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Executive Summary

INTRODUCTION

Wind power production varies on a diurnal and seasonal basis. In this report, we use wind speed
data modeled by TrueWind Solutions, LLC (now AWS Truewind) to assess the effects of wind
timing on the value of electric power from potential wind farm locations in California and the
Northwest. (Data from this dataset are referred to as “TrueWind data” throughout this report.)
The intra-annual wind speed variations reported in the TrueWind datasets have not previously
been used in published work, however, so we also compare them to a collection of anemometer
wind speed measurements and to a limited set of actual wind farm production data.

The research reported in this paper seeks to answer three specific questions:

1) How large of an effect can the temporal variation of wind power have on the value of wind in
different wind resource areas?

2) Which locations are affected most positively or negatively by the seasonal and diurnal timing
of wind speeds?

3) How compatible are wind resources in the Northwest and California with wholesale power
prices and loads in either region?

The latter question is motivated by the fact that wind power projects in the Northwest could sell
their output into California (and vice versa), and that California has an aggressive renewable
energy policy that may ultimately yield such imports.

Based on our research, we reach three key conclusions.

e Temporal patterns have a moderate impact on the wholesale market value of wind
power and a larger impact on the capacity factor during peak hours. The best-timed
wind power sites have a wholesale market value that is up to 4 percent higher than the
average market price, while the worst-timed sites have a market value that is up to 11 percent
below the average market price. The best-timed wind sites could produce as much as 30—40
percent more power during peak hours than they do on average during the year, while the
worst timed sites may produce 30—-60 percent less power during peak hours.

e Northwestern markets appear to be well served by Northwestern wind and poorly
served by California wind; results are less clear for California markets. Both the
modeled TrueWind data and the anemometer data indicate that many Northwestern wind
sites are reasonably well-matched to the Northwest’s historically winter-peaking wholesale
electricity prices and loads, while most California sites are poorly matched to these prices
and loads. However, the TrueWind data indicate that most California and Northwestern wind
sites are poorly matched to California’s summer-afternoon-peaking prices and loads, while
the anemometer data suggest that many of these same sites are well matched to California’s
wholesale prices and loads.

e TrueWind and anemometer data agree about wind speeds in most times and places, but
disagree about California’s summer afternoon wind speeds: The TrueWind data indicate
that wind speeds at sites in California’s coastal mountains and some Northwestern locations
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dip deeply during summer days and stay low through much of the afternoon. In contrast, the
anemometer data indicate that winds at these sites begin to rise during the afternoon and are
relatively strong when power is needed most. At other times and locations, the two datasets
show good agreement. This disagreement may be due in part to time-varying wind shear
between the anemometer heights (20-25m) and the TrueWind reference height (50m or 70m),
but may also be due to modeling errors or data collection inconsistencies.

METHODS

We used three wind datasets to estimate the time-varying wind power available from California
and Northwest wind sites:

1) TrueWind: TrueWind Solutions, LLC (now AWS Truewind) provided modeled wind
speeds for every cell on a 200-meter grid in California and a 400-meter grid in the
Northwest. Wind speeds were given for every month-hour combination in California and
every season-hour in the Northwest.

2) Anemometers: We used hourly anemometer data from Kenetech, Inc. (167 sites), the
Bonneville Power Administration (6 sites) and the DOE Candidate Site program (7 sites).

3) Actual Wind Farm Production: We used historical hourly power production data from the
Altamont, Tehachapi and San Gorgonio areas in California and monthly power production
data from several more sites in California and the Northwest.

We used the wind data with electricity load and wholesale electricity price series for California
and the Northwest to estimate the effects of wind timing on the value of wind-generated
electricity at locations throughout California and the Northwest. The effects of timing were
measured by two approaches, yielding three key metrics for each location.

e Capacity Metric: We calculated the annual average capacity factor for a wind turbine at
each location and then the capacity factor for that turbine during the top 10 percent of
historical peak-load hours. The difference between these two capacity factors is a loose proxy
for the effect of wind timing on the “capacity value” of a wind turbine at any location.

e Price Metrics: We estimated the annual wholesale market value of a flat block of power and
the annual market value expected from the time-varying wind speeds found at each location
(when correlated with time-varying wholesale market prices). The difference between these
two values reflects the potential effects of temporal wind patterns on the wholesale market
value of power from a wind turbine. These values were calculated using (1) historical
wholesale power prices, and (2) forecast wholesale power prices.

