Because the font and font size is fixed (in plain text) as set by WES, for clarity, the reviewer
comments are numbered, and the first paragraphs of our responses open with “>>>",

REVIEWER 1 COMMENTS:

(1) Overall I find this work to be a substantial project and a valuable contribution to wind energy
and wind climatology communities. I have only a few comments that I ask the authors to
consider regarding this manuscript and perhaps their future work.

>>> We thank the reviewer for the comments and suggestions.

(2) Because the IAV statistical results are based on your filtered data (e.g., Section 2.2), more
explanation/justification of your methods would be useful. For example, why use linear
regression when power is a nonlinear function of wind speed? What exactly are your criteria
for identifying "underproduction for reasons other than low wind speed" and "potentially
erroneous overproduction" (lines 132-134), and how confident are you that these are
legitimate outliers? What is the proportion of "derived energy data" included in each of the
time series for the 204 stations that require such data (line 143)?

>>> We also perform a third-order polynomial fit to test the nonlinear relationship between wind
speed and power production, and we find very similar results to the linear filtering, so we choose
to focus on the linear regressions in the manuscript. The description of the polynomial test is
now included in lines 137 to 139:

“We also apply a third-order polynomial fit (Archer and Jacobson, 2013), and it leads to very
similar results to the linear model. Hence, we focus on presenting the results from the linear fit in
this study.”

The results from the polynomial and the linear fits are similar partly because wind speed is the
only independent variable that is important (as mentioned in lines 193 to 195, air density is a
trivial predictor.). Moreover, the data we use are monthly averaged wind speeds and monthly
total energy production, so the third-order effect of wind speed on wind power (such as gusts) is
also averaged out because of the coarse resolution of data.

The objective of the linear regression filtering process is to eliminate all the factors affecting
power production other than wind speed. This process is also commonly used in the wind energy
industry. To explain this explicitly, lines 142 to 144 now read:



“Through this filter, we ensure that wind speed is the primary driver of energy production in the
wind farms with high R? values. Lunacek et al. (2018) also use a similar R?-filtering method with
a threshold of 0.7.”

Assuming a Gaussian distribution of the energy production data at each site, using the 90%
prediction interval would exclude the energy production below 1.64 times of the standard error
(defined as underproduction) of the site-specific linear regression. Similarly, using the 99%
prediction interval would exclude overproduction that are 2.58 times above the standard error.
To quantify the confidence as well as the uncertainty associated with this method, we include the
following in lines 135 to 137:

“In other words, we define the outliers of energy production using the threshold of 1.64 times
below the standard error and 2.58 times above the standard error of the site-specific regression.”

The attached RC1_Figl.png (Fig. 1 below) is a histogram of derived energy data among the 349
R2-filtered sites. The median is 7.5 years.
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Fig. 1. Histogram of derived energy data among the 349 R>-filtered sites.

To clearly describe the amount of energy data that are derived using linear fit, lines 148 to 150
now read:

“Of the 349 wind farms, 7.5 years is the median of the energy data that are derived via the linear
fit, given the available EIA records between 2003 and 2016.”



(3) Fig 1: Given the geographic distribution of retained sites, is there a need to consider
geographically weighting the analysis results so that the central Plains results (for example)
are not unduly influencing your interpretation of the statistics?

>>> The goal of this study is to determine a holistic approach to evaluate wind-speed variability
that is not geographically specific. Although many of the r-filtered sites locate in the Plains (Fig.
1), a nontrivial portion of the sites are scattered across the United States, therefore the r-filtered
data are well represented geographically. The r-filtered points in Fig. 1 also represent the broad
spatial distribution of wind sites with satisfying data quality.

Per the reviewer’s comment, we do think exploring the geographical analysis of wind speed,
wind-speed variability, and the relationship between wind speed and energy production is an
interesting future research topic. With improving quality and quantity of energy production data
as well as the increasing number of new wind farms, we think the research is feasible in the near
future.

(4) Fig 2b, c: What would these figures look like if plotted with the R2- and r-filtered data?

>>> Please see the Fig2 S2.pdf attached, and Fig. 2 is now updated. The R>-filtered and r-
filtered data are the points above R? (y-axes) of 0.75 in Fig. 2b and c.
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Fig. 2. Updated Figure 2 in the manuscript.

