weibull distributions which result from the shape and scale parameters found from 

the data in Table 2.5. Plots were generated using a random Weibull number generator and the respective 

parameters for the daily (left) and monthly (right) wind speed data. Top row: overall, middle row: summer, 

bottom row: winter. 
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Figure 2.7. Boxplots of the station and SGS trends (black) and confidence intervals added and subtracted 

(grey), all in ms-1decade-1. Black whiskers encompass all data to 1.5 x IQR (inter-quartile range). Grey 

whiskers encompass all data points. 
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Figure 2.8. Map of the observed trends in daily wind speeds (ms-1decade-1) at each station. Sizes indicate 

relative slope magnitudes. Dots indicate decreasing trends while crosses indicate increasing trends.  
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Figure 2.9. Maps of the trends in daily wind speeds (ms-1decade-1) for the reanalyzed wind data. Colors 

indicate the sign of the trends.  
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3.1 Introduction 

      Gridded wind data from weather and climate models provide a temporally consistent 

and homogenous alternative to the limited and uneven spatial coverage of in-situ weather 

station measurements and tall meteorological towers. Measure-correlate-predict (MCP) 

methods, wherein short-term measurements are statistically related to long-term records 

to extend their temporal coverage for assessing site-specific wind resources, make use of 

data from models as reference series from which to summarize interannual and decadal 

wind variability (Carta et al. 2013). Model data also allow for robust spatial analysis and 

have been used to assess the magnitude and variability of wind resources. Numerical 

weather prediction (NWP) models operate at high resolutions (0.06-0.4°) and provide 

information on local wind regimes but are computationally and operationally expensive 

to run (Al-Yahyai et al. 2010). Global climate models (GCMs) are used to produce 

decades or even centuries-long timeseries but are run at resolutions that make it difficult 

to draw conclusions about local wind variations (Watson 2014). Retrospective analyses, 

or reanalyses, are models which attempt to capture the true state of the atmosphere using 

assimilated observations to set boundary conditions and constrain the evolution of 

atmospheric variables at each time step. Reanalyses make useful analogs in wind 

resource assessment and have been applied to wind energy modeling (Henson et al. 2012) 

as well as a check on wind research using GCMs (Karnauskas et al. 2017). Reanalyses 

are not without their limitations, as typical reanalysis model resolutions are still too low 

to capture small scale surface and orographic features that may impact wind speeds at 

specific sites. Further, if the model physics, parameterizations or the assimilated datasets 

contain errors, those will have cascading effects which cause model drift and lower 

output accuracy over time. However, the most important shortcoming of reanalyzed 
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datasets from the perspective of wind energy applications is that reanalysis datasets often 

lack wind output at the specific hub-heights of wind turbines in the lower boundary layer 

(LBL, 30-120 meters). Researchers and utilities overcome this via vertical wind speed 

extrapolation for the LBL. While several methods exist, they are all prone to non-

negligible biases stemming from the variables and the base reanalysis models used (Rose 

and Apt 2015). 

      The most common method employed for obtaining wind speeds at hub-height involve 

scaling near-surface, 10-meter wind speeds to hub-height using a boundary layer wind 

profile. Theoretical profiles have been developed based on the Monin-Obukhov similarity 

theory which incorporates atmospheric momentum from model layers above the surface 

and turbulence generated by the surface within the boundary layer (Kubik et al. 2011; 

Foken 2006). Factors such as atmospheric stability and surface characteristics can be 

accounted for (Rose and Apt 2015), though complex modifications of the profiles exhibit 

significant biases, particularly for stable atmospheric conditions and for heights 

exceeding 100 meters over the roughness length (Optis 2016; Emeis 2012; Gryning 

2007). Using some simplifying assumptions, the Monin-Obukhov equations can be 

reduced to obtain the logarithmic wind profile, which is dependent upon the input of an 

initial wind speed and a roughness length (Z0) at the surface (see section 3.1.1). 

Roughness lengths depend on the surrounding landscape and vegetation, with low values 

over flat, open terrain and high values in highly urbanized, rugged or forested areas. 

Roughness over water, while nearing 0 under low wind conditions, is complicated by 

wave formation at higher wind speeds (Porchetta et al. 2019). 
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       A widely used alternative to the theoretically derived log rule is the empirically 

derived power rule (see sections 3.1.2 and 3.1.3) which depends on an initial wind speed 

and the so-called Hellmann exponent (α) that forms the wind profile (Farrugia 2013). The 

power rule encapsulates several processes and is more flexible in application compared to 

the log rule. α varies with surface roughness conditions and atmospheric stability, with 

higher values indicating more stable atmospheric boundary layers (e.g., Optis 2016; 

Newman and Klein 2014; Kubik et al. 2011). Unstable boundary layers lead to mixing of 

momentum throughout the boundary layer column, reducing the difference in wind 

speeds between the near-surface and those around hub-height while stable conditions 

result in less coupling and faster wind speeds at hub-heights. Since Hellmann’s exponent 

is empirically derived, the causes of spatial and temporal variations of the exponent can 

only be deduced through the tangential analysis of atmospheric stability and local 

roughness. Previous studies have derived several possible relationships between α and 

roughness, (Z0), based on data from specific sites (Anjum 2014). Bossi et al. (2014) used 

such a relationship to obtain Hellmann exponents for two sites in Spain for long-term 

wind assessment. 

      Wind speed profiles from reanalyses have had limited validation due to the relative 

lack of observational data at heights above the nominal weather station observational 

standard of 10 meters above ground level (agl). Decker et al. (2011) extrapolated wind 

speed to heights varying between 2 and 60 meters for 33 FLUXNET sites around North 

America for several reanalysis products, obtaining the most accurate results for those 

datasets for which the nearest available model level was used compared to those for 

which winds were interpolated. Li et al. (2010) extrapolated wind speeds for the Great 
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Lakes region from the North American Regional Reanalysis (NARR) by linearly 

interpolating to 80 meters from pressure level data (see section 3.1.4). They validated 

their extrapolated wind speeds against 5 radiosonde datasets, finding biases ranging from 

-0.65 to 0.59 m/s, a large range but relatively small compared to some other datasets. 

Rose and Apt (2016) utilized the power and log rules on Climate Forecast System 

reanalysis (CFSR) data for the Great Plains, comparing their results to a tall tower dataset 

which had been collated by the Energy and Environmental Research Center at the 

University of North Dakota. They also applied a linear regression model to assess the 

sources of bias in the extrapolated wind speeds and correct for them in the process. They 

found that uncorrected CFSR data had significant negative biases and that the biases 

increased in magnitude with height. Bias was found to arise predominantly from the 

diurnal cycle and its effects on atmospheric stability, as well as from the comparison of 

time-averaged observations against instantaneous values derived from the model. 

Bechrakis and Sparis (2000) compared the output of from the power rule to an artificial 

neural network (ANN) for open and complex terrain, finding that while the ANN 

performed better for complex topography, the power rule outperformed for flatter terrain 

and areas of low roughness. Findings of non-negligible biases arising from these 

extrapolation methods are problematic, given numerous studies which extrapolate wind 

speeds without prior validation such as those focused on assessing wind resources and 

their regional variations (Olauson and Bergkvist 2014; Yu et al. 2015; Gunturu and 

Schlosser 2012; Holt and Wang 2012; Archer and Jacobson 2003) or others which 

explore the potential effects of large-scale circulations and climate change on wind and 
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wind power potential (Correia et al. 2017; Cradden et al. 2017; Hamlington et al. 2015; 

Kriesche and Schlosser 2014).  

      The goal of this work is to use a subset of the collated tall tower wind dataset from 

Rose and Apt (2016) to validate several commonly utilized methods of daily wind speed 

extrapolation (log, 1/7 power rule, variable exponent power rule and linear interpolation) 

in the Upper Midwest (UMW: 40-51°N, 87-105°W, see Figure 3.1). By focusing on daily 

wind speeds, biases stemming from diurnal (particularly nighttime) wind variations, 

which have been the primary focus of much previous work, are reduced (e.g., Borsche et 

al. 2016; Cannon et al. 2015 and Decker et al. 2015). Daily winds averaged from shorter 

term data also reduce the sampling issues in comparing observed wind speeds aggregated 

over each hour to instantaneous speeds from models (Azorin-Molina et al. 2017; Borsche 

et al. 2016). The UMW has abundant wind resources and significant installed capacity 

(Dahlke 2018). The region is bounded by the Great Lakes in the east and the foothills of 

the Rocky Mountains in the southwest. The northeast section is forested while much of 

the central portion of the region, running northwest to southeast, is comprised of 

grasslands and plains with relatively low topography. 

3.2 Data 

3.2.1 Reanalysis Data 

      Reanalysis data were taken from the National Center for Atmospheric Research and 

University Corporation for Atmospheric Research (NCAR-UCAR) Research Data 

Archive (https://rda.ucar.edu/) and the NASA Earth-Data repository 

(https://disc.gsfc.nasa.gov/). The datasets assessed include the European Center for 

Medium Range Weather Forecasting retrospective analysis 5 and the interim predecessor 

(ERA5 and ERAi), the Climate Forecast System Reanalysis (CFSR) and the Modern Era 
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Retrospective Analysis for Research and Applications version 2 (MERRA). Coburn 

(2019) analyzed ERAi, CFSR and MERRA for their ability to represent near-surface 

wind speeds across the UMW. In addition, each of these reanalysis models have been 

applied to work on wind and wind energy variability, though work on ERA5 is more 

limited than for the others due to its more recent release (Olauson 2018; Rose and Apt 

2016; Kubik et al. 2013; Liléo and Petrik 2000). Details about each reanalysis and the 

variables used in this analysis are given in Table 3.1. Winds from the models were 

reported in U and V components which were used to calculate the wind speeds at each 

model level used. Daily average variables were calculated as the aggregate of hourly data 

for ERA5, CFSR and MERRA and 6-hourly data for ERAi. 

3.2.2 Tall Tower Observations 

      Historical observations of wind speed within the Upper Midwest come from a 

collection of tall towers, each of which measured wind speeds at multiple heights ranging 

from 10-100 meters agl over the period 1995-2007. The data were originally collated by 

the Energy and Environmental Research Center (EERC) and provided to the author by 

Dr. Stephen Rose. Hourly-averaged wind speeds were provided at 95 locations within the 

study area with ground-level elevations ranging from 219-1463 meters above sea level. 

Only measurement locations surrounded by relatively flat, open terrain, low-level 

vegetation were kept from the original EERC dataset in Rose and Apt (2016), who also 

applied further quality control checks. For this analysis, the hourly data for the top-most 

measurement height at each tower were averaged to obtain daily average wind speeds for 

each tower location and height (39-100 meters agl). Locations where daily values were 

obtained with less than 12 hours of data or where there were less than 2 years of data 

were excluded from this analysis. Where more than one meteorological tower was 
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located within the same reanalysis grid cell, they were averaged for comparison to the 

reanalyzed grid points. This resulted in 57 observational time series for ERA5, 56 for 

CFSR and MERRA, and 54 for ERAi. The spatial coverage of the resulting tower 

locations is shown in Figure 3.1 while the temporal coverage is shown in Figure 3.2. 

3.3 Methods 

3.3.1 Extrapolation Methods 

3.3.1.1 Log Rule 

      The log rule is given by the following equation: 

𝑉𝑛 = 𝑉0 [
log(

𝑋𝑛
𝑍0

)

log(
𝑋0
𝑍0

)
]     (1) 

where V0 and Vn are the original and new wind speeds, respectively, X0 and Xn are the 

original and new measurement heights and Z0 is the roughness length. The log rule is 

widely applied in the literature and in wind power modeling (e.g., Correia et al. 2017; 

Cradden et al. 2017; Staffel and Pfenninger 2016; Kriesche and Schlosser 2014; Gunturu 

and Schlosser 2012; Archer and Jacobson 2003). It is applied in this analysis with the 

value of Z0 in Equation 1 taken directly from the grid-cell roughness lengths provided by 

each reanalysis (Table 3.1).  