Historical loads for California and the Northwest were based on FERC Form 714 filings by
electric utilities for 2000—04. Historical wholesale prices for California were the average of the
CalPX prices for the NP15 and SP15 hubs for 7/98—6/99, and historical prices for the Northwest
were based on the Dow Jones hourly prices for the Mid-C hub for 5/02—4/05. Our forecast price
series for California was the average of hourly forecasts for all California hubs for 2006—13,
provided by the California Energy Commission. Our price forecast for the Northwest was the
average of the Northwest Power and Conservation Council’s base-case hourly forecasts for the
Mid-C hub for the years 2006-2025.
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For some of the analysis that follows, we grouped the anemometers in our dataset into separate
“wind resource areas,” about 40 km across, in order to estimate the local effects of wind timing
in the areas that are most likely to receive wind power development. These areas are shown in

Figures ES-1 and ES-2.
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REGION-WIDE RESULTS FROM TRUEWIND DATA

We found that temporal wind patterns at different locations could have a large effect on the
average power output during hours of peak electricity demand, and a smaller but not
insignificant effect on the annual wholesale market value of wind power, based on historical and

forecast wholesale-market electricity prices.
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Figure ES-3 summarizes the findings from the TrueWind data for all grid cells in California and
the Northwest with annual average winds equivalent to Class 4 or greater. The central bar of
each marker in Figure ES-3 shows the median effect of wind timing on each measure of wind
power, based on the TrueWind data. The lower and upper bars show the range of effects between
the 10th and 90th percentile of wind sites in each region. It should be noted that these results
include many locations that are inaccessible or otherwise unsuitable for wind farm development.
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Figure ES-3. Effects of Wind Timing on Load-Weighted Capacity Factor and Annual Market Value at
Class 4+ Grid Cells in California and the Northwest (Median, 10th and 90th Percentiles)

The TrueWind data indicate that the best- and worst-timed of the windy California grid cells
have peak-hour capacity factors that range from 7 percent above to 30 percent below their
annual average capacity factors (at the 10th and 90" percentiles), with a median of 15 percent
below. Windy locations in the Northwest have peak-hour capacity factors ranging from 6 to 34
percent above their annual average capacity factors, with a median of 20 percent.

According to the TrueWind data, the best-timed California sites have a wholesale market value
approximately equal to what would be obtained if their power output was completely
uncorrelated with electricity demand, while the worst-timed sites would have a market value
about 4—6 percent less than this, based on historical or forecast prices. The timing of wind at sites
in the Northwest covers a somewhat more negative range than California when forecast prices
are used, but yields a wholesale market value ranging from an amount equal to what the wind
site would earn with uncorrelated power output, up to about 3 percent more than this, when
historical prices are considered. When forecast prices are used, the value of power at
Northwestern sites ranges from about 1 percent below to 2 percent above the value of a flat block
of power.

Figure ES-4 shows the geographic distribution of the effect of wind timing at Class 4+ cells,

according to the TrueWind dataset, when using California wind power with California’s
historical prices or Northwestern wind power with the Northwest’s historical prices. Wind timing
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appears to improve the value of power from California’s northernmost coast, but reduces the
value of power from high-wind locations elsewhere in the state. High-wind locations throughout
the Northwest appear to be well-matched to Northwestern power markets.

B
5
- | ‘ ‘ EFFECT OF WIND TIMING
—10% 0%  +10%

Figure ES-4. Percentage Change in Market Value of Power due to Temporal Wind Patterns at all Class
4+ Grid Cells in California and the Northwest, Based on Local Historical Power Prices

REGION-WIDE RESULTS FROM ANEMOMETER DATA

Figure ES-5 shows the range of each of the three wind value metrics, when using either
anemometer measurements or TrueWind data for the cells matching each anemometer tower.
Although these findings are not as comprehensive as those shown above, they allow us to
compare the results from the TrueWind and anemometer data at similar locations. Anemometers
in our dataset are generally concentrated in the most promising areas for wind development, so
the results found at these locations may also be more representative of the effects of wind timing
in the areas where wind farms are likely to be built.
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Figure ES-5. Comparison Between Wind-Value Measures Derived from Anemometer Measurements and
Measures Derived from TrueWind Data for the Same Locations (Median and 10"-90™ Percentile Range)
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The TrueWind data suggest that wind timing generally reduces the value of power at California
anemometer sites, while the anemometer data suggest that wind timing has a more neutral or
positive effect at those same locations. This difference appears to be caused by disagreement
about the diurnal timing of summer winds in some California wind resource areas, which is
discussed further in the next section. Despite this disagreement, the two datasets generally agree
on the size of the effect of wind timing (that is, the difference between the best and worst timed
sites).

The two datasets are in better agreement in the Northwest. There, by either measure, wind
resources at the anemometer sites appear to be about neutrally matched to historically winter-
peaking electrical loads and historical and forecast wholesale market prices.

The TrueWind results for all California Class 4+ grid cells, shown in Figures ES-3 and ES-4,
include summer-peaking coastal and mountain locations that make them more optimistic than the
results at the anemometer locations used for Figure ES-5. Figure ES-3 also shows better results
than Figure ES-5 for load-weighted capacity factors in the Northwest, probably because of the
inclusion of winter-peaking mountain sites where anemometers have not been placed and wind
resource development is unlikely.