(5) Fig 6b, c: What are the characteristics of those sites that parallel the "line" that goes through
the TX site? What makes them not deviate so much on panels a, d? Are these the same sites
that show this pattern in Fig A2 b, c?

>>> The purpose of Fig. 6 (and Fig. A2) is to contrast the results of normalized spread metrics
(particularly CoV and RCoV) and nonnormalized (or simple) spread metrics (particularly
standard deviation and MAD). The data points that deviate from the line-like linear relationship
between a normalized metric and a nonnormalized metric in Fig. 6b and c represent that the
mean wind speeds of those sites are lower than the rest of the sites, when those sites possess the
same magnitude of standard deviation or MAD. Hence, given the same standard deviation or
MAD, the CoV or RCoV of each of those sites is lower than the others.

The data in Fig. 6a and d resemble a straight line, because they are contrasting a pair of
normalized spread metrics and a pair of nonnormalized (or simple) spread metrics, respectively.
The line-like feature in Fig. 6a and d is exactly what we expected, because the results from either
normalized or nonnormalized metrics should be consistent. Similarly, the not-straight-line



feature in Fig. 6b and ¢ conveys that using normalized spread metrics can lead to different results
than using nonnormalized spread metrics. This idea is discussed in lines 457 to 472.

We also confirm that those points in Fig. 6b and c located “out of the line” are also the same
points in Fig. A2b and c.

(6) I am a fan of MAD-based statistics but not necessarily to the exclusion of other types of
statistics. It would be helpful and interesting to include some discussion on why the different
metrics give different results and how they may highlight different aspects of what the wind
speeds are like at these stations (for example, in reference to the Oregon site in line 382).
You do acknowledge the potential utility of different measures in the Discussion, lines 593-
596, but the paper itself seems to be focused on identifying "the one" measure that should be
used. Is that your explicit intention?

>>> To quantify wind-speed variability without knowing the underlying distribution, we do
recommend RCoV in general. Of course, different distribution metrics such as skewness,
kurtosis, and lag-k correlations would also provide more information about the distribution itself.
With such information, the analyst can then choose another appropriate spread metric, or even a
collection of spread metrics, to assess the variability of wind speed of a location. The primary
goal of this manuscript is to determine the most effective spread metric that is applicable for any
locations with any distribution shapes, and thus we perform different analyses to support our
suggestion on RCoV, such as correlating with energy production, the asymptote analysis, the chi-
square test, etc. Throughout the manuscript, we also compare the results from nonrobust and
nonresistant metrics, as well as nonnormalized metrics. Hence, in order to keep a sharp focus, we
choose to exclude any in-depth discussion on how different metrics vary at particular locations.

In fact, some of your questions are actually discussed in another paper also written by us, Lee
et al. (2018), titled “Determining variabilities of non-Gaussian wind-speed distributions using
different metrics and timescales”. This is a complementary project of this manuscript, and we
examine the results from different spread and distribution metrics with data of different
averaging timescales. In short, different metrics should be tested regardless of the underlying
wind-speed distribution, and in this manuscript, we conclude that RCoV is the most applicable
in most locations and timescales. Please visit http://iopscience.iop.org/article/10.1088/1742-
6596/1037/7/072038 for more details.
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REVIEWER 2 COMMENTS:

(1) Excellent work and paper. My minor comment is with respect to the use of reanalysis data
which may have a lower interannual variability than actual site data. A short comment by the
authors in the paper could address this quite easily.

>>> We thank the reviewer for the suggestion. Lines 209 to 211 now read:

“The MERRA-2 data of coarse temporal and spatial resolutions may also represent a lower
intermonthly or IAV than the wind sites actually experience.”



10

15

20

25

Assessing Variability of Wind Speed: Comparison and Validation of

27 Methodologies

Joseph C. Y. Lee!?, M. Jason Fields', and Julie K. Lundquist'*?