      ERAi utilizes a constant roughness length for each surface grid cell and incorporates 

sub-grid scale orographic features, resulting in instances of very large roughness lengths 

(> 5 meters) in 3 grid cells which yield unrealistic wind speeds when used in the 

extrapolation. In order to constrain extrapolated wind speeds, without an a priori estimate 

of realistic roughness lengths for those locations, the largest Z0 values in ERAi were set 

to those of MERRA (2.35 meters). ERA5, CFSR and MERRA characterize surface 
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roughness using landcover characteristics which vary with annual changes in seasonal 

foliage and plant cover.  

      The spatial pattern of mean annual roughness is similar in each reanalysis, though the 

intraregional gradients and the range of roughness values varied (see Figure 3.3a). Low 

roughness is found throughout much of the south-central portions of the region which are 

dominated by open grasslands, as well as over water bodies large enough to be captured 

at the resolution of each model, particularly Lakes Superior and Michigan. Higher 

roughness values dominate the forested northeastern portions of the region bordering 

Lake Superior and a smaller area, the Black Hills, in western South Dakota. The zone 

between these low and high-roughness sub-regions varies by model, with ERA5 

exhibiting a gradient of increasing roughness from southwest to northeast while the 

reanalyses with lower resolutions exhibit sharper changes. MERRA, in particular, 

exhibits relatively low roughness values over the south-central plains with abrupt 

transitions to higher values that are displaced northeastward compared to the other 

models. 

3.3.1.2 1/7 Power Rule 

      The power rule relationship between wind speeds at different heights is given by: 

𝑉𝑛 = 𝑉0 (
𝑋𝑛

𝑋0
)
𝛼

      (2) 

where α is the Hellmann exponent which scales the relationship between the upper and 

lower-layer wind speeds. The first variant of this relationship assessed here is the 1/7 

power rule, for which α set to a constant value of 1/7, a value derived from measurements 

which approximate a neutrally stable wind profile (Sedefian 1980). This form of hub-

height wind speed estimation has the advantage of needing only one set of wind speeds 
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and is often applied when data needed to compute methods of higher complexity are 

unavailable or to correct small changes in anemometer heights of observational data. For 

example, Harper et al. (2007) extrapolated station measurements to 80-meters using the 

1/7 power rule to assess the impact of ENSO on wind power variations at four sites. 

Karnauskas et al. (2017) and Greene et al. (2011) used this method to extrapolate 10-

meter wind speeds from a climate model to obtain information on late 21st Century wind 

power variations. 

3.3.1.3 Variable-Exponent Power Rule 

      The next method applied in this assessment is a generalized version of the power rule 

where α is allowed to vary with local atmospheric conditions. Previous studies have made 

use of wind speeds at 10 meters and near hub-height to obtain α (e.g., Olauson and 

Bergkvist 2014) while others use wind speeds at two pressure levels nearest the heights to 

which they are extrapolating (e.g., Fisher 2013; Holt and Wang 2012). The power rule is 

solved for α as follows: 

𝛼 =
log(

𝑉𝑈
𝑉𝐿

)

log(
𝑋𝑈
𝑋𝐿

)
      (3) 

where VU and VL are the upper and lower level wind speeds, respectively, while XU and 

XL are the upper and lower heights, respectively. In this analysis, the derived Hellmann 

exponents for each day are used with the 10-meter wind speeds to obtain the speeds at the 

meteorological tower sensor heights using Equation 2. The upper heights (XU) for the 

exponent calculation are taken or calculated from the reanalysis models as described in 

section 3.1.4. Derived Hellmann exponents varied at multiple time scales but, when 

averaged over the period of record, exhibited patterns in each reanalysis which were 

similar to that of roughness (Figure 3.3b). As suggested in work such as Anjum (2014), 
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there appears to be a roughly logarithmic relationship between Z0 and α when averaged 

over the period of record (Figure 3.4). 

3.3.1.4 Linear Interpolation 

      The final method assessed in this work is simple linear interpolation. Several studies 

have used interpolation between atmospheric layers from models to obtain wind speeds 

between those layers (e.g., Hamlington et al. 2015; Yu et al. 2014; Archer and Jacobson 

2013; Li et al. 2010). Vertical wind speed gradients, calculated as the mean annual 

gradient of wind speeds between 10 meters and the upper level heights for each model 

(Figure 3.3c), exhibit no coherent geographic pattern, though they are somewhat lower 

over bodies of water compared to land. Gradients in MERRA were significantly larger 

(4-6 ms-1 per 100 meters) than those of the other reanalyses (1-3 ms-1 per 100 meters).  

      In this analysis, wind speeds are taken from 10-meter near-surface and upper height 

wind speeds for use in the variable exponent power rule and the linear interpolation. For 

ERAi, upper height data were taken from the next pressure level just above the height of 

the tower observations. Geopotential height of the pressure level was used for XU, with a 

mean of 157 meters and a range of 39-328 meters. For CFSR, wind data were provided 

for an intermediary model level bounded by the surface and 30 hPa above the surface. 

The height of this model level was calculated using the hypsometric equation with the 

average temperature of the layer and varied between 105 and 170 meters agl. Upper 

height wind speeds are provided at constant altitudes of 100 meters agl for ERA5 and 50 

meters agl for MERRA. 

3.3.2 Analysis 

      Extrapolated wind fields from the reanalyses were directly compared against 

observations for the period over which observations were available (1995-2007). 
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Reanalysis data were assessed directly against tower observations (tower-grid cell pairs, 

TGCs) using a nearest neighbor approach, as in previous studies which assessed wind 

variability and power output such as Fisher et al. (2013) and Henson et al. (2012). As 

there is no one standard measure of skill for model validation, several are employed in 

this analysis to assess multiple characteristics of LBL wind speed representation. These 

included the average difference of daily means, hereafter referred to as the mean 

difference (MD, units of ms-1), the root mean square error (RMSE, units of ms-1) and the 

Pearson correlation coefficient (COR). MD values were used to obtain the sign of biases 

in the extrapolated wind speeds while the RMSE values yielded better estimates of the 

absolute magnitude of biases through an emphasis on outliers. Wind speed distributions 

are often represented by the Weibull distribution according to the following equation: 

𝑃(𝑈) =
𝑘

𝛾
(
𝑈

𝛾
)𝑘exp [−(

𝑈

𝛾
)𝑘]    (4) 

where U is the wind speed, k is the unitless shape parameter and γ is the scale parameter 

(m/s). The scale parameter is the central tendency of the distribution, similar to the mean, 

while the shape parameter gives a sense of the spread of the data. Weibull parameters 

were calculated using the fitdist package in R, which uses the method of maximum 

likelihood fitting to iteratively estimate the parameters for a supplied set of data. MD and 

RMSE values were calculated for each co-occurring extrapolated and tower-derived daily 

wind speed. Correlations and Weibull parameter comparisons were calculated for the 

total available co-occurring daily wind speed values. The regionally averaged evaluation 

statistics were averaged from the site-specific comparisons across the domain. 

3.4 Results 
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      Skill in the representation of winds within the LBL varied by extrapolation method 

and reanalysis model. MD, RMSE and the Weibull parameters, as well as the 

correlations, didn’t exhibit a spatial pattern across the UMW or with tower measurement 

heights for each of the extrapolation method-reanalysis (EMR) combinations (not 

shown). As such, the focus of the analysis is on the average of the results for each TGC 

location in the region (Table 3.2). MD and Weibull parameter value differences are 

reported both as their numerical values and the percentage difference from the 

observational values. These are presented here by first comparing the output of the 

extrapolation methods (4.1), then by assessing the spatial and temporal variations in the 

reanalyses (4.2). Correlations and seasonal variations in MD and RMSE vary strongly by 

reanalysis dataset but much less so by extrapolation method and are discussed in section 

4.2. 

3.4.1 Assessing Extrapolation Methods 

      MD and scale parameter biases obtained from the log rule (Table 3.2) were smallest 

for ERAi (2%), followed by MERRA (-8%) and then by CFSR (-14%) and ERA5 (-

19%). RMSE values were largest for ERA5 and ERAi (~1.78 ms-1) followed by CFSR 

(1.52 ms-1) and MERRA (1.37 ms-1). Shape parameter biases for the log rule were 

smallest for CFSR (-9%), followed by MERRA (-11%), ERA5 (-12%) and ERAi (-16%). 

Applying the log rule to ERAi can capture the long-term mean wind speed for the towers 

but the spread in daily errors is comparable to those obtained from the other extrapolation 

methods. 

       The 1/7 power rule resulted in negative biases in MD and scale parameter values (-

10% to -29%) and shape values (-12% to -16%) across all of the reanalyses assessed here 

(Table 3.2). RMSE ranged from 1.4-2.4 ms-1 and were the largest of the four 
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extrapolation methods when applied to MERRA and ERA5 and similar to errors from 

linear interpolation for CFSR and ERAi. Use of a constant Hellmann exponent markedly 

underestimates the mean and variation in wind speeds. This comports with previous 

results from Sisterson et al. (1983) and Farrugia (2002).  

      Applying the variable exponent power rule resulted in MD and scale parameter biases 

(-0.4% to -19%), as well as RMSE values (1.18-1.77 ms-1), which were similar to or 

smaller than those produced by the log rule (Table 3.2). Biases in the shape parameters 

were comparable to those of the other methods, though extrapolation from MERRA 

exhibited much smaller biases compare to the other three extrapolation methods. All of 

the reanalyses exhibit average Hellmann exponents which are greater than 1/7 (Figure 

3.5). Larger Hellmann exponents represent larger, more significant shear in wind speeds 

between layers and are typically associated with stable atmospheric conditions which the 

log rule (as applied here) and the 1/7 power rule do not represent (Walton et al. 2014). 

      Linearly interpolated wind speeds exhibited similar MD, RMSE and scale values as 

the 1/7 power rule for ERA5, ERAi and CFSR. Values for MERRA were closer to those 

obtained using the variable exponent power rule, with an MD of -3% and an RMSE of 

1.28 ms-1. Shape parameters were similar to those obtained using the variable exponent 

power rule, yielding a greater spread in wind speeds than the log and 1/7 power rules. 

The results of linear interpolation, as with the variable exponent power rule, depend on 

the biases of the driving wind speeds (VL and VU) used to calculate the gradient or 

Hellmann exponents. Previous research showed that near surface, 10-meter agl, wind 

speeds in ERAi and MERRA were faster than observed winds across the UMW (Coburn 

2019). However, biases in LBL wind speeds are slower than observed for these 
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reanalyses in this analysis. Thus, negative biases in the extrapolated wind speeds must 

stem from the upper height (XU) winds which must, themselves, be slower than in the 

real world. In contrast, for ERA5 and CFSR, both the 10-meter and LBL wind speeds are 

negatively biased (e.g., Betts et al. 2019; Coburn 2019), causing extrapolated winds 

throughout the LBL profile be slower than in observations. 