TEMPORAL WIND PATTERNS FROM TRUEWIND, ANEMOMETER AND
PRODUCTION DATA

Before we present the effects of wind timing in each of the resource areas defined earlier, we
briefly compare the wind patterns reported by our three datasets for these areas. We find that
there is generally good agreement between the TrueWind and anemometer data about the times
of year when wind speeds peak in each resource area. The two datasets are also in reasonably
good agreement about winter-time diurnal profiles in each resource area, which tend to be
relatively flat. However, in some resource areas, the two datasets show significant disagreement
about summertime diurnal wind profiles. These disagreements can in turn cause significant
disagreement about the effect of wind timing on the value of power when summer-peaking load
or price series are considered. We note three distinct types of disagreement about summer
diurnal wind speed profiles:

1) In a number of resource areas, the TrueWind data show a deeper, longer dip in summer
daytime wind speeds than the anemometer data, reducing the amount of power available on
summer afternoons (Figure ES-6a). We observe this type of disagreement in two of the
eleven Northwestern resource areas (Ellensburg and Rattlesnake Ridge), and four of the eight
California resource areas (Solano, Altamont Pass, Romero Overlook and San Gorgonio).

2) In several resource areas, the TrueWind data show summer winds rising steadily from early
afternoon until they peak at midnight, while the anemometer data show winds rising from
late morning and peaking around 6 pm (Figure ES-6b). This type of disagreement also causes
the TrueWind data to report that less power is available to meet summer-afternoon-peaking
electricity loads. We noted this effect in the Ellensburg and Rattlesnake Ridge areas in
Washington, and in the Tehachapi, Sidewinder and San Diego areas in California.

3) In the Blackfoot and Livingston areas in Montana and the Mountain Home area in Idaho, the
weak summertime diurnal profiles from TrueWind and the anemometers are nearly reversed

Xiv



Analyzing the Effects of Temporal Wind Patterns on the Value of Wind-Generated Electricity
Executive Summary

(Figure ES-6¢). In these areas, anemometers show morning lulls and afternoon peaks, while
the TrueWind data show morning peaks and afternoon lulls, again reducing the amount of
wind power available on summer afternoons.
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Figure ES-6. Diurnal Average Capacity Factor for Three Resource Areas from Anemometers and
TrueWind Data at the Same Grid Cell, and Production Turbines in the Same Region

The historical production data from operating wind projects in the Tehachapi and San Gorgonio
areas appear to agree more with the TrueWind data, while the historical production data for
Altamont Pass more closely resemble the anemometer data. However, these comparisons are of
limited value in resolving the disagreement between the TrueWind and anemometer data,
because the wind turbines in these locations are mounted at relatively low tower heights.

Some of the difference in temporal wind speed patterns between the anemometers and TrueWind
data may be due to temporal variations in wind shear which result from surface heating or strong
near-surface flows on summer days. These processes could increase power production at lower
levels during the day and reduce it at night, relative to the upper-level winds. The height of the
turbines at wind farms in California is often between the anemometer heights (20-30 m) and the
TrueWind reference height (50 m in the Northwest and 70 m in California), so the intermediate
estimates of the effects of wind timing from the wind farm production data are consistent with
this hypothesis. However, much of the difference could also be due to errors in the anemometer
or TrueWind datasets. More anemometer or production data from tall towers are needed before
we can judge whether the TrueWind data provide an accurate picture of the effects of wind
timing on the value of power at most wind resource sites.

EFFECTS OF WIND TIMING IN EACH RESOURCE AREA

In the body of the report, we show the effects of wind timing using historical electricity loads
and historical and forecast wholesale market prices for both California and the Northwest, for
each of the specified wind resource areas. For brevity, here we discuss only the results found
using historical wholesale prices for California and the Northwest. California’s historical
wholesale prices peak on summer afternoons, and our results using this series are similar to those
found using California’s historical loads or forecast prices, which also peak on summer
afternoons. Variations in load-weighted capacity factor are about seven times greater than
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variations in market value, but the relative standing of different resource areas remains the same.
The Northwest’s historical wholesale prices generally peak on winter mornings and evenings,
and this data series yields similar results to those found using the Northwest’s historical
electricity loads or forecast electricity prices.