> (Formatted: English (US)

(Formatted: English (US)

'National Renewable Energy Laboratory, Golden, Colorado 80401, USA
2Department of Atmospheric and Oceanic Sciences, University of Colorado Boulder, Boulder, Colorado
80309, USA

Correspondence to: Joseph C. Y. Lee (Joseph.Lee@nrel.gov)

Abstract. Because wind resources vary from year to year, the jntermonthly, and jnterannual, variability
(IAV) of wind speed is a key component of the overall uncertainty in the wind resource assessment

process, thereby creating challenges for, wind farm operators and owners. We present a critical assessment

of several common approaches for calculating variability by applying each of the methods to the same
37-year monthly wind-speed and energy-production time series to highlight the differences between these
methods. We then assess the accuracy of the variability calculations by correlating the wind-speed
variability estimates to the variabilities of actual wind farm energy production. We recommend the yobust

coefficient, of yariation (RCoV) for systematically estimating variability, and we underscore its
3\

advantages as well as the importance of using a statistically robust and resistant method. Using normalized :

spread metrics, including RCoV, high variability of monthly mean wind speeds at a location effectively

denotes strong fluctuations of monthly total energy generation, and vice versa. Meanwhile, the wind-

speed IAVs computed with annual-mean data fail to adequately represent energy-production IAVs of \

wind farms. Finally, we find that estimates of energy-generation variability require 10 £3 years of monthly
mean wind-speed records to achieve 90% statistical confidence. This paper also provides guidance on the

spatial distribution of wind-speed RCoV.
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1 Introduction
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To estimate P50 in the wind resource assessment process, a single percentage value is usually assigned

to represent the uncertainty for the desired time period at a wind site (Brower, 2012). The interannual

variability (IAV) of wind resources, along with site measurements and wind power plant performance, is

. is an estimate of the threshold of .

| Deleted: The P50, a widely used parameter in the wind energy

industry, is an estimate of the threshold of annual energy production
of a wind farm that is expected to exceed 50% of the time (Clifton et
al., 2016). The P50 is usually estimated to apply over the lifetime of
a wind farm, typically 20 years. To estimate P50 in the wind
resource assessment process, a single percentage value is usually
assigned to represent the uncertainty for the desired certain time
period at a wind site (Brower, 2012). The inter-annual variability
(IAV) of wind resources, along with site measurements and wind
plant performance, is an important component in the overall
uncertainty in power production (Clifton et al., 2016; Klink, 2002;
Lackner et al., 2008; Pryor et al., 2006). The IAV is also
incorporated in the measure-correlate-predict (MCP) process
(Lackner et al., 2008), which usually considers wind measurements
ing less than 2 years. {

an important component of the overall uncertainty in power production (Clifton et al., 2016; Klink, 2002;

Lackner et al., 2008; Pryor et al., 2006). The TAV is also incorporated in the measure-correlate-predict

process (Lackner et al., 2008), which usually considers wind measurements spanning less than 2 years.

Analysts and researchers use numerous metrics to quantify wind-speed variability, and the most

common method is standard deviation (o). For instance, the variability in historical or future wind

resources is often represented as the ¢ from the annual-mean wind speed of a certain location (Brower.

2012). As wind turbine power generation is a function of wind speed, the variability of wind resources

has important implications for the resultant long-term energy production. Financially, when the wind

resource is projected to fluctuate more from year to year (Hdidouan and Staffell, 2017), the levelized cost

of wind energy increases as well.

Because the profitability of wind farms depends on wind variability, past research has explored the

implications of interannual and long-term variability in wind energy. Pryor et al. (2009) analyze trends of

annual wind speed and IAV, without explicitly quantifying IAV values. Archer and Jacobson (2013)

evaluate the seasonal variability of wind-energy capacity factor. Lee et al. (2018) assess the spatial

discrepancies between wind-speed variabilities of different temporal scales, from hourly mean to annual-

mean data. Bett et al. (2013) use o and Weibull parameters to assess the wind variability in Europe.

Analysts and researchers use numerous metrics to quantify wind-
speed variability, and the most common method is standard
deviation (o). For instance, the variability in historical or future wind
resources is often represented as the o from the annual-mean wind
speed of a certain location (Brower, 2012). As wind-turbine power
generation is a function of wind speed, the variability of wind
resources has important implications on resultant long-term energy
production. Financially, when the wind resource is projected to
fluctuate more from year to year (Hdidouan and Staffell, 2017), the
levelized cost of wind energy increases as well. ¢

Because the profitability of wind farms depends on wind variability,
past research has explored the implications of inter-annual and long-
term variability in wind energy. Pryor et al. (2009) analyse trends of
annual wind speed and IAV, without explicitly quantifying IAV
values. Archer and Jacobson (2013) evaluate the seasonal variability
of wind-energy capacity factor. Lee et al. (2018) assess the spatial
discrepancies between wind-speed variabilities of different temporal
scales, from hourly mean to annual-mean data. Bett et al. (2013) use
standard deviation (c) and Weibull parameters to assess the wind
variability in Europe. Extreme event analysis also offers another
perspective to assess variability. For example, Cannon et al. (2015)
examine extreme wind-energy generation events via reanalysis data
and discuss the associated seasonal and inter-annual variability
qualitatively. Leahy and McKeogh (2013) also quantify the return
periods of multi-week wind droughts. §