3.4.2 Comparing Reanalysis Models 

      The smallest biases were typically found for wind speeds extrapolated from MERRA 

for all measures of skill, particularly when the variable power rule was applied (MD of -

0.03 ms-1, RMSE of 1.18 ms-1 and a shape parameter of 3.19 compared to the observed 

value of 3.18 - see Table 3.2). For the other reanalyses, MD and scale parameter values 

resulting from the application of the extrapolation methods were generally closer to 

observations when applied to ERAi compared to CFSR and ERA5, though all of the 

methods applied to these three reanalyses (except the log rule applied to ERAi) produced 

negatively biased mean wind speeds. Shape parameter values were similar and slightly 

better for CFSR and ERA5 than for ERAi, which exhibited the smallest spread in mean 

daily wind speeds. Figure 3.6 displays the monthly average MD and RMSE averaged 

over the TGCs over the full period with available observations for the EMR combinations 

which best reproduced the observations. MD values were positive in winter and slightly 

negative or near 0 in the summer while both MD and RMSE values were largest in winter 

for ERAi. MD and RMSE were largest in spring and autumn for ERA5 and CFSR while 

they were relatively small and consistent throughout the year for MERRA. Correlations 

varied by reanalysis but not by method, with the lowest correlations with observations 

found for ERAi (0.85-0.88) and similar correlations for ERA5, CFSR and MERRA (0.90-

0.92) (Table 3.2). Seasonal correlations were found to be slightly higher in spring and 
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autumn than in winter and summer, though values were all within 0.04 of the mean 

annual values reported in Table 3.2. Daily wind speed distributions (Figure 3.7) show the 

bias toward slower wind speeds and variance (distribution width) which is too low 

compared to observations for most EMR combinations, though the log rule for ERAi and 

the variable exponent power rule and linearly interpolated winds for MERRA are much 

closer to the observed distribution. 

      The tower-height winds extrapolated from ERA5 showed improvement in their 

correlation with observed wind speeds compared to ERAi, though slightly less skill when 

compared using MD, RMSE and scale parameter values. This is consistent with the 

findings in Betts et al. (2019) who compared 10-meter wind speeds from ERA5 and 

ERAi to station observations across the Canadian Prairies. Unlike in Olauson (2018), 

who found that ERA5 improved upon MERRA for locations in Europe, such an 

improvement was not clear in this work for the Upper Midwest, though it should be noted 

that the methods and metrics for comparison were different. This work also supports the 

findings of Rose and Apt (2016), who found similar significant negative biases in the 

mean and RMSE values for CFSR, though they assessed a larger region and applied a 

different extrapolation method. 

      Figure 3.8 shows the mean wind speed at 80-meters (a common hub-height of wind 

turbines, including in the UMW) over the period 1990-2009, the 20-year period 

bracketing the period of record of the tower observations, for each of the reanalyses using 

the EMR which yielded the closest fit to the observations (as in Figure 3.6). Mean annual 

wind speeds ranged from 5-7 ms-1 across much of the central portion of the region in 

ERA5 and CFSR, from 7-9 ms-1 for MERRA and from 7-10 ms-1 for ERAi. Mean annual 
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winds in the forested, northeastern sector consistently ranged from 4-6 ms-1 in each 

reanalysis. Wind patterns broadly mirror those of surface roughness (Z0, Figure 3.3a) and 

Hellmann exponent (α, Figure 3.3b) for each reanalysis. MERRA and ERAi exhibit a 

transition to the slower winds in the northeast sector which is northwardly displaced 

compared to ERA5 and CFSR, while the transition in CFSR is less clear than that of the 

other reanalyses. Comparing Figure 3.8 to the high-resolution maps (2.5 km2) provided 

by the National Renewable Energy Laboratory (NREL, 

https://windexchange.energy.gov/maps-data/319), gives a sense of how well the 

reanalyses capture geographical features in the wind patterns. Broadly, wind speeds 

across the central portion of the region from MERRA and ERAi are consistent with the 

speeds depicted on the NREL maps while all four reanalyses capture the slower wind 

speeds in the northeast. Faster wind speeds which occur along ridges such as Buffalo 

Ridge in southwest Minnesota and eastern South Dakota and slower winds over more 

variable terrain like the Black Hills in western South Dakota also appear in the 

reanalyses, though to varying degrees of detail given the changes in resolution of the 

models.  

      Temporal wind patterns were consistent across the reanalyses. Seasonal wind speeds 

exhibited peaks in April and October and were lowest in August, as exhibited by the 

tower observations and as noted in previous analyses such as Klink (2007). Linear trends 

calculated for each grid cell for each reanalysis were found to be near 0 and statistically 

insignificant throughout most of the region (not shown). This is in contrast to observed 

trends in 10-meter wind speeds which exhibited statistically significant negative trends 

from the 1970’s to 2010 (e.g., Coburn 2019; Zeng et al. 2019; Pryor and Ledolter 2010; 
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Pryor et al. 2009). While the lack of significant trends in the reanalyzed 80-meter wind 

speeds may be due to the lack of skill in capturing decadal trends in near-surface winds, it 

is consistent with the lack of trends in the longest observational tower records. It may 

also be that the near-surface trends do not translate to winds near hub-height. 

3.5 Discussion and Conclusions 

      Multiple methods exist to extrapolate wind speeds to standard hub-heights of wind 

turbines within the boundary layer. Four wind profile extrapolation methods which are 

widely applied in research and wind energy applications (log rule, 1/7 power rule, 

variable exponent power rule and linear interpolation) were assessed by comparing 

tower-based wind speed observations (taken between 39-100 meters agl) throughout the 

Upper Midwest (UMW) against 10-meter wind data extrapolated to the tower 

measurement heights for four reanalysis datasets (ERA5, ERAi, CFSR and MERRA). 

Mean daily wind speeds were used to limit the bias imparted by diurnal variations. 

      The extrapolation method-reanalysis (EMR) combination which yielded the smallest 

biases in the mean and spread of the wind speed distributions was obtained when the 

variable exponent power rule was applied to MERRA. The majority of the remaining 

EMR fields exhibited negative biases in the mean and spread, with wind speeds which 

were slower and less variable than observed winds. This was not surprising for data 

derived using the 1/7 power rule, which has been shown in previous work to 

underestimate shear in the boundary layer (average α values for each reanalysis are larger 

than 1/7). Perhaps more surprising was that the variable power rule exhibited significant 

negative biases when applied to ERA5, ERAi and CFSR, suggesting that the wind data 

which drive the method (VL and VU) are themselves likely to be negatively biased. 

Further, while ERA5 output improved the representation of wind variability compared to 
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its predecessor ERAi, the bias in the mean was larger. ERAi seems to come closer to 

capturing the mean winds across the region due in part to the larger roughness lengths 

(Z0) prescribed in the model. It could be reasonably expected that increased resolution 

would improve the accuracy of the reanalysis output, yet the results on this were less 

clear-MERRA obtained the best results yet has the second lowest resolution while CFSR 

and ERA5 have the highest resolutions yet obtain larger biases than MERRA. It follows 

that simply increasing the resolution of model output for improved wind representation is 

not enough, as returns on the computational investment involved are limited. Largescale 

spatial patterns shown in wind speed maps generated by NREL are captured by all of the 

reanalyses. ERA5, with the highest spatial resolution, best captures the smaller scale 

variability in wind speeds across the domain while MERRA yields the most accurate 

mean wind speeds as compared to tower-based observations. 

      Most extrapolation methods skew toward slower wind speeds and less variable winds 

than are observed for the UMW. The 1/7 power and log rules were developed under the 

assumption of neutral stability and are thus limited by their capacity to capture the LBL 

profile under more stable conditions which are not uncommon in the UMW (e.g., Walton 

et al. 2014) and which tend to produce faster wind speeds. The variable exponent power 

rule and linear interpolation rely on the accuracy of modeled wind fields at two levels. 

Biases arising from these reanalyses and extrapolation methods, if left uncorrected, will 

affect the extrapolated winds and any potential applications, including for wind energy. 

Wind energy is modeled as the cube of wind speed such that even small mean biases 

cause comparatively large deviations in wind power output. As such, errors in model 

representation could severely impact wind resource assessment and prediction. Also 
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important are the implications for wind energy due to wind speed variability, which is 

underestimated by most of the extrapolation methods when applied to the reanalyses 

assessed here. It is important to note that these results are reflective of conditions within 

the Upper Midwest, with other parings of extrapolation methods and reanalysis models 

yielding improved skill in other regions (Olauson 2018). 

      This work compared wind speeds estimated from each reanalysis and extrapolation 

method to observations without any form of bias reduction or spatial interpolation of the 

gridded reanalysis data to specific tower locations. Such processes are often applied when 

reanalyses or other model data are used in wind assessments or applications. Bias 

reduction methods can reduce errors in mean and RMSE of modeled wind data, as shown 

for ERA5 (Betts et al. 2019), CFSR (Rose and Apt 2016) and for wind energy modeling 

(Staffel and Pfenninger 2016). Future work could further assess extrapolation methods in 

combination with bias reduction, as well as why the reanalysis models, when directly 

compared against in-situ observations, do not seem to improve as resolutions are 

increased. As previously noted, different reanalyses exhibit varying levels of skill in 

capturing wind variability and change for different regions, thus further work comparing 

these extrapolation methods and reanalysis models for other geographic ranges may 

obtain different results than those found here for the Upper Midwest. This is important 

for potential applications such as MCP for wind resource assessment, which will need to 

take such factors as model accuracy into account and to consider potential bias reduction 

methods. 
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3.7 Tables 

Table 3.1. Reanalysis dataset variables used and resolutions for this study for the period of record (1990-

2009). U and V are wind components, T is temperature, R is roughness and Gpz is geopotential height. 

Heights (in meters) are indicated by 10m, 50m and 100m, while h denotes a variable which occurs at a 

level for which the height had to be calculated (see Section 3.1.4 for discussion). 

Name Variables Resolution Documentation 

ERA5 U10m,V10m,U100m,V100m,R,T2m 0.25° x 0.25° Hersbach et al. 2019 

ERAi  U10m,V10m, Uh, Vh, Gpzh, R 0.71° x 0.71° Dee et al. 2011 

CFSR U10m,V10m,Uh,Vh,R,T2m,Th 0.5° x 0.5° Saha et al. 2010 

MERRA U10m,V10m,U50m,V50m,U2m,V2m,R,T10m,T2m 0.5° x 0.625° Gelaro et al. 2017 

 

 

Table 3.2. Regionally averaged results averaged from each tower-grid cell location in the Upper Midwest 

for each extrapolation method-reanalysis (EMR) combination. Bolded values are those which best matched 

the observed values (variable exponent power rule for MERRA), while bolded-italicized numbers at the top 

are the mean annual wind speed and Weibull parameters calculated from the tower observations (for 

reference). Mean annual wind speeds, RMSE and scale parameters are in units of m/s. Mean differences 

(MD) are given in parentheses next to the mean annual wind speeds as percentage differences from the 

observed mean wind speed. Shape and scale parameters are given as the values calculated for the respective 

datasets. Values in parentheses next to the shape and scale parameters are also percentage differences from 

the observed values. Pearson correlations and shape parameters are unitless. 