Figure ES-7 shows the effects of wind timing on the value of wind power from each of the
resource areas where anemometers were placed, when considering historical California
wholesale power prices. The red and blue markers indicate the median effects among all
anemometer locations in each resource area, as calculated using either anemometer data or
TrueWind data at the same sites. For the Altamont, Tehachapi and San Gorgonio resource areas,
we also show the effects calculated using the total output from all wind farms in each region.
California’s historical wholesale power prices peak strongly on summer afternoons.
Consequently, the TrueWind and anemometer data show significant disagreement about the
effects of wind timing in the same places where they disagree about summer afternoon wind
speeds, particularly in California’s major existing wind resource areas. Where available, the
actual historical power production data yield results that are intermediate between those found
using the other two datasets.
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Figure ES-7. Median Effects of Timing on Market Value at Anemometer Sites in Each Resource Area,
Based on Historical California Prices

According to the anemometer data shown in Figure ES-7, about a third of the Northwestern
resource areas and half of the California resource areas are positively matched to California’s
summer-afternoon-peaking historical prices. However, TrueWind data at the same locations
suggests that only a quarter of the Northwestern resource areas and no California areas are
positively matched to California’s historical prices. If both the anemometer and TrueWind data
are correct, and the differences are due to their different elevations, then it is possible that the

xvi



Analyzing the Effects of Temporal Wind Patterns on the Value of Wind-Generated Electricity
Executive Summary

timing of power production will worsen as new wind farms use taller towers, offsetting some of
the gains due to improved capacity factors.

Figure ES-8 shows the effects of temporal wind patterns on the value of wind power from each
resource area, using the Northwest’s winter-peaking historical wholesale prices. Values
calculated using this price series are much less sensitive to summer daytime wind speeds, so
there is good agreement between the anemometer and TrueWind datasets. Seven or eight out of
eleven Northwestern resource areas appear to be at least somewhat positively matched to
historical Northwestern wholesale prices, while only 1-3 of the eight California sites show a
weak positive match.
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Figure ES-8. Median Effects of Timing on Market Value at Anemometer Sites in Each Resource Area,
Based on Historical Northwestern Prices

DATA LIMITATIONS

Several factors may reduce the accuracy of our estimates of turbine-height wind speeds from the
TrueWind, anemometer and production datasets. These factors could reduce the quality of fit
between the datasets, and make it difficult to say which dataset gives a more accurate picture of
hub-height wind patterns.

e Modeling Uncertainty. The TrueWind wind-speed estimates and diurnal profiles are based
on a computerized atmospheric model, which is subject to uncertainty due to limitations in its
resolution and the number of atmospheric processes it can incorporate.

e Wind Shear. We estimated wind speeds at a 70 m hub height from anemometer
measurements taken at lower elevations by way of a relatively simple power law relationship,
with fixed exponents of 0.09 during the day and 0.20 at night at all locations. This
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approximation neglects the fact that wind shear can change with time of year and terrain. We
also applied no correction to the available wind farm production data, which came from a
variety of heights.

e Limitations of Historical Data. TrueWind estimated wind speeds by sampling from a 15-
year period to estimate long-term average wind speed and wind power at each grid cell.
However, our anemometer and wind farm production data come from specific historical
periods, and cover differing lengths of time at each site, so they may not reflect the same
meteorological conditions as the TrueWind dataset. This concern is reduced by the fact that
we use only month-hour or season-hour averages of wind data for our analysis.

e Anemometer Location. The locations reported for anemometers in our dataset may be
incorrect by a few kilometers in some cases, causing them to be compared to the wrong
TrueWind grid cell.

e Effective Ground Level Differences. The wind speeds reported by TrueWind were given at
heights of 50 or 70 meters above “effective ground level.” In dense forest, this is relative to
the canopy height, which may be a significant distance above the true ground level. We did
not correct these effective heights to true heights before comparing them to observations.
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1 Introduction

Improved modeling capabilities have led in recent years to a dramatic increase in planners’
ability to estimate wind power production at locations throughout the United States (Nielsen et
al. 2002). A significant use of this new capability has been to produce high-resolution maps
showing the annual average power density of wind, or web-enabled databases that allow users to
look up localized estimates of average wind speeds (see, e.g., Brower 2002a; Brower 2002b;
TrueWind 2002). These reporting methods are useful for identifying areas with the greatest
average potential for wind power production during the year. However, they neglect the timing
of when wind is most likely to blow at each location, during the day and year, a factor that may
affect the attractiveness of a site for wind power development.

In this report, we make new use of modeled estimates of the time variation of wind speeds at
locations throughout California and the Northwest, to investigate the possible effects of temporal
wind patterns on the value of wind power in each of these regions. We report our results both in
terms of the amount of energy that might be supplied from each site during the top 10 percent of
load hours, and in terms of the effects of wind timing on the potential market value of wind-
generated electricity due to wholesale market prices that fluctuate by hour and month.

We seek to answer three specific questions:

1) How large of an effect can the temporal variation of wind power have on the value of wind in
different wind resource areas?

2) Which locations are affected most positively or negatively by the seasonal and diurnal timing
of wind speeds?

3) How compatible are wind resources in the Northwest and California with wholesale power
prices and loads in either region?