To quantify variability, the normalized standard deviation or the
Coefficient of Variation (CoV), the ¢ divided by the mean of a time
series, is a commonly used tool. Justus et al. (1979) calculated and
compared the CoVs of monthly and annual wind speeds at different
sites across the United States. Baker et al. (1990) quantified inter-
annual and inter-seasonal variations of both wind speed and energy
production at three locations in the Pacific Northwest. They found
the annual CoVs ranged from 4% to 10%, matching the conclusions
from Justus et al. (1979). Recently, Li et al. (2010) calculate hub-
height wind-speed variance and ¢ of 30 years to spatially evaluate

Extreme event analysis also offers another perspective to assess variability. For example, Cannon et al.

(2015) examine extreme wind-energy generation events via reanalysis data and discuss the associated

seasonal and TAV qualitatively. Leahy and McKeogh (2013) also quantify the return periods of multiweek

wind droughts.

| and inter-annual variability in the Great Lakes region.
Bodini et al. (2016) estimate the IAV of wind resources with a
modified version of CoV, using observed meteorological data in
Canada. As the sample period increases, the IAVs of most sites
gradually increase, averaging 5 to 6% among the chosen sites
(Bodini et al., 2016). Krakauer and Cohan (2017) correlate the CoVs
of monthly mean wind speeds with different climate oscillation
indices, and find the global mean CoV at 8%. In addition to
characterizing wind speed, the metric is also used to evaluate the
benefits of grid integration. For example, Rose and Apt (2015)
conclude the inter-annual CoV of aggregate wind-energy generation
in the central U.S. at 3 £0.1%, much smaller than that of individual
wind plants between 5.4% and 12%, £4.2%. ¢
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To quantify variability, the normalized ¢ or the coefficient of variation (CoV), the ¢ divided by the

mean of a time series, is a commonly used tool. Justus et al. (1979) calculate and compare the CoVs of

monthly and annual wind speeds at different sites across the United States. Baker et al. (1990) quantify

interannual and interseasonal variations of both wind speed and energy production at three locations in

the Pacific Northwest. They find the annual CoVs ranged from 4% to 10%. matching the conclusions
from Justus et al. (1979). Recently, Li et al. (2010) calculate hub-height wind-speed variance and ¢ over

30 years to spatially evaluate seasonal and IAV in the Great Lakes region. Bodini et al. (2016) estimate

the TAV of wind resources with a modified version of CoV, using observed meteorological data in

Canada. As the sample period increases, the IAVs of most sites gradually increase, averaging 5% to 6%

among the chosen sites (Bodini et al., 2016). Krakauer and Cohan (2017) correlate the CoVs of monthly

mean wind speeds with different climate oscillation indices and find the global mean CoV at 8%. In

addition to characterizing wind speed, the metric is also used to evaluate the benefits of grid integration.

For example, Rose and Apt (2015) conclude that the interannual CoV of aggregate wind-ener
generation in the central United States is 3 0.1%, much smaller than that of individual wind plants, which

varies between 5.4% and 12%, +4.2%.

Aside from CoV, other metrics representing the spread of data have also been chosen to estimate .
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wind-power density in the United States and demonstrate that the regions east of the Rockies, especially

the Plains, generally have weaker variability and higher availability of wind resources. Seasonality index,

originally used in Walsh and Lawler (1981) for precipitation purposes, is another measure to express
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variability. Seasonality index is defined as the sum of the absolute deviations of monthly averages from

the annual mean, normalized with the annual mean. Chen et al. (2013) use the seasonality index to assess

the interannual, trend and the variability of wind speed in China, and they relate wind-speed IAVs to
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periods. The “wind index,” used in Pryor et al. (2006) and Pryor and Barthelmie (2010). is a ratio of wind
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and Barthelmie (2010), is a ratio of wind speeds of a reference
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speeds of a reference period and an analysis period. An entirely different wind index evaluated in Watson

et al. (2015) is a ratio of spatially averaged wind speeds during two different periods. (Formatted: English (US) )