Method Model 
Mean & MD RMSE COR 

Weibull: 

Shape 

Weibull: 

Scale 

7.34   3.18 8.19 

log rule 

ERA5 5.96 (-19) 1.78 0.91 2.79 (-12) 6.65 (-19) 

ERAi 7.52 (2) 1.77 0.85 2.66 (-16) 8.34 (2) 

CFSR 6.34 (-14) 1.52 0.91 2.89 (-9) 7.05 (-14) 

MERRA 6.72 (-8) 1.37 0.90 2.84 (-11) 7.48 (-9) 

1/7 power 

rule 

ERA5 5.23 (-29) 2.41 0.90 2.74 (-14) 5.84 (-29) 

ERAi 6.01 (-18) 1.98 0.85 2.66 (-16) 6.70 (-18) 

CFSR 5.48 (-25) 2.18 0.90 2.79 (-12) 6.11 (-25) 

MERRA 6.58 (-10) 1.43 0.90 2.80 (-12) 7.32 (-10) 

variable-

exponent 

power rule 

ERA5 5.91 (-19) 1.77 0.92 2.94 (-8) 6.57 (-20) 

ERAi 6.42 (-13) 1.61 0.88 2.83 (-11) 7.13 (-13) 

CFSR 6.15 (-16) 1.66 0.90 2.9 (-9) 6.84 (-16) 

MERRA 7.31 (-0.4) 1.18 0.92 3.19 (0.3) 8.14 (-0.6) 

linear 

interpolation 

ERA5 5.45 (-26) 2.18 0.92 2.91 (-9) 6.06 (-26) 

ERAi 5.77 (-21) 2.06 0.86 2.77 (-13) 6.41 (-22) 

CFSR 5.49 (-25) 2.17 0.90 2.89 (-9) 6.10 (-25) 

MERRA 7.15 (-3) 1.28 0.92 3.20 (4) 8.30 (3) 
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3.8 Figures 

 

Figure 3.1. The Upper Midwest study region. The points represent the locations of meteorological towers 

where observations were taken, with the points color-coded for the heights of the measurements, in meters 

above ground level. 
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Figure 3.2. Temporal coverage of each of the towers used in this study, color-coded by measurement 

height, in meters, above ground level. 
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Figure 3.3. Maps of the reanalyzed (a) average roughness length (Z0, in meters), (b) Hellmann exponent (α) and (c) the mean annual vertical wind speed 

gradient between 10 meters and the upper level wind height (see Section 3.3.1.4) scaled to ms-1 per 100 meters. Averages are calculated over the full 

period of record (1990-2009). 
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Figure 3.4. Plot of the location-averaged Hellmann exponent (α) against the average roughness length (Z0). 

Color indicates the reanalysis. The line shown is the empirical relationship reported in Table 3.6 from 

Anjum (2014). 
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Figure 3.5. Boxplots of daily Hellmann exponents (α) for each reanalysis over the period of record (1990-

2009). Mean exponents for each reanalysis are 0.22 for MERRA, 0.21 for ERA5 and CFSR and 0.19 for 

ERAi. The dashed line denotes the value for the 1/7 power rule (~ 0.143). 
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Figure 3.6. Tower-grid cell (TGC) averaged, monthly mean difference (MD) and root mean square errors 

(RMSE) resulting from the extrapolation method which best captured the observed tower wind speed 

observations (log rule for ERAi and CFSR, variable exponent power rule for ERA5 and MERRA). 
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Figure 3.7. Probability distributions (density plots) of wind speeds for each reanalysis and color-coded by 

method of extrapolation. Dashed line indicates the distribution obtained from observations. Values are 

averaged across all tower-grid cell (TGC) locations. 
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Figure 3.8. Mean annual wind speed at 80-meters for the Upper Midwest over the period 1990-2009 using 

the extrapolation method which produced the smallest overall biases for each reanalysis (as in Figure 3.6). 
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4.1 Introduction 

Wind has risen as a promising source of renewable energy around the world due to the 

finite nature of fossil fuels and the growing threats posed by accelerating climate change. 

Globally installed wind capacity has risen to over 433 GW (Fried et al. 2017), including 

50 GW in the United States (Miller and Keith 2018) but will need to further comprise 

over 50% of production by 2028 and over 90% by 2100 to avoid the worst projected 

outcomes of climate warming (Jones and Warner 2016). Marvel et al. (2013) found that 

the total global wind power potential could be as much as 400 TW within the boundary 

layer which, while far in excess of the current global energy demand, faces significant 

technological, economic and political constraints that limit resource accessibility and 

practicality (Shaner et al. 2018; Hansen et al. 2017; Adams and Keith 2013; De Castro et 

al. 2011). Further growth in wind capacity is expected as the price-per-kilowatt falls 

relative to other energy sources, particularly fuels like coal, and as local and national 

governments set goals and mandates for renewable energy production (Beck and 

Martinot 2016; Hess et al. 2016). Given this growth, the significant upfront capital 

required and concerns over returns on investment for wind installations, information on 

wind resource variability over multiple timescales is imperative. While short-term wind 

variations have understandably been the focus of much research for applications in 

energy forecasting and integration into the electrical grid (Okumus and Dinler 2016), 

information on long-term wind variability is also important for a few reasons. First, the 

lifetime of typical wind installations is approximately 20-30 years (Njiri et al. 2019), with 

long-term resource variations affecting the time to return on investment as well as risk 

mitigation markets (Shin and Baldick 2018; Boqiang and Chuanwen 2009). Second, since 



78 

 

measurement campaigns for prospective wind generation sites usually last for less than a 

year, even with the implementation of measure-correlate-predict (MCP) methods, models 

of energy output could be significantly biased by monthly, seasonal and interannual 

anomalies (Carta et al. 2013). Finally, there is potential for improved wind resource 

predictability given knowledge of the drivers of variability over these timescales 

(Torralba et al. 2017; Doblas‐Reyes et al. 2013). 

      One important driver of long-term monthly to interannual variability are the internal 

modes of the climate system, which have teleconnections with weather and climate 

phenomena over large spatial domains. Several modes have been shown to influence 

regions with significant installed wind capacity or a high potential for deployment over 

timescales of weeks to years. One of the most robustly explored connections is between 

the North Atlantic Oscillation (NAO) and wind potential across Europe (François 2016). 

This is particularly true of western Europe (Grams et al. 2017; Kriesche and Schlosser 

2014), Ireland (Cradden et al. 2017), the United Kingdom (Earl et al. 2016) and the 

Iberian Peninsula (Kirchner-Bossi et al. 2015). Much of this influence stems from the 

shift of storm tracks and pressure belts between NAO phases that can have divergent 

effects on the northern and southern sections of the continent. Around the Pacific Basin, 

the El Niño-Southern Oscillation (ENSO) has been shown to change wind anomalies and 

energy potential in China (Yu et al. 2020; Chen et al. 2013), Japan (Obha et al. 2016), 

New Zealand (Gibson and Cullen 2015) and California (Berg et al. 2013). This influence 

also extends globally, as significant ENSO events excite wave-train effects in the 

midlatitude atmosphere and seem to force other modes into certain phases depending on 

the magnitude and season (Younas and Tang 2013; Hendon et al. 2007). Variability in the 
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Caribbean has been linked to ENSO and the NAO (Giannini et al. 2001), while Naizghi 

and Ouarda (2016) used regression and wavelet analysis to find the influence of ENSO, 

the NAO and the Indian Ocean Dipole (IOD) on wind speeds around the United Arab 

Emirates.  

      Internal modes have been implicated in downward trends identified in global 

terrestrial 10-meter wind speeds from 1970-2009 and subsequent recovery after 2010 

(Zeng et al. 2019; Torralba et al. 2017), though other work has suggested other causes 

such as changes in surface roughness (Bichet et al. 2012; Vautard et al. 2010) and 

interdecadal climate warming due to increasing CO2, with further potential decreases 

throughout the 21st Century of 40 percent (Karnauskas et al. 2018; Breslow and Sailor 

2002). Tropospheric and stratospheric aerosol loading, particularly from large eruptive 

volcanic events, have also been shown to reduce near-surface and boundary layer wind 

speeds due to the lessening of diurnal, land-sea and latitudinal thermal contrasts 

(Stenchikov 2016; Takahashi and Watanabe 2016; Schneider et al. 2009; Jacobson and 

Kaufman 2006). The signal of external climate drivers in wind resource data is difficult 

to constrain due to high internal variability (Pryor and Barthelmie 2010), while near-

surface and boundary layer winds in reanalyses do not reproduce the observed trends 

(Blunden et al. 2019; Holt and Wang 2012; Pryor et al. 2009). Further complications 

arise due to how the internal modes may themselves be subject to the influence of 

external forcing. Decadal trends toward the positive phase of the Arctic and Antarctic 

Oscillations (AO and AAO, respectively), as well as the NAO, have been attributed to 

stratospheric cooling induced by greenhouse gas increases and stratospheric ozone 

destruction (Screen et al. 2018). Yet Overland et al. (2015) and Francis et al. (2015) 
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suggest that polar amplification under climate change may be forcing negative phases of 

the AO and NAO and slower midlatitude circulation. This contributes to the complex and 

contradictory influences of externally forced variability on largescale circulation and 

storm tracks (Shaw et al. 2016), and thus potentially wind resources. Large volcanic 

eruptions tend to shift the AO and AAO into positive phases due to the latitudinally 

varying effects of aerosol induced stratospheric heating (Stenchikov et al. 2002). El Niño 

events seem to occur after eruptions, possibly due to tropical land-sea thermal contrasts 

acting as a trigger (Swingedouw et al. 2017), though studies disagree on whether the 

relationship is robust in the long-term proxy records (Predybaylo et al. 2017; Li et al. 

2013) or not (Dee et al. 2020). 

      While internal modes have been shown to have influence on the wind resources of 

regions surrounding ocean basins, less work has focused on midcontinental areas. The 

Upper Midwest (UMW: 40-52°N, 87-105°W, see Figure 4.1) is a region located in the 

center of North America which has some of the highest on-shore wind potential on the 

continent due to the relatively open terrain and prairie-type landcover (Archer and 

Jacobson 2013). The UMW has seen rapidly increased installed energy capacity to over 

22 GW as of 2019 (Dahlke 2018; https://windexchange.energy.gov/maps-data/321). 

Wind speeds are highest in the winter and spring, peaking in April, with the slowest 

speeds occurring in August (Coburn 2019; Klink 1998). Klink (2007) showed that wind 

speeds at 70 meters above ground level (AGL) across Minnesota follow a similar 

seasonal pattern. Wind regimes within the Upper Midwest change with the seasonal shift 

in the polar jet and hemispheric pressure belts, as well as with air masses originating from 

the Arctic, Pacific and the Gulf of Mexico. Surface conditions augment these seasonal 
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changes through shifts in vegetation cover and snowfall. Negative trends in near-surface 

wind speeds found for other regions were also present in station observations from the 

Upper Midwest, though the magnitudes were small after homogenization (-0.057 ± 0.044 

ms-1decade-1) and were not replicated in most reanalysis datasets (Coburn 2019). Wind 

resources within the UMW have been linked to ENSO variability, with several studies 

finding negative correlations for in-situ station or meteorological tower wind speeds in 

North and South Dakota (Harper et al. 2007), Minnesota (Klink 2007) and the southern 

Canadian Prairies (St. George and Wolfe 2009). This relationship is broadly captured by 

general circulation models (GCMs) and reanalyses (Hamlington et al. 2014; Schoof and 

Pryor 2014). Schoof and Pryor (2014) and Klink (2007) also found a significant positive 

correlation between wind anomalies and the Arctic Oscillation (AO), as well as a weakly 

positive correlation with the Pacific-North American (PNA) index, modes which are 

similar in geographic domain and co-variability (Ouadrelli and Wallace 2004). 

      The goal of this analysis was to assess the overlapping impacts of teleconnections and 

external climate influences on wind energy resources in the Upper Midwest by 

converting hub-height winds estimated from gridded reanalysis data to energy output. A 

multiple linear regression model was applied to the grid-cell level data and broken down 

by season to account for the geographic and intra-annual variability of teleconnection 

strength and influences. This will have implications not only for long-term wind resource 

assessment but also the effectiveness of geographically spreading out wind plants to 

increase production reliability (Fisher et al. 2013; Katzenstein et al. 2010) over monthly 

and longer timescales. 

4.2 Data 
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4.2.1 Reanalysis Data and Hub-height Extrapolation 

      Reanalysis data are often used as part of wind resource assessment and offer 

observationally constrained, spatially homogenous output over several decades (Parker 

2016; Anjum 2014). Reanalyzed data fields came from the NASA Information System 

database (https://disc.gsfc.nasa.gov/). The reanalysis model used here was the Modern-

Era Retrospective Analysis for Research and Applications version 2 (MERRA, see 

Gelaro et al. 2017), which has been widely applied in wind energy research (Yu et al. 