Much of our analysis was conducted using temporal wind speeds modeled by TrueWind
Solutions, LLC (now AWS Truewind) for California and the Northwestern United States. (This
company and the data they supplied are referred to simply as “TrueWind” or “the TrueWind
data” throughout this report.) TrueWind’s modeled wind speeds have usually been reported and
used on an annual average basis, but TrueWind also produces monthly or seasonal diurnal wind
profiles. Ours is the first attempt to use these more detailed temporal wind speed estimates in
public domain research.

Relevant and publicly available anemometer wind speed measurements currently cover only a
limited geographical area and time range. The model results from TrueWind allow us to analyze
wind resources across the complete map of large regions of the United States. They also reflect
meteorological conditions sampled from a fifteen year period, which could make them more
suitable than short-term hour-by-hour wind speed observations for estimating the expected wind
speed for each hour of a “typical” year. However, the main use of the TrueWind data to-date has
been to map annual average wind speeds, and the only validation of the TrueWind estimates that
we are aware of has been on this time scale.
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Because TrueWind’s temporal wind speed estimates have not previously been validated, and
their reliability is uncertain, we also used a large database of public domain anemometer data to
test the suitability of the TrueWind data for this research. In addition, we compared the
TrueWind and anemometer datasets to a much smaller database of actual wind power
production. We found some agreement between these three datasets on the temporal and spatial
variation of wind speeds, and on the size of the effects of timing on the value of wind power.
This provided us some confidence in using the larger TrueWind dataset for our analysis. As
discussed in Sections 4 and 5 and Appendix A, however, we were unable to resolve some
(significant) differences between these datasets, and more work will be necessary to understand
the reliability of the TrueWind temporal data.

The rest of this report is organized as follows:

e Section 2 highlights the wind speed and electricity load and price data used for our analysis,
as well as our techniques for estimating electricity output based on wind speeds for each site,
month and hour. We also describe the limitations of our data series, especially the TrueWind
modeled wind speeds and the anemometer-based observational wind speeds.

e Section 3 describes our methods for analyzing the effects of wind timing on the value of
power from different locations, and presents the results of this work in detail, relying entirely
on the TrueWind modeled wind speed dataset. We show the effects of temporal wind
patterns on wind project capacity factors in the top 10 percent of load hours, and on the
wholesale market value of wind-generated electricity, using load and wholesale price data
from California and the Northwest. Our analysis includes sites in all wind power classes and
at all locations across California and the Northwest.

e Section 4 compares the findings from the TrueWind dataset with similar analyses performed
using anemometers from California and the Northwest and hourly power production from
wind farms in California. This analysis includes data from 78 anemometers in California, and
102 anemometers in the Northwest, as well as average power output from wind farms in the
Altamont, Tehachapi and San Gorgonio areas.

e Section 5 divides the variability of wind power output into seasonal and diurnal components,
in order to assess the effects of each type of variation on the value of wind power. We also
compare the monthly and diurnal data from the TrueWind, anemometer and actual wind
power production datasets, in order to better understand the disagreements among them.

e Section 6 concludes the body of the report, and summarizes our key findings about the
effects of temporal patterns on the value of wind power, as well as our preliminary efforts to
validate the use of TrueWind data for this type of work.

Finally, Appendix A describes in more detail our work to compare the temporal wind speed
patterns recorded in the TrueWind data with measurements from anemometers. Unlike the work
in Section 4, the appendix focuses on a comparison of wind speeds at each anemometer site,
rather than comparing the results of the wind-value analysis.
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2 Data Series Used for this Analysis

In this section we discuss the data series we used for our analysis, and the calculations and
assumptions we used to develop estimates of time-varying wind power production throughout
California and the Northwest. We begin by discussing the time-scale and averaging process used
for the data in our analysis (Section 2.1). We then describe the three wind speed datasets used in
the later analysis: TrueWind wind speed estimates, observed anemometer measurements, and
actual wind power project output (Section 2.2). We next describe our treatment of wind shear,
which can have a significant effect on estimates of the time variation of wind speeds at
anemometer height (Section 2.3). Section 2.4 discusses the system we used for clustering
anemometer and TrueWind data into geographically distinct resource areas. In Section 2.5, we
summarize the limitations to each of the datasets we used, and the difficulties encountered in
comparing the datasets. We then summarize our methods for translating wind speeds to wind
power output (Section 2.6). Finally, we identify the sources for the electricity load and price data
series used for the Northwest and California (Section 2.7).