Despite the importance of long-term variability, the wind-energy industry lacks a systematic method
to quantify this uncertainty. As various metrics to assess variability exist, a comprehensive comparison

of measures is necessary. Therefore, the goal of this study is to evaluate various methods of estimating
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variability. We describe the wind-speed and energy-generation data, the methodology, and the chosen

variability metrics in Section 2. We evaluate different variability measures via two case studies in Section

3. We also contrast the results computed from monthly mean and annual-mean data, and we illustrate the
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the ideal method in Section 4. We focus on the applicability of imposing such metrics to quantify the

variabilities of wind speeds and wind-energy production,
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Assimilation Office (GMAO), 2015) from 1980 to 2016. We use

production in the contiguous United States (CONUS). For wind speed, we use hourly horizontal wind
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the dry air gas constant, T, is the average temperature between levels

atmospheric pressures at z;, and z,. In most grid cells, we use the MERRA-2 meteorological output at 10
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incomplete or substantially, zero production data, a total of 607 wind farms in the CONUS are selected

65° W, 24° N, and 50° N, and geographically includes the 48 states in CONUS and Washington, D.C.
(Fig. 1).
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we linearly regress the monthly total energy production on the monthly mean MERRA-2 80-m wind speed
at the closest grid point to each wind farm from 2003 to 2016. In other words, each wind site is assigned

its own regression equation. We then remove any production data below the 90% prediction interval to
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the coefficient of determination (R?), which indicates the confidence of the linear regression. We select

the R? threshold of 0.75: 349 of the original 607 wind farms pass this filter. Through this filter, we ensure

that wind speed is the primary driver of energy production in the wind farms with high R? values. Lunacek
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we loosen the R? and , thresholds to 0.6 and 0.7, and we tighten the R? and r, thresholds to 0.85 and 0.9.
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We test other factors that could undermine these regressions. We considered the hub-height air density

extrapolated from MERRA-2 as another regressor in the regressions, but air density is a statistically

insignificant predictor and thus is not discussed in the rest of this study. When we replace prediction

interval with confidence interval, the sample sizes increase from 349 and 195 sites to 555 and 209 wind

farms. However, at least 7 years of energy data are derived from the regression for 99% of the samples

because confidence intervals are smaller than prediction intervals by definition. We also considered

removing the long-term means and the impacts of annual cycles, yet the sample sizes decrease to 121 and

69 locations, and the regression fills at least some of the energy data for more than 99% of the sites.

Finally, to ensure these results were not specific to the MERRA-2 data set, we perform the same analysis

on the ERA-Interim reanalysis data set (Dee et al., 2011). The results of the key variability parameters

such as ¢, CoV, and RCoV resemble the findings using MERRA-2, hence we focus on the MERRA-2

findings in this study.
Our analysis, although comprehensive, is constrained by the quality of our data. On one hand

reanalysis data sets have errors and biases in wind-speed predictions from complexities in elevation and

surface roughness (Rose and Apt, 2016). Reanalysis data sets also demonstrate long-term trends of surface

wind speeds (Torralba et al., 2017). The MERRA-2 data set can also depict different meteorological

environments than those at the wind farm locations, especially in complex terrain. The MERRA-2 data

of coarse temporal and spatial resolutions may also represent a lower intermonthly or IAV than the wind

sites actually experience. Thus, regressing actual energy production on reanalysis wind speed adds

uncertainty to our analysis. On the other hand, constrained by the monthly total energy-production data

from the EIA, our analysis ignores the signals finer than monthly cycles. The quality of the EIA data also

varies across wind sites, therefore the filtering process via linear regression is necessary.
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3 Results

3.1 Case studies: Oregon, and Texas sites
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We select two sites from two different geographical regions with considerable wind-energy
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50  Table2: Site details, monthly means, and annual means of various metrics at the two selected sites based on 37 years of monthly and

annual wind speeds, and 37 years of predicted and actual energy production; and the CONUS

.