2020; Olauson and Bergkvist 2014; Henson et al. 2012). The variables used included the 

U and V wind components as well as the data needed to calculate wind energy output: the 

2-meter air temperature (K) and specific humidity (kgkg-1), the surface pressure (Pa), and 

the mean sea level pressure (SLP, converted to hPa). The period of record for the data 

extended from 1980-2018. Hourly values were averaged to obtain daily values which 

reduces biases due to diurnal wind representation and the comparison of time-averaged 

hourly observations against instantaneous state variables (Rose and Apt 2016). 

      The U and V components from each reanalysis were used to calculate the wind speed 

at each grid cell for each hour, then aggregated to obtain the daily average wind speed. 

Daily average 80-meter wind speeds were extrapolated using the power rule: 

 

             𝑉𝑛 = 𝑉0 (
𝑋𝑛

𝑋0
)
𝛼

      (1) 

 

where Vn and Vo are the extrapolated and observed (usually lower altitude) wind speeds, 

Xn and Xo are the extrapolated and observed heights in meters and α is the unitless 

Hellmann exponent. Each daily Hellmann exponent was estimated using MERRA-

derived wind speeds at 10 and 50 meters. Coburn 2020 (under review) compared 

extrapolated wind speeds and data from tall towers scattered throughout the region and 
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showed that MERRA produced the best results (mean bias of -0.4 m/s, RMSE of 1.18 

m/s, correlation of 0.92) while the European Center for Medium Range Weather 

Forecasting Retrospective Analysis 5 (ERA5) and Interim (ERAi) as well as the Climate 

Forecast System Reanalysis (CFSR) all significantly underestimated 80-meter wind 

speeds. These findings were consistent with previous studies which quantified the biases 

in wind speeds for each reanalysis (Betts et al. 2019; Coburn 2019; Rose and Apt 2015). 

4.2.2 Wind Energy Output 

      Daily 80-meter hub-height wind speeds were converted into daily wind energy output 

for each grid-cell. Data from https://www.thewindenergy.net/windfarms_list_en.php were 

used to find the locations of wind farm sites as well as the turbine models, hub-heights 

and periods of operation for each site while monthly output (in MWh) were obtained 

from the US Energy Information Administration (EIA, 

https://www.eia.gov/electricity/data.php) for the period 2005-2018. 15 wind farm sites 

spread over an area of 4.76 x 105 km2 were chosen from across the region for this 

analysis (Figure 4.2, Table 4.1) which use the same (or very similar) turbine models, the 

GE Energy 1.5 sle (or xle in some instances) with an 80-meter hub-height. Reanalyzed 

wind speeds were matched to the wind sites using a nearest neighbor approach. Two-

meter temperature, specific humidity and surface pressure data were used to obtain 

atmospheric density (ρn) in the surface layer, first by calculating the virtual temperature 

and then by using the ideal gas law. Density at 80-meters was calculated using the 

equation: 

 

𝜌𝑛 = 𝜌𝑒−80/𝐻      (2) 
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where H is the scale height and was calculated using the 2-meter temperature. The 80-

meter wind speed was corrected for changes in density using the relation in Wan (2010): 

 

                      𝑉𝑛𝑛 = 𝑉𝑛 (
𝜌𝑛

1.225
)
1/3

     (3) 

 

The density-adjusted 80-meter winds (Vnn) were converted to energy output by 

interpolating them into 1 m/s bins for the GE Energy 1.5 sle turbine model power curve, 

with a cut-in speed of 3.5 m/s, a rated speed of 12 m/s, a rated energy output (REO) of 

1.5 MWh (36 MWh per day) and cut-out speed of 25 m/s. These energy output values 

were multiplied by 24 to obtain the daily total energy output in MWh per turbine (TEO).  

      The total output from the EIA for each wind farm site was divided by the number of 

turbines at that site to obtain the observed TEO. Total modeled monthly output per 

turbine was compared to the observed output at each site and were found to have 

correlations between 0.72-0.95 (mean of 0.9). Modeled output was an average of 23 

percent higher than the observed values with RMSEs of 125.2 (49-181 MWh, or about 

30%), which may arise from undocumented turbine errors, icing in the winter, local 

landscape factors and wind wake effects (Pieralli et al. 2015). Correcting the modeled 

wind output by reducing the output by this value to bring the means into alignment, the 

RMSE values were reduced to 36.6 (30-61 MWh, or about 8%), consistent with results 

from Yu et al. (2020) which calculated the errors in wind energy using MERRA in China. 

This average reduction was applied to all daily wind energy output for each grid-cell in 

the region. Mean capacity factors (CF, calculated as daily TEO over daily REO) and 

monthly robust coefficients of variation (RCoV, see Lee et al. 2018) were calculated and 

shown in Figure 4.2. The regional mean CF and monthly RCoV were 0.38 and 0.6, 

respectively. Most of the region exhibits strong production and lower monthly variability, 
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though the northeast section exhibits larger variability with smaller median values. 

Monthly wind energy anomalies for each grid-cell were calculated by subtracting the 

long-term mean monthly total energy per turbine climatology for the 1980-2018 period of 

record from the monthly TEO values (see Figure 4.3a). 

4.2.3 Teleconnection Indices and External Forcing 

      Monthly teleconnection indices and external forcing values were taken from the 

KNMI Climate Data Explorer 

(http://climexp.knmi.nl/start.cgi?id=someone@somewhere) for the period 1979-2018, 

overlapping the period of record for MERRA plus one year prior to account for potential 

lags. The modes of variability considered here included the AO and ENSO, which have 

both been implicated in changing wind patterns in the UMW in past literature. The AO 

was derived from EOF analysis of sea level pressure fields. ENSO was represented here 

by the Multivariate ENSO Index (MEI), which is calculated using a composite of sea 

surface temperatures (SST), surface air temperatures, cloudiness, wind and pressure in 

the tropical Pacific. Other internal modes which contribute to North American climate 

variability and were considered include the PNA, the NAO, the Pacific Decadal 

Oscillation (PDO) and the Atlantic Multidecadal Oscillation (AMO, see Alexander et al. 

2014 and Sutton and Hodson 2005). The NAO is thought to be the regional expression of 

the AO in the North Atlantic (Ambaum et al. 2001) while the PNA and PDO are 

postulated to be driven by ENSO (Newman et al. 2003; Straus and Shukla 2002). For 

these reasons, as well as the lack of significant model improvement when they are 

included, the PNA and NAO were not included in this analysis. The AMO and PDO were 
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also excluded, as they occur over multi-decadal timescales and would not have several 

full cycles available over the 40-year period of record used here. 

      Several external forcings were considered for this study. Monthly values of forcing 

calculated from known radiative agents, including greenhouse gases (CO2, CH4, N2O and 

CFCs), aerosol optical depth (AOD), stratospheric AOD and solar variability (as 

measured by satellites) were considered. As there was no significant trend in the monthly 

TEO, greenhouse gas forcing was assumed to have had little direct effect over the period 

of record. Most of the forcing series available at KNMI ended between 2010-2016, as 

they were derived from the global forcing datasets for the global climate models included 

in the Coupled Model Intercomparison Project Phase 5 (CMIP5). In order to obtain a 

complete shortwave forcing record, globally averaged downward shortwave flux at the 

surface (SOLAR) was obtained from KNMI for each reanalysis. This flux incorporates 

many influences on surface solar flux such as solar variations, tropospheric aerosols and 

volcanic stratospheric aerosols. Each reanalyzed SOLAR timeseries was considered but 

the ERA5 data, being the most recent and data-rich, was used. While the SOLAR index 

trend over the period of record was negligible, significant variations, particularly negative 

anomalies, occur over periods of months to years. 

      Phases of the teleconnection and forcing indices are defined as monthly index values 

beyond specific thresholds. For ENSO, phases are designated at MEI values of greater 

than 0.5 (positive phase, El Niño state), less than -0.5 (negative phase, La Niña state) and 

between ± 0.5 as neutral (Andrews et al. 2004). The AO was defined as being in a 

positive phase for index values + σ (or about 1) and negative for values – σ (or about -1), 

as in Jeong et al. (2012). Episodes of SOLAR which were more than one standard 
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deviation (± 0.727 Wm-2) from 0 were used as ‘phases’ of the forcing index. Positive 

solar phases amounted to 71 months while negative solar phases amounted to 66 months, 

though the negative magnitudes were often larger. 

4.3 Methods 

4.3.1 Synoptic Pattern Analysis 

      Atmospheric circulation varies over multiple timescales, affecting wind speed and 

TEO variations in the process. In a study on boundary layer winds in Minnesota, Klink 

(2007) used the meridional pressure gradient from reanalyzed pressure data as an index 

by which to remove seasonal synoptic variations before regressing against teleconnection 

indices. For this analysis, synoptic variations were characterized by both the spatial 

synoptic pattern and the pressure gradient of those patterns.  

       Many methods of synoptic typing have been derived and used in environmental 

analysis (Lee and Sheridan 2015; Ramos et al. 2014; Huth et al. 2008) and wind resource 

assessment (Obha et al. 2016; Kirchner-Bossi et al. 2015). Previous studies using 

synoptic typing analysis on wind resources utilized one of two main algorithms, the 

Lamb scheme (Jones et al. 2013; Jones et al. 1993) or a converging cluster K-means 

scheme (Fauchereau et al. 2016; Esteban et al. 2006). The Lamb scheme uses indices of 

flow direction and vorticity to assign 26 daily circulation types (8 pure directional types: 

NE, E, SE, S, SW, W, NW, N; 2 pure shear types: cyclonic (C) and anticyclonic (A), and 

hybrids of directional and shear) and has the advantage of producing readily interpretable 

patterns. K-means clustering seeks to minimize the in-cluster variance while maximizing 

the variance between clusters which, while not necessarily as physically based, has 

produced results which were comparable to more complex methods such as self-
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organizing maps SOM (Philippopoulos et al. 2014; Jiang et al. 2012). K-means requires 

the selection of seed-patterns, or centroids, which are then iteratively improved. The 

number of seeds is subjective but has often been decided using patterns derived from 

rotated EOF analysis of SLP which accounts for some predetermined level of explained 

variance, often between 70-90 percent (Huth 1996).  

      Spatial synoptic classification was applied in this analysis using the MERRA SLP 

data. A hybrid approach was adopted which used the Lamb type SLP patterns as seeds for 

K-means clustering. Daily SLP values were spatially aggregated into a 4° x 5° grid 

encompassing the region (36-56°N, 82-110°W, see Figure 4.4). Flow was classified 

according to the equations in Jones et al. (2013) and optimized for the latitude zone. Less 

than 1 percent of days were undefined and were set to whichever type they most closely 

aligned with. Once each day was classified, daily SLP maps were averaged by Lamb type 

to produce 26 SLP maps which were applied to K-means as centroids from which to 

begin clustering daily patterns.  This process resulted in 26 K-means optimized Lamb 

types which best captured the daily SLP patterns (mean daily correlation of 0.7) 

compared to the use of either the raw Lamb types (mean daily correlation of 0.57) or 

rotated EOF-centered K-means clustering (mean daily correlations of 0.4-0.6 for 10-25 

centroids). Figure 4.5 shows the breakdown of types by month as a percentage of days, 

averaged over the period of record. Directional types peak in late summer while cyclonic 

types peak in late spring to early summer. Anticyclonic types peak in the winter, often 

making up more than 50 percent of days, while shrinking to less than 10 percent in 

summer. 
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      Energy output in each grid-cell was related to the synoptic patterns using the 

following process. First, mean daily TEO was calculated for each grid-cell for each 

synoptic type. Next, daily timeseries of synoptic TEO for each grid cell were constructed 

by assigning mean TEO values to each day based on the synoptic type which occurred on 

each day (see Appendix). The resulting timeseries gives the daily variation in energy 

production driven by the synoptic pattern for each grid-cell in the region. These daily 

values were summed to obtain the monthly total synoptically driven TEO variations. The 

mean monthly climatological variation in synoptically driven TEO (not shown) peaks in 

November, with a secondary peak in April and the lowest TEO values in August, 

reflecting the mean monthly variations in wind speeds across the region (Coburn 2019). 