2.1 Averaging of Wind Speeds and Electricity Data

We performed all of our analysis using wind speeds and electricity data that were averaged for
each combination of month and hour or season and hour. We generally refer to these
combinations — e.g., 6 p.m. in June, or 8§ p.m. in summer — as “intervals” throughout this report,
although they do not actually represent contiguous periods of time. We averaged data over these
periods, rather than using 8760 separate hours of the year, for two main reasons:

e TrueWind provided diurnal profiles that were averaged over months or seasons, because they
believe that reporting modeled wind data at any finer temporal resolution would be
scientifically unjustified. Given that the TrueWind data are reported on a season-hour or
month-hour basis, there was no precision to be gained by comparing that data to a series of
prices, loads, or observed wind speeds with a finer temporal resolution.

e In most cases, insufficient historical or forecast data were available to make estimates of the
“typical” wind speed, electricity load, or price in each of the 8760 hours of the year. We
nonetheless believe that using averages for each month-hour or season-hour interval allows
us to capture much of the important seasonal and diurnal variation in wind speeds and
electricity demand.

The averaged values for wind power production and electricity price and load represent the
expected value of each of these variables for each interval. We then combined these values to
produce expected values for market value or load-weighted capacity factor at each site. Averages
combined in this way will produce the same results as an hour-by-hour combination of the same
variables if and only if the variables are not actually correlated on a finer time scale than that at
which the averages were taken. Thus, in using month-hour or season-hour averages, we are
implicitly assuming that wind speeds and electricity demand and prices are not substantially
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correlated on an hour-by-hour basis, beyond the correlation captured by their month-hour or
season-hour averages.'

We performed our wind speed comparisons between the TrueWind and anemometer data
(Appendix A) on a month-hour basis for California and a season-hour basis for the Northwest.
However, when comparing the annual values for wind power at each grid cell (Sections 3.2 and
3.3), we replicated the season-hour wind speeds from the Northwestern TrueWind data onto a
month-hour basis, in order to make our calculations more consistent between California and the
Northwest, and so that we could incorporate the small month-to-month variations in air density
into the Northwestern electrical power calculations (Section 2.6).

2.2 Wind Speed Data Sets

2.2.1 TrueWind Modeled Wind Speeds

The main wind speed datasets that we used for this project were produced by TrueWind
Solutions, LLC (now AWS Truewind) for the California Energy Commission and a group of
sponsors in the Northwest (Brower 2002a; Brower 2002b). (This company and the data they
supplied are referred to simply as “TrueWind” or “the TrueWind data” throughout this report.)
TrueWind uses a mesoscale atmospheric model to simulate wind conditions on a 2-3 km grid for
366 days selected randomly from 15 years of weather data. They then feed this mesoscale data
into a basic wind flow model which estimates wind speeds on a 200-400 m grid, based on
detailed land cover and terrain data. This combination provides finer spatial resolution than most
other wind models. Most or all previous applications of the TrueWind model data have used the
annual or seasonal average wind speed for each grid cell. We believe ours is the first published
work to use wind speeds on a finer temporal scale from the TrueWind model.

2.2.1.1 California

For California, TrueWind produced several data series that were useful for our research. Each of
these series contains one data point for each cell on a grid across the state. These grids are on two
spatial scales: one contains cells exactly 200 meters apart north-south and east-west on a
Universal Transverse Mercator (UTM) projection; the other uses a polar projection and has cells
about 8 km apart. We used the following TrueWind data for California:

e annual average wind speeds (70 m elevation, 200 m grid);

e shape factor for Weibull distribution of wind speeds for each season (50 m elevation, 200 m
grid);

e cell elevation (200 m grid); and

e average wind speed for each month-hour combination, e.g., the average speed for 4-5 pm in
June (70 m elevation, 8 km grid).

! This assumption may be invalid; for example, there is some evidence that the calmest days in summer are also the
ones with the greatest air conditioning demand in California (Jackson 2002). However, without several years of
simultaneous hourly wind and electricity data, we were unable to test this assumption.
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Using these data, we calculated month-hour wind speeds for each cell on the 200 m grid as
follows. First, for each cell on the 8 km grid, we converted the average month-hour wind speeds
into weighting factors by dividing them by the average of the full year’s worth of month-hour
wind speeds for that cell. This produced a set of diurnal weights for each 8 km cell with an
average of one for all month-hour combinations. For each cell on the 200 m grid, we then
selected the nearest 8 km cell and multiplied the annual average wind speed for the 200 m cell by
the month-hour weights for the 8 km cell. This produced a month-hour average wind speed series
for each cell on the 200 m grid.?

2.2.1.2 Northwest

TrueWind also prepared data for the Northwest on grids with two different spatial scales: a 400
m grid and a 10 km grid. Both of these grids are evenly spaced on a UTM projection, and they
extend across all of Washington, Oregon, Idaho, Montana and Wyoming. We used the following
TrueWind data series for the Northwest:

e average wind speeds for each season (50 m elevation, 400 m grid);

e shape factor for Weibull distribution of wind speeds for each season (50 m elevation, 400 m
grid);

e cell elevation (400 m grid); and

e weights for the wind speed for each hour of the day in each season, indexed against the
seasonal average, e.g., the ratio between the wind speed at 4-5 pm in summer and the average
wind speed for all hours of the day in the summer (50 m elevation, 10 km grid).