37 years of monthly and annual mean data.

of wind-speed metrics using )

'(Formatted: English (US)

"(Formatted: English (US)

3 N (Deleted: energy productions,

AN AN N

NN NANANANS

N ANAN AN

Site specifics OR site TX site CONUS median .}(De'etem productions
Location, region, and state Condon, Columbia  Bryson, northwest 5049 MERRA-2 N (Formatted: English (Us)
’ * Gorge, OR of Fort Worth, TX grid points (Formatted: English (US)
Nominal capacity (MW) 24.6 120 / (Formatted: English (US)
Elevation at closest MERRA-2 grid
point — elevation of actual wind farm -501.4 -67.4 / (Deleted: -
(m)
Horizontal distance between MERRA-2
location and actual location (km) 33.07 2122 /
R? of final linear regression 0.868 0.794 /
Root mean square error of final linear C1anc 10 N (Deleted: RMSE
regression (MWh) Ehe B
Pearson’s r between predicted and 0.906 0.809 /
actual energy
Variability metrics Monthly Annual Monthly Annual Monthly Annual
mean mean mean mean mean mean
37-year wind-speed RCoV 0.082 0.029 0.094 0.023 0.102 0.021
37-year energy-production RCoV 0.226 0.059 0.166 0.041 / /
Actual energy-production RCoV 0.233 0.067 0.212 0.055 / /
37-year wind-speed 0= 0893 0129 0596 0.2 2066 1316 - (Formatted: Engish(US)
37-year energy-production -2 2050 0288  1.059 0218 / / g::::::: E:g:i: Eﬁg
Actual energy-production ;z:g:n 1.768 0.307 1.303 0.305 / / - ( Formatted: English (US)
37-year wind-speed CoV 0.134 0.036 0.127 0.031 0.143 0.031 - ) (Formatted: English (US)
37-year gnergy-production CoV 0.333 0.081 0.225 0.055 / / ( Formatted: English (US)
Actual energy-production CoV 0.341 0.088 0.279 0.089 / / " (Deleted: Eneray
37-year wind-speed o 0.909 0.242 0.964 0.234 0.895 0.203 (Formatted: English (US)
37-year energy production o 2.599 0.632 5.828 1.421 / / (Formatted: Englsh (US)
Actual energy-production g 2.663 0.687 6.964 2.228 / / (Formatted- Enlioh (U5)
. . . Monthly Annual Monthly Annual Monthly Annual :
Other 37-year wind-speed diagnostics
mean mean mean mean mean mean
Mean (m s 6.79 6.79 7.59 7.59 6.45 6.45 (Deleted: mean
Median (m s™) 6.64 6.79 7.63 7.57 6.51 6.45 (Deleted: median
Kurtosis 0.886 -0.962  -0.663 -0.872 -0.482  -0.373 (Deleted: kurtosis
Skewness 0.811 -0.129  -0.074 0.172 0.045 0.061 (Deleted: skewness
YKI 0.153 0.101 -0.072 0.041 -0.024 0.023
12-month-lag autocorrelation 0.324 0.039 0.525 -0.052 0.578 0.023

(Formatted: English (US)




665

670

675

K80

685

690

None of the monthly and annual wind-speed distributions of the sites are perfectly Gaussian.

According to the kurtosis, skewness, and YKI values of the monthly, mean wind speeds (Table 2), the .- :
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monthly wind-speed distribution at the OR site skews towards lower wind speeds with more and stronger

extremes (Fig. 3¢). The skewed distribution at the OR site leads to 71.2% of the monthly wind speeds .

locating within 1 o from the mean, compared, to the classic Gaussian of 68.3%. Nevertheless, although
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which is supported by near-zero skewness and YKI (Table 2), only 64.6% of monthly data fall within 1
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close to 0 (Table 2), only 59.5% and 56.8% of the annual-mean wind speeds fall within 1 ¢ from the

means of the OR and TX sites, respectively.

The four selected variability methods yield similar resultant monthly variabilities that are close to the
respective CONUS medians based on the 37-year monthly data. For variabilities of monthly wind speeds,

the differences between the two sites are slight because the comparison among the results of the four

metrics is inconclusive (Table 2): the monthly variabilities are not far from the national medians (Table
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using the 37-year and the observed energy production illustrate that the OR site generates more variable

wind power than the TX site (Table 2). The magnitudes of the variabilities between the 37-year and the

actual monthly energy production,are also comparable, and the discrepancies between them are larger at

the TX site than the OR site. Nonetheless, the predicted and the observed monthly energy production, of .-

the two sites demonstrate similar variability characteristics overall.
Moreover, when we apply the four selected methods to the annual-mean data, the metrics describe
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OR site has stronger [AV than the TX site, except for using o to quantify energy-production IAV (Table
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Additionally, the magnitudes of energy variabilities and IAVs are also nearly or more than twice as