Monthly synoptic TEO anomalies at each grid cell were calculated by subtracting the 

climatological mean monthly total TEO for the period of record from the monthly total 

TEO values (see Figure 4.3b for an example). 

4.3.2 Pressure Gradient Analysis 

      While the synoptic patterns drove variations of high and low TEO across the region, 

TEO variability within each synoptic type largely occurs as a result of the variable 

pressure gradients within each type (shown through regional average CF in Figure 4.6). 

Daily pressure gradients were calculated as the difference between the maximum and 

minimum SLP within the bounding box used for the K-means clustering shown in Figure 

4.4. TEO tends to be highest for cyclonic types (mean CF: 0.39) and lower for 

anticyclonic (mean CF: 0.32) and directional (mean CF: 0.31) types. TEO also tends to 

be highest for northwesterly types within the directional, cyclonic and anticyclonic 

groups while the easterly, anticyclonic easterly and cyclonic westerly types have the 
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lowest CF within their groups. Pressure gradients cause wide variations in TEO for each 

type, with the largest gradients yielding regionally averaged CF values in excess of 0.7 

while the smallest gradients cause regional average CF values as low as 0.06.  

      Daily pressure gradients were averaged to obtain the monthly average gradients 

across the region. Monthly pressure gradient anomalies were calculated by subtracting 

the climatological monthly means, averaged from the whole period of record, from the 

monthly average values. TEO variations caused by the synoptic patterns and the pressure 

gradients constitute the influence of the synoptic regimes. 

4.3.3 Multiple Linear Regression Model 

      The total turbine energy output anomaly (TEOA) for a given month (m) for each grid 

cell (g) were regressed against the monthly synoptic pattern-driven energy anomaly 

component (SYN) for each grid cell, the monthly pressure gradient anomaly (PG) for the 

region and the teleconnection and forcing indices for each meteorological season (spring: 

MAM, summer: JJA, autumn: SON, winter: DJF). Potential lags in the effects of the 

teleconnections and forcing were assessed at monthly time steps for up to a year (m-12). 

The lag with the highest explanatory energy response, averaged across the region, was 

then applied in the final regression model. For this analysis, the AO and ENSO were 

found to have the greatest impact in the concurrent month (m = 0) while SOLAR was 

found to yield the largest effects at 6 months prior to the anomalies (m = -6). Because the 

predictors have different scales, the effects of all parameters were standardized prior to 

inclusion in the multiple linear regression model, as follows: 

 

TEOAmg = β1g[SYNmg] + β2g[PGm] + β3g[AOm] + β4g[ENSOm] + β5g[SOLARm-6]      (5) 
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Non-linear regression and artificial neural network (ANN) approaches were tested to 

assess the potential for non-linear relationships between the teleconnections and wind 

energy, though none were found to yield improvements in the total explained variance 

compared to the linear model. In order to assess the potential multicollinearity of the 

synoptic pattern, pressure gradient and teleconnection index terms, a variance inflation 

factor (VIF) test was applied to every grid cell regression in each season. Values greater 

than 5 are often used as an indication of variable interdependence. VIF values averaged 

to values of 1-2 for the region, with no values greater than 2.6 for any regression term at 

individual grid cells. An ANOVA was used to assess the explained variance of the model 

and terms, as well as to confirm that the residuals exhibited no pattern or trend over the 

period of record.  

      Further analysis of the potential impact of the teleconnections on the synoptic regimes 

was undertaken by using the Pearson correlation of the monthly synoptic type counts and 

pressure gradient anomalies with each of the indices. It was found that the correlations 

were small and mostly insignificant (p > 0.1), indicating that the synoptic regimes, as 

formulated in this work, captures SLP variability which was predominantly (though not 

entirely) distinct from that driven by the teleconnections.  

4.4 Results 

4.4.1 Regression Model 

      Regression model output for each grid cell and season are shown in Figure 4.7 while 

the overall results are summarized in Table 4.2. The results were broadly consistent with 

those of Schoof and Pryor (2014), Hamlington et al. 2014, and Klink (2007), though the 

seasonal and spatial variations found here had not been previously explored in a 
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systematic fashion. The overall regression model explained 30-43 percent of the variance, 

depending on the season, when the median of all grid cells was taken, with the lowest 

explained variance in the spring and summer and highest in winter. Within the region, the 

explained variance was as high as 60 percent for some grid cells, while the minimum 

explained variance (not shown) was relatively consistent at about 15 percent.  

      Synoptic pattern-driven TEOA (median p < 0.01 in all seasons) and pressure 

gradients (median p < 0.02 in all seasons, see Table 4.2) have statistically significant 

impacts over most of the region (66-97 percent of grid cells) in each season (Figure 4.7), 

explaining 18-25 percent and 6-10 percent of the variance, respectively. The direct 

relationship between the synoptic pattern-induced monthly anomalies and the pressure 

gradient anomalies follows from the expected effects of pressure patterns on wind speeds 

(and energy) throughout the region. When synoptic types in a given month favor higher 

(lower) wind TEO, for a standardized one-unit change, regional average TEOA increases 

(decreases) by 13.7-22 MWh/turbine, depending on the season. Similarly, for a 

standardized unit increase (decrease) in pressure gradient anomaly, regional average 

TEOA increases (decreases) by 9.8 to 22.6 MWh/turbine, depending on the season. 

Synoptic pattern-driven TEOA effects are strongest in winter and weakest in summer 

while the effects of the pressure gradient anomalies are strongest in summer and weakest 

in spring. A scan of the daily synoptic type timeseries (not shown) showed that the daily 

changes of synoptic type were less variable in summer than for the rest of the year, which 

would contribute to a smaller influence on TEOA via changing synoptic patterns and a 

relative increase in the importance of the pressure gradient. Variations within the UMW 

show that some areas are more affected by the synoptic systems over the region Figure 
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4.7), with some small areas (represented by less than 1 percent of the region) exhibiting 

inverse relationships with the synoptic pattern-driven TEO and monthly pressure gradient 

anomalies. Synoptic patterns exhibit their strongest effects over the northwest and 

western portions of the region, particularly in spring. The pressure gradient effect was 

strongest in the south-central portion of the region and had its highest relative influence 

in summer. Areas of relatively weak influence by the synoptic regimes existed over Lake 

Superior in autumn and the northeast sector in winter for the synoptic patterns and the 

western portion of the region in spring and autumn for the pressure gradient. 

      The strongest teleconnection influence in most seasons consistently stems from the 

AO, which has a generally positive relationship in which positive AO drives higher 

TEOA (Figure 4.7) across large swaths of the region in spring (regional mean of 7.6 

MWh per standardized AO unit), autumn (8.4 MWh per standardized AO unit) and 

winter (10.3 MWh per standardized AO unit). The AO explained 1-5 percent of the 

overall variance, though it reaches 13 percent for some areas within the region (Table 

4.2). The core of AO-induced variability differs by season, with spring AO exhibiting the 

strongest influence over the north-central and northeastern portions of the region, shifting 

to the eastern half of the region in autumn and the northwestern portion in winter. In 

summer, the AO imposes a negative relationship for a portion of the region near Lake 

Superior (approaching -20 MWh) while maintaining an area of strong positive influence 

over the Nebraska-Iowa border (approaching 40 MWh), averaging to only 3.4 MWh 

across the region. 

      ENSO exhibits a consistently negative relationship with TEOA (Figure 4.7), as 

positive ENSO drives down wind production (regional means of -2.7 to -7.6 MWh per 
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standardized MEI unit, with variance explained ranging from 1-2 percent, but peaking at 

13 percent in some areas), though the places where the effects were statistically 

significant were limited (about 20-47 percent of grid cells at p < 0.1, see Table 4.2). The 

episodic nature of ENSO events impacts these general findings, as months with large El 

Niño explain more than 50 percent of the TEOA excursion in those months when the 

regression model-derived TEOA is compared to the observed values. Winter ENSO 

exhibits the strongest effects, causing TEOA declines across the western half of the 

region. ENSO effects in other seasons cover smaller areas in the east and south, with 

smaller areas of statistically insignificant positive influence scattered between them, 

particularly in spring and summer. 

      Influences on TEOA due to SOLAR variations were positive but heterogeneous 

across the region (Figure 4.7), being significant in only 18-34 percent of grid cells at p < 

0.1 (Table 4.2). The strongest effects were in the northwest in autumn, the north-central 

areas in winter and the southeast section in spring. SOLAR effects were weakly scattered 

around the region in summer. Summer and autumn responses (3.6 and 3.4 MWh, 

respectively) were comparable while those of winter (6.3 MWh) and spring (5.3 MWh) 

were larger. This may seem surprising, as summer solar flux is the largest, but the 

latitudinal gradient is largest in winter and the effects of SOLAR on TEOA occur 

indirectly via the effects on circulation. Overall, solar variations explained only about 1 

percent of the variance, though for some areas that rose up to 8 percent. Like ENSO, 

however, SOLAR variations experience episodic excursions toward negative values after 

major volcanic events (discussed later), where the explained variance in certain months 

can rise to over 50 percent. 
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      The influences of the teleconnections can be constructive, enhancing the effects of the 

others, or destructive. This is clear when the impacts of major El Niño events are 

compared. Consistent with the results of Kink (2007) for wind speeds, positive ENSO 

lead to reduced TEOA over much of the region. As expected based on these results, sharp 

declines in TEOA occur during the strong El Niño events in 1997-1998 and 2009-2010. 

During these events, each of which lasted for months, other teleconnections, particularly 

the AO, augmented the declines through recurring negative phases. However, another 

major El Niño event occurred in 2015-2016 which did not drive a sharp decline in TEOA. 

During this period, the AO was predominantly positive. Further complications arise when 

the potential impacts of and interactions with external forcing, such as that of SOLAR, on 

the teleconnections. While volcanic eruptions reduce SOLAR (decreasing TEOA), they 

may drive positive phases of the AO (increasing TEOA) and ENSO (decreasing TEOA) – 

see Stenchikov 2016. Notably, both major volcanic events in 1982-1983 and 1991-1992 

overlap with moderate to strong El Niño activity and positive monthly AO events. 

4.4.2 Effects of Circulation 

      In order to assess the driving circulatory features associated with the patterns of 

influence described above and shown in Figure 4.7, daily SLP were averaged to obtain 

mean monthly SLP. Monthly SLP anomalies were then found by subtracting the monthly 

climatology for the full period of record from the monthly average SLP values. The 

monthly SLP anomalies were then subset and averaged by teleconnection phase and 

season. 

      Figure 4.8 shows the SLP anomalies for the positive and negative AO in each season. 

Generally, the positive AO exhibits low pressure anomalies at high latitudes and high-



96 

 

pressure anomalies at low to mid-latitudes, with the negative AO exhibiting the opposite. 

Lower pressure to the north of the region and high pressure to the south would promote 

broadly westerly flow (though not necessarily westerly-type days), which tends to be 

faster. The inverse produces an easterly tendency in the flow, which would counter the 

prevailing westerlies and produce generally slower winds. This fits with the positive 

influence on TEOA overall, with positive AO tending to produce increased energy output 

and negative AO producing decreased output. Further, the area of negative TEOA near 

Lake Superior in the summer corresponds to a weak ridge and local high-pressure 

anomaly centered over that portion of the region. 