We calculated season-hour wind speeds for each cell on the 400 m grid as follows. We
multiplied the average wind speed for each season for each cell on the 400 m grid by the season-
hour weights for the same season for the nearest 10 km cell to obtain the average wind speed at
50 m elevation for each season-hour combination for that 400 m cell. We then used a power law
relationship to estimate the corresponding wind speed at 70 m elevation. This calculation used an
exponent of 0.09 during the day and 0.20 at night, as discussed in Section 2.3.

2.2.1.3 Land Use Restrictions

Many of the areas covered by the TrueWind datasets — such as mountain ridges, national parks or
other environmentally sensitive areas — cannot or should not be developed for wind power.
However, in order to simplify our analysis and make the most complete possible estimate of the
range of effects of wind timing, much of our analysis is based on data from all of these cells, or
from simple subsets such as the windiest cells. This should be borne in mind when considering
these broad-ranging assessments. In some cases, we have addressed land-use and environmental
concerns by limiting our analysis to areas within 20 km of existing anemometer sites, as
discussed in Sections 2.4 and 3.2.2.4.

? For example, TrueWind estimated an annual average wind speed of 6.54 m/s at the 200 m cell at (37.729° N,
121.648° W), and had a weighting factor of 0.891 for 3 pm (UTC) in January for the 8km cell closest to this location
(about 2.25 km northwest), yielding a mean speed of 5.83 m/s for this 200 m cell during this interval.
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2.2.1.4 Weibull Distribution Assumptions

To estimate the average wind power production for each month-hour or season-hour for each
grid cell, we needed information about the shape of the probability distribution of wind speeds
within each month- or season-hour. We began by assuming that the wind speeds in each month-
or season-hour followed a Weibull distribution, with the same shape factor at 70 meter elevation
as at 50 meter elevation, and with the same shape factor for all month-hours during each season
(as these seasonal shape factors are reported by TrueWind). These were simplifying assumptions
that reflected the paucity of data on fine time-scale variations in wind speeds.’ As an alternative
to this approach, we also calculated the single Weibull shape factor for all the month- or season-
hours within each season that would be consistent with both the full-season shape factor and the
variation in average wind speed among all the month- or season-hours, as reported by
TrueWind.* We tested this approach using our anemometer database and found that it gave a
significantly better estimate of the wind power production in each month- or season-hour than
would other techniques, such as using the full-season shape factor for each month- or season-
hour, or assuming a constant shape factor of 2 (a Rayleigh distribution). We therefore adopted
this approach for the remainder of this report.

We did not formally validate the Weibull shape factors supplied by TrueWind. However, at one
stage in our analysis, we calculated power output using the TrueWind month-hourly average
wind speeds with two different estimates of the variability among the hours included in that
month-hour, and compared the results. The first estimate of variability was the Weibull
distribution described above. The second estimate was based directly on the anemometer data
from the same location — i.e., instead of using a Weibull distribution for speeds during each
month-hour, we used the set of measured hourly speeds for that month-hour, scaled to have the
same average as the TrueWind estimate. In most cases, the second, “real” distribution of wind
speeds yielded no substantial difference in power production from the Weibull distribution.
However, in San Gorgonio, measured wind speeds were much steadier on summer nights than
the TrueWind shape factors suggested. That is, wind speeds measured by anemometers held
steady in the optimal range for a wind turbine, while the TrueWind Weibull distribution had
about the same mean wind speed but included many more hours when the wind speed was above
or below the optimal range for the turbine. Consequently, we found much higher power
production during these times when we used the “real” variability of wind speeds instead of the
TrueWind Weibull shape factor. This analysis suggests that our use of the TrueWind Weibull
shape factors may introduce errors in our analysis on summer nights in San Gorgonio or similar

3 These assumptions neglect the effect of diurnal variations in the wind regime, which could cause the Weibull shape
factor to change with elevation and time. However, we did not have enough information to estimate these effects.

* The TrueWind dataset provided a single Weibull shape factor for each grid cell for each season, as well as average
wind speeds for that grid cell for each month- or season-hour during that season. We assumed that wind speeds
during each month- or season-hour within each season were also Weibull distributed, and that they all had the same
shape factor (not necessarily equal to the full-season shape factor). We then calculated the unknown month-hour
shape factor as the single shape factor that could be combined with the set of month- or season-hour average wind
speeds and yield a full-season wind speed distribution consistent with the known seasonal shape factor. That is, we
assumed that wind speeds followed a Weibull distribution within each month- or season-hour, and that the union of
all month- or season-hour distributions must produce a full-season distribution with the same variance as the already
known seasonal distribution. We then calculated the single month- or season-hour shape factor that would yield a
full-season wind speed distribution with the appropriate variance.
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areas where anemometers were not placed, but is not likely to contribute significant error at other
locations and times.