large as those of wind speed (Table 2). The reason is the nature of the power curve: wind-power generation
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is a function of wind speed cubed at wind speeds below rated. Therefore, small wind-speed variations

propagate into large energy-production fluctuations that are discernible in monthly and yearly data.
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Matching the wind-speed and energy variabilities over 37 years at each r-filtered site, RCoV, as a

statistically robust and resistant metric, yields the highest Pearson’s ,(0.86) among the four highlighted

methods as well as all the variability metrics evaluated (Fig. 4 and Table B1), A perfect variability -~
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the wind-speed RCoV and the energy-production RCoV implies that the high wind-speed variability at a

wind farm translates to high energy-generation variability, and vice versa (Fig. 4a). For instance, the .-

moderate 37-year wind-speed RCoVs of the OR and TX sites indicate modest fluctuations in energy
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leads to a lower 7,(0.64) and suggests the OR site has variable wind speed and energy production (Fig.

A4b). For the other two nonrobust, and nonresistant methods, the CoV results in a modest 7, (0.70) with a |

similar scatter as the RCoV (Fig. 4¢); the g, not normalized by an average metric, does not relate wind

speed and energy variabilities effectively (Fig. 4d). The positions of the two wind farms relative to the

rest of the sites in Fig. 4 illustrate that the TX site experiences average variabilities in wind resource and

energy production, whereas the OR site has above-average energy-generation variability. Overall, the '

four methods lead to different representations of energy variability at the OR site. ,
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Figureﬁ: Scatterplots of 37-year wind-speed variability and energy variability via four metrics: (a) RCoV, (h)‘:;::f:n, (c) CoViand 4

(d) 6, based on monthly data from the 195 r-filtered wind sites. Each black dot represents each filtered site, and the 7, value at the

corner of each panel indicates the Pearson’s r between each pair of wind-speed and energy-production spread metrics, The yellow ™

square and the yellow star denote the OR and the TX sites, respectively.

By increasing the years included in the variability calculations using monthly data, the resultant

correlations of most metrics vary less, the correlations gradually converge to their 37-year values, and

their asymptote periods vary. The 37-year Pearson’s r,values from the four selected metrics between .

wind-speed and energy-production variabilities in Fig. 4, transform into the 37-year marks in Fig. 5, and -

we use a 5% threshold of normalized deviation to determine the asymptote periods. Particularly, the s,
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data, whereas the s from range divided by trimean does not (Fig. 5b). The 37-year correlation using o is

weak and thus the method is not actually useful: while the ;s approach the 37-year benchmark (Fig. 5d),

this correlation value is so low (0.2) as to be jneffective, Paired with a high long-term r, the asymptote

period of a metric indicates the appropriate time span of wind-speed data required to represent the

variability of wind-energy production. For example, the resultant ys,using RCoV ap

after just 3 years, meaning one needs 3 years of wind-speed data to estimate the wind-speed variability

so as to adequately infer the energy-production variability of a certain or potential wind farm via RCoV.
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Additionally, we also perform the same correlation and asymptote analyses on the data from changing

the R? and r filter thresholds as well as the data with random error, and RCoV again yields the strongest
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Figure 10; (a) Map of the convergence years, or years of monthly mean wind-speed data required to derive a maximum of 10%
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deviation from the 37-year RCoV at each grid point, at 90% confidence level. The CONUS median is 10 years with the MAD of 3
years; (b) Map of RCoV of monthly mean wind speed using the grid-cell-specific convergence years in (a), normalized using the
CONUS RCoV median at 0.100. The RCoVs illustrated are averaged over (37-conveng year+1) available year blocks. The MAD
of the normalized RCoV in the CONUS is 0.224; (c) Map of the mean monthly wind speed at 80 m of 37 years from 1980 to 2016.
The CONUS median is 6.45 m s™! with the MAD of 1.03 m s™'; (d) Map of wind resource and its variability, by summarizing (b) and

(c) into four categories: regions with below-median wind speed and above-median RCoV (grey), regions with below-median wind
speed and below-median RCoV (orange), regions with above-median wind speed and above-median RCoV (orange red), and regions

with above-median wind speed and below-median RCoV (dark red), based on the CONUS median wind speed and RCoV.
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4 Discussion
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cannot determine the minimum length of annual-mean data required for skillful assessment of IAV.
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Appendix A
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Appendix B
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