      ENSO SLP anomalies are shown in Figure 4.9 for each season. The ENSO-induced 

pressure anomalies were generally weaker than those found for the AO, which caused a 

generally weak TEOA response, particularly in spring, summer and autumn. In winter, 

positive (negative) ENSO tends to result in a high (low) pressure anomaly over 

northeastern Canada and lower (higher) pressure over the North Pacific and Rocky 

Mountain West. This pattern would tend to produce broadly southeasterly flow while 

negative ENSO, or La Niña episodes, tend to produce broadly northwesterly flow. 

Broadly northwesterly flow would tend to increase wind speed and energy output while 

broadly southeasterly flow would result in a decrease. 

      Figure 4.10 shows the SLP anomalies for phases of the 6-month lagged SOLAR 

index in each season, as energy output in large portions of the region is significantly 

affected. While positive SOLAR tends to produce broadly westerly flow across the 

region, the pressure patterns forcing this flow are weaker and inconsistent between 

seasons. The clearest patterns are those in spring and winter, when low pressure 
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anomalies to the northeast and north and west of the region, respectively, drive 

northwesterly and southwesterly flow overall. Negative SOLAR episode SLP anomalies 

exhibit a more consistent pattern of higher pressure to the north and east of the region 

(except in winter, where it is to the north and west), driving broadly easterly and 

southeasterly flow (weak northerly in winter). The strongest negative excursions of the 

SOLAR index occur in response to large tropical volcanic eruptions, particularly El 

Chichón in April 1982 (SOLAR index values falling to -1.5 to -2.1 Wm-2 the following 

year) and Mt. Pinatubo in June 1991 (SOLAR index values of falling to -2.0 - -2.5 Wm-2 

by the first half of 1992). Periods of lower than normal energy output lasting for 1-2 

years follow these excursions (Figure 4.11), consistent with the effects on circulation and 

winds discussed in Stenchikov et al. (2002), though this is complicated by the potential 

interaction between volcanic emissions, radiative cooling and the occurrence of positive 

ENSO and AO episodes the winter following the eruption (Swingedouw et al. 2017). 

4.4.3 Extreme Case Studies 

4.4.3.1 Low Wind Anomalies: February 1993, January 1998 and February 2010 

      The lowest TEOA values are denoted by the upward-pointing triangles in Figure 4.3a, 

ranging from -100 to -140 MWh/turbine, or 20-30 percent below normal production. 

These troughs in production affect the whole region, particularly the high production 

areas in the central portion of the region. Further, the energy lulls of February 1993 and 

January 1998 were part of longer periods of below normal production which spanned 

from early 1992 to mid-1993 and throughout 1998, respectively (Figure 4.12). The 

largest decline, which occurred in early 2010, occurred over a single month in which 

some areas within the central portion of the UMW experienced production declines of 
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40-50 percent. These declines affected the entire region, to varying degrees, with effects 

in the months surrounding the lulls as well. Such reductions in TEOA over a widespread 

spatial domain undercut attempts at resource stabilization over monthly timescales via the 

spreading of turbines over wide areas. 

      Declines in TEOA in 1992-1993 follows from the negative SOLAR and positive 

ENSO, both of which contribute production drops of 10-20 MWh/turbine across parts of 

the region. Low TEOA in 1998 followed the strong El Niño episode of 1997-1998, as 

does the low energy output in early 2010 with the moderate El Niño of 2009-2010. The 

lull in production in 2010 was enhanced by a negative AO. Synoptically-driven 

anomalies further augment the drops in production, with generally greater numbers of 

anticyclonic easterly, anticyclonic southeasterly and anticyclonic southerly days which 

tend to depress energy production, at the expense of the cyclonic and anticyclonic types 

that increase it. This fits with the monthly SLP patterns depicted in the top row of Figure 

4.13, showing easterly or southeasterly flow tendencies from the presence of high-

pressure systems to the north and east of the UMW. Pressure gradient anomalies during 

these low production months ranged from 0.4 to 1.9 standard deviations below normal. 

4.4.3.2 High Wind Anomalies: February 1996, February 2002 and January 2014 

      The highest monthly TEOA, on the order of 20-30 percent above normal, are also 

indicated in Figure 4.3a by the downward-pointing triangles. They generally occurred as 

single months which were not situated within longer periods of anomalously high output 

for months to years (Figure 4.12). These high production months do not share common 

extreme teleconnection influences, though each did occur under neutral to negative 

ENSO conditions. Changes in synoptic types favored those which tend to increase 
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TEOA, such as cyclonic southerly, cyclonic northwesterly and anticyclonic 

northwesterly. As with the low-production months, the patterns shown in the bottom row 

of Figure 4.13 fit the changes in synoptic types, with SLP anomalies augmenting the 

prevailing westerly flow, increasing energy production. In fact, the SLP anomalies for 

January 2014 were strongly reminiscent of the cyclonic northwesterly synoptic type 

which produces the highest production of the 26 types. Pressure gradient anomalies 

during these high production months were 0.5 to 3 standard deviations above normal. 

4.5 Summary and Conclusions 

      In this study, multiple linear regression was used to relate reanalysis-derived monthly 

wind energy anomalies in the Upper Midwest to synoptic variability and large-scale 

teleconnection patterns on a seasonal basis. Spatial patterns of sign, magnitude and 

significance of energy response were assessed, as were the SLP patterns which drive 

them. Finally, months with extreme high and low wind energy production across the 

region were explored. The primary conclusions can be summed up as follows. 

1. Monthly TEOA in the region varies by up to ± 130 MWh/turbine over the period 

of record (1980-2018), or about 37 percent. 

2. The AO and SOLAR have broadly positive relationships while ENSO has a 

negative relationship with TEOA. 

3. The AO has relatively strong effects throughout the year, though the impacts of 

the AO, ENSO and SOLAR were strongest in winter. 

4. Teleconnections enhanced and diminished TEOA in ways which were seasonally 

dependent, though the sign of the effects of ENSO and SOLAR were fairly 

consistent across seasons. 
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5. Teleconnection patterns can augment or mitigate one another. For example, 

negative AO episodes enhanced the TEOA declines driven by the 2009-2010 El 

Niño, yet generally positive AO episodes reduced the impact of the even larger El 

Niño in 2015-2016. 

6. SLP anomalies change with the phase of the teleconnections and drive broadscale 

flow which fits with the relationships enumerated in the regression model and 

explain the overall strength of the connection as well as specific spatial features 

(the negative TEOA near Lake Superior due to a high pressure anomaly under 

positive AO in the summer, for example). 

7. Months with extremely low TEOA were often part of longer periods of below-

normal production which last for several months and tend to be connected to 

variations in monthly synoptic regimes and strong teleconnection phases, 

particularly negative AO and SOLAR and positive ENSO. 

8. Months with extremely high TEOA were much more fleeting than low anomalies, 

as they do not generally occur embedded within longer periods of higher than 

normal production and were not generally connected to consistent phases of the 

teleconnections (though ENSO tends toward neutral or negative). 

 

Given an average cost of $114 per MWh in the UMW 

(https://paylesspower.com/blog/electric-rates-by-state/) and the variability in energy 

production, the effects of the teleconnection patterns and synoptic variability amounts to 

tens of thousands of dollars per month per turbine. Further, large monthly wind 

anomalies rarely affect small portions of the region, reducing the effectiveness of 

spreading out wind production sites as a means of reducing energy volatility over longer 
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timescales. The areas of the region affected by different teleconnections in each season 

indicate that changes in a single factor were unlikely to cause such large regional 

anomalies, and that significant production extremes were the result of several factors 

acting together. For example, the extremely low production in February 2010, which saw 

regional declines in TEOA of almost 30 percent and local declines of 50 percent, was the 

result of smaller than normal pressure gradients, greater occurrences of synoptic types 

which favor lower wind energy output, a moderate El Niño and the occurrence of one of 

the most strongly negative AO episodes on record (Cohen et al. 2010). 

      Future use of these results could focus on improving seasonal forecasts for wind 

energy interests, much as has already been undertaken for regions within Europe using 

the NAO as a guiding pattern (Clark et al. 2017; Dunstone et al. 2016). This would 

necessitate the capacity for improved prediction of the internal modes themselves, a 

prospect which differs by mode. Further complications arise from the complex 

interactions between the internal modes and their teleconnections (Orgeville and Peltier 

2007; Yu and Zwiers 2007), as well as the impact of externally forced climate variability 

on regional and global circulation (Maliniemi et al. 2018; Clement et al. 2015; Man and 

Zhou 2011; Otterå et al. 2010). These considerations will be important as installed 

capacity continues to increase and as climate changes interact with internal variability to 

affect future wind resources. 
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4.7 Tables 

Table 4.3. Metadata on the wind farm sites used in this analysis, with locations and wind farm (WF) numbers shown in Figure 4.2, the number of 

turbines, the 80-meter mean wind speed (WS) in ms-1, the mean monthly output per turbine in MWh and the capacity factors (CF). WS are averaged 

from the grid cells in which the wind farms are located. Monthly output is averaged from the turbine energy output (TEO) calculated according to 

section 2.3. CF is calculated as the average daily output over the rated daily output per turbine for the GE Energy 1.5 sle (36 MWh). Names, locations 

and turbine counts were taken from the sources listed in section 2.3. 

WF# NAME STATE LAT LON Turbines 
Mean WS 

(m/s) 

Mean Monthly 

Output (MWh) 
CF 

1 Elm Creek I MN 43.8 -95 66 8.0 404.1 0.37 

2 Fenton Wind Farm MN 43.9 -96 137 8.1 428.0 0.39 

3 Grand Meadow MN 43.7 -92.7 67 7.9 384.4 0.35 

4 MinnDakota Wind MN 44.3 -96.3 100 8.2 445.5 0.41 

5 Trimont Area Wind Farm MN 43.8 -94.8 67 8.0 399.3 0.36 

6 Carroll Wind Farm IA 42.1 -94.9 100 8.0 411.8 0.38 

7 Pomeroy Wind I IA 42.6 -94.7 171 8.0 396.1 0.36 

8 Walnut Wind Farm IA 41.4 -95.3 102 7.9 393.9 0.36 

9 Flat Water NB 40.1 -95.9 40 7.9 474.5 0.43 

10 Laredo Ridge NB 41.9 -98 54 8.2 505.7 0.46 

11 Rail Splitter IL 40.3 -89.4 67 7.5 355.4 0.32 

12 Wilton Wind Energy II ND 47.1 -100.6 33 7.9 489.0 0.45 

13 Wessington Springs SD 44 -98.6 34 7.8 487.3 0.44 

14 Diamond Willow Wind MT 46.3 -104.2 20 8.1 362.1 0.33 

15 Butler Ridge WS 43.4 -88.5 36 7.6 350.5 0.32 

 

 

 

Table 4.4. A summary table of the results from the multiple linear regression model for each season. From left to right, the columns give the mean 

turbine energy output anomaly (TEOA) model response (β) in MWh, the median p-value for all grid cells in the region, the percent of grid cells for 
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which each term are significant (% Sig) at the 0.05 and 0.10 (see maps in Figure 4.7) thresholds, the median variance explained (VE) for all grid cells in 

the region for each term, as well as the maximum grid cell variance explained. The regional median and grid cell maximum total explained variance 

(Total VE) of the model is given in the bottom row of each season. VE values calculated via an ANOVA. 