2.2.2 Anemometer-Based Wind Speeds

The TrueWind data discussed above are geographically comprehensive and show a great deal of
promise for analyzing wind performance across the full map of California and the Northwest.
However, these datasets have not previously been validated for use in work like ours.
Consequently we built a dataset of wind speeds measured via anemometers in order to double-
check the results of the TrueWind data.

We collected hourly wind speed measurements from several publicly available sources. The data
used for our validation analysis were originally collected by Kenetech, the Department of Energy
Candidate Site program, and the Bonneville Power Administration.’

e Kenetech: The Kenetech wind company collected wind data at a large number of sites in the
1980s and 1990s, which entered the public domain after their bankruptcy. The National
Renewable Energy Laboratory (NREL) is working to make these data available to the
general public. Kenetech stored the observations in a proprietary, binary data format, and
metadata for each site — such as tower height, location, and time zone — were recorded
inconsistently or not at all. NREL is reading paper records and working with former
Kenetech engineers to correct some of these problems. We obtained a preliminary dataset
from NREL, and performed further processing on it to obtain better metadata.® For this

> We identified four other potential sources of anemometer-based wind data that we did not use for this project. The
Energy Resources Research Laboratory has shorter-term wind speed data for a large number of sites in addition to
the BPA Long Term Wind Data Base, but these data were not available during our research schedule. The California
Energy Commission published wind resource reports for perhaps two dozen California locations in paper form in the
1980s. We have not identified a digital source for these data, but these reports could be collected and digitized for
further analysis. The National Weather Service has collected long-term, hourly wind speed measurements at a
number of locations, mostly at airports, while the California Department of Water Resources collects similar data in
agricultural areas. These measurements are generally taken at a 10-meter elevation, so estimates of turbine-height
wind speeds at these locations would be very sensitive to assumptions about wind shear; however, they could be
useful for identifying seasonal wind patterns at a greater variety of locations.

8 NREL has converted Kenetech’s proprietary data format into more modern ASCII files. However, this work is not
yet complete, and the site descriptions and time series data we received from NREL were not linked in a machine-
readable manner. We found it easiest to build our database from Kenetech’s binary files, even though this duplicated
some of NREL’s work. Data types and units (e.g., wind speed, mph) for each data series were fairly clearly
described in the Kenetech data files, but we had to parse individual site names and instrument heights for each data
series from Kenetech’s parameter description field (e.g., “SITE 3 - 50 FT WIND SPEED”), since Kenetech had
provided no dedicated field for these purposes. Kenetech made no digital record of site locations, so NREL staff
have built a table of site locations based on paper records and consultations with Kenetech engineers. We
supplemented this table by looking up locations of sites in California and the Northwest where NREL had not
reported latitude or longitude coordinates, but had recorded geographical names or legal locations
(township/range/section). If sites had no latitude or longitude data but had the same location name as other sites in
the database, we assigned the average latitude and longitude of the other sites to the unlabeled sites. Where both
legal coordinates and latitude and longitude were reported for the same site, we compared the two. We then
corrected the latitudes and longitudes of several sites where there was a discrepancy greater than 10 km (NREL staff
had also noted that the latitude was incorrect for these sites). Finally, we imported all the Kenetech and NREL data
into a single database of site descriptions and wind time series, and removed values from the time series which did
not match Kenetech’s official error markers, but which were clearly invalid (mostly out-of-range values).
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report, we used data from 75 Kenetech sites in California and 92 Kenetech sites in the
Northwest. Kenetech collected 1-3 years of data for each of these sites, with most of the data
recorded from 1991 to 1994. Instruments were placed at 5-40 m elevation above the ground
in the Northwest, and 14-30 m elevation in California.

e U.S. DOE: The U.S. Department of Energy Candidate Site wind measurement program
collected data from promising wind sites in 1977-82. We used data from this program for 3
sites in California and 4 sites in the Northwest. There are 2-6 years of data for each site,
generally collected at an elevation of 45.7 m (150 ft).

e BPA: The Bonneville Power Administration has collected wind data for several sites in the
Northwest continuously since the late-1970s and mid-1980s. We obtained their dataset,
extending until the end of 2003, from the Energy Resources Research Laboratory at Oregon
State University. We used data from 6 Northwest sites. Measurements in this dataset were
taken at elevations ranging from 15 to 60 m.

For towers with multiple anemometers, we checked each calendar month when data was
recorded, and chose the highest instrument that had at least 200 valid hourly observations in that
month (generally, the highest anemometer installed on each tower met this criterion for every
month it was installed). We then retrieved all