Season Regression Term Mean β Median p % Sig [0.05] % Sig [0.10] Median VE Max VE 

S
p

ri
n

g
 

Synoptic Pattern 18.6 < 0.01 92 97 18 35 

Pressure Gradient 9.8 0.02 66 75 6 19 

AO 7.6 0.09 42 52 3 13 

ENSO -3.2 0.47 11 20 1 13 

SOLAR 5.3 0.23 25 34 1 7 

Total VE 30 46 

S
u

m
m

er
 

Synoptic Pattern 13.7 < 0.01 78 89 21 49 

Pressure Gradient 22.6 < 0.01 95 97 8 21 

AO 3.4 0.37 14 20 1 7 

ENSO -2.9 0.38 11 18 1 7 

SOLAR 3.6 0.28 5 18 1 4 

Total VE 32 59 

A
u

tu
m

n
 

Synoptic Pattern 19.9 < 0.01 95 97 24 39 

Pressure Gradient 12.4 < 0.01 77 87 9 32 

AO 8.4 0.07 45 57 2 8 

ENSO -5.7 0.14 29 42 2 8 

SOLAR 3.4 0.35 18 28 1 8 

Total VE 37 51 

W
in

te
r 

Synoptic Pattern 22 < 0.01 90 94 25 47 

Pressure Gradient 14.9 < 0.01 85 92 10 26 

AO 10.3 < 0.01 90 94 5 13 

ENSO -6.9 0.18 27 37 2 9 

SOLAR 6.4 0.17 16 34 1 3 

Total VE 43 60 

 



105 

 

4.8 Figures 

 

Figure 4.1. The Upper Midwest (UMW) study region.
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Figure 4.2. Maps of the mean capacity factors (CF, left) and the monthly robust coefficient of variation (RCoV, right) for the Upper Midwest. Locations 

marked (black on left, white on right) indicate locations of the wind plant sites summarized in Table 1. 
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Figure 4.3.  Overall (unfilled circles, a) and synoptic pattern-driven (filled squares, b) turbine energy output (TEO) values for the MinnDakota wind 

farm (WF #4 in Table 4.1 and Figure 4.2). Triangles indicate extreme months discussed in section 4.3 while the horizontal bars are set at 0 for each 

graph. Note that the scales for a and b are different.
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Figure 4.4. Map of the Lamb scheme grid of mean sea level pressure used to calculate the daily synoptic types for the region. The numbers correspond 

to those used in the formulation of the flow and shear terms – see Jones et al. (2013). 
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Figure 4.5. Monthly frequency of the K-means optimized Lamb types. Colors indicate the types denoted in the legend on the right. 
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Figure 4.6. Plot of every daily capacity factor by synoptic type. Points are colored according to the pressure gradient (max – min pressure across the 

region). The black line indicates the averages for each synoptic type. Horizontal lines are plotted at 0.06, 0.38 and 0.7, where 0.38 is the regional mean 

capacity factor.
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Figure 4.7. Maps of the turbine energy output anomalies (TEOA) for each predictor from the multiple 

linear regression model (from top: synoptic pattern, pressure gradient, AO, ENSO and SOLAR) and season 

by row (from left: spring, summer, autumn, winter). Predictors were standardized to facilitate comparing 

their relative importance relative to the other predictors. Circles indicate grid cells for which each term is 

statistically significant (p < 0.1). Note that the scales for the synoptic terms and the teleconnection terms 

are different.
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Figure 4.8. Monthly SLP anomalies, segregated by AO phase (top row: positive, bottom row: negative) and season (from left: spring, summer, autumn, 

winter). Units in hPa and contours are in 0.5 hPa intervals. 
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Figure 4.9. As in Figure 4.8 but for ENSO. 
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Figure 4.10. As in Figure 4.8 but for SOLAR phases. 
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Figure 4.11. Regionally averaged turbine energy output anomalies (TEOA, in MWh) and SOLAR index values (Wm-2) for the El Chichón eruption 

period (1982-1985, left) and Mt. Pinatubo eruption period (1991-1995, right). The month of the eruption is denoted by the dashed, vertical line. 
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Figure 4.12. Monthly TEOA variations (MWh) starting three months before the highest and lowest values (indicated by the vertical line at month 0) 

discussed in section 4.3 (indicated by the vertical, dashed lines) and continuing for one year afterward. Each line covers a different time period around 

each extreme month, with the colors and line types set for each time period. Horizontal lines are set to 0 MWh anomalies. 
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Figure 4.13. Monthly mean SLP anomaly maps for the extreme months denoted in Figure 4.3a and discussed in section 4.3. Top row: low monthly 

production anomalies. Bottom row: high monthly production anomalies. Units in hPa.
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      The growing threat of anthropogenic climate change has and will continue to force 

society to consider new forms of no and low-carbon energy, including wind energy. 

Wind is highly variable however, both over the short-term (minutes to days) and the 

long-term (months to decades). Short-term variations have been the focus of much 

research for the purposes of energy prediction. Monthly to decadal variations, while 

having received comparatively less attention, are nonetheless important for long-term 

energy planning and investment. Utilities and investors seek information on long-term 

variability in the resource and effects this may have on returns on investment and risk. 

Modes of internal variation (and their teleconnections) have a significant influence on 

climate over monthly, interannual and decadal scales, making them important potential 

influences on wind resource variability. Further, if the teleconnection patterns can be 

accurately predicted, their contributions to seasonal and interannual variations may 

improve seasonal and interannual wind energy projections. The ultimate goal of this 

study was to assess the influence of teleconnections on wind energy production in the 

Upper Midwest, though there were important steps to completing this study which 

warranted full consideration before any analysis was done: wind representation in 

reanalysis models and effective means by which to extrapolate wind speeds at hub-height 

from said reanalysis model data. 

      Observations of daily 10-meter wind speeds at stations across the Upper Midwest 

(UMW) were broadly well represented by six widely used reanalysis products (NCEP-

R2, CIRES-C20, JRA55, ERA-Interim, CFSR and MERRA), though skill varied by 

reanalysis model and metric (mean, correlation, distribution, and trend). Mean 

differences, mean absolute errors, root mean square errors and correlations all showed 
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improvement in representation with increased model resolution. CFSR, MERRA and 

ERAi exhibit similar levels of skill, though which model had the highest skill varies by 

season. Monthly wind speed correlations were found to be smaller than daily correlations 

for all reanalyses assessed. Distributions did not exhibit the same level of improvement 

with model resolution as the mean and correlational measures. Decreasing trends noted in 

the literature were found to also affect the observations (even after homogenization) in 

the UMW, particularly those in autumn and winter, as well as those greater than the 50th 

percentile. None of the reanalyses captured the observed trend patterns, with five of the 

six reanalyses exhibiting no statistically significant trend while JRA55 exhibited a 

negative trend which was twice the magnitude of the observed trend. 

      Four commonly used wind speed extrapolation methods (log rule, 1/7 power rule, 

variable exponent power rule and linear interpolation) were applied to four reanalysis 

datasets (ERA5, ERAi, CFSR and MERRA) for the UMW and compared to 

meteorological tower data at heights ranging from 39-100 meters. The smallest biases in 

the mean and variability of wind speeds were obtained when the variable exponent power 

rule was applied to the MERRA reanalysis. The log rule applied to ERAi was able to 

capture the mean annual wind speeds, though with similar error-spread in daily winds as 

other methods. Most extrapolation method-reanalysis combinations resulted in winds 

which were slower and less variable than observed, particularly for CFSR and ERA5. 

While ERA5 improved estimates of wind variability compared to the other reanalyses, 

particularly ERAi, it also exhibited a larger mean bias than ERAi. Increases in model 

resolution did not consistently yield corresponding improvements in broadscale wind 

representation but did capture more of the spatial variability within the region. The results 
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indicate that many extrapolation methods applied to reanalysis wind data yield mixed-to-

negatively biased wind speeds and less variable winds than what are observed, even for 

the latest generation of reanalysis models. 

      Results of the first two portions of this project suggest that reanalyzed wind fields are 

useful for assessing climatological influences on wind energy output. The output of wind 

speeds at near-hub heights in some later-generation reanalysis models (50 meters for 

MERRA and 100 meters for ERA5) add to the benefits of spatially and temporally 

continuous, homogenous wind data which are not readily available from stations or tall 

towers. The inability of reanalyses to capture the trend in 10-meter wind speeds is 

somewhat ameliorated by the broad lack of trends in observed wind speeds near hub 

heights within the boundary layer. 

      In the final step of this study, a multiple linear regression model was applied to 

monthly wind energy output anomalies calculated from the extrapolated reanalysis wind 

fields using synoptic components and several modes of variability important to the region 

as predictors. The model indicated that with short-term synoptic factors accounted for, 

the largest influences on wind energy variability stemmed from the AO, ENSO and the 

surface solar flux, though the magnitude and significance of each teleconnection varied 

geographically and by season. The AO and solar flux had positive relationships 

(increases in either tended to increase wind power production) while ENSO had a 

negative relationship (positive ENSO, or El Niño, tended to decrease wind energy 

production across the region). While the sign of the relationship between ENSO and solar 

flux with wind energy production were relatively consistent throughout each season, a 

portion of the region near Lake Superior experienced a negative relationship with AO in 
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summer tied to the development of a high-pressure anomaly. Periods of extremely low 

production, such as the early months of 1993 and 1998, were often embedded in 

prolonged declines over several months which were the result of a combination of 

synoptic variability and significant phases of the teleconnections such as large El Niño 

events, negative AO episodes and volcanically-induced reductions in surface solar flux. 

Other periods showed that teleconnections can also mitigate one another, such as when 

positive-phase AO events reduced the impact of the extreme El Niño in 2015-2016. 

Episodes of high production, such as in January 2014, were found to be less persistent 

and largely explained by transient synoptic factors conducive to higher wind output. 

Extremes in wind energy production tended to be widespread throughout the region, 

which impacts efforts to stabilize wind energy production via the spreading of wind farm 

sites across wide areas. Patterns of high and low wind energy production, both spatially 

and in time, are shown to fit expectations based on patterns of sea level pressure which 

exhibit high- and low-pressure anomalies that drive increases and decreases in flow 

across the UMW. Monthly energy output anomalies are found to vary by up to 37 

percent, amounting to ±130 MWh and tens of thousands of dollars per turbine. 

      These results highlight the importance of monthly to decadal climate influences on 

wind resources and the role they play in energy investment and planning decisions in 

institutions ranging from utilities to international organizations. Persistent episodes of 

low energy productivity and the uncertainties of low and high-wind production cut-outs 

plague assessments of risk and put strain on the energy system. By enhancing our 

understanding of how these variations occur, our goals of renewable energy 

implementation can be more fully realized. If teleconnection phases can be predicted, the 
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understanding garnered in this study can facilitate their use in energy prediction. Further 

work stemming from this study flows in several potential and interrelated directions. One 

is the expansion of this work, both spatially and temporally. Over periods longer than a 

few decades, the effects of climate change will likely begin to manifest on wind resource 

patterns around the world, even though the effects on wind energy have been hard to 

discern thus far. This could be important, as significant changes to the wind resource due 

to climate change would have major implications for future wind power utilization. Other 

avenues of future research lay in the assessment of climate variability on other renewable 

resources like solar power and hydropower capabilities. Other potential avenues of 

inquiry could assess the usefulness of synoptic typing in short-term wind energy 

prediction or the impacts of past, present and future land cover and use on surface 

characteristics important to wind energy such as roughness. Ongoing research will be 

important as our society continues to develop its renewable energy portfolio in 

preparation for continued and accelerating natural and human-driven global change. 
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Appendix 

Sea Level Pressure and Capacity Factor Maps by Synoptic Type 

Sea level pressure (SLP, in hPa) and capacity factor (CF, daily TEO/rated power) maps 

for each of the K-means optimized Lamb types averaged from the full period of record 

(pages 99-107). The daily power output for each type can be calculated as CF x 36 

MWh/day. The SLP patterns are shown over the spatial area over which the Lamb 

scheme was implemented, with the Upper Midwest shown as the central rectangle (left 

side of each map pair). The CF values are shown for the grid cells within the Upper 

Midwest (right side of each map pair). 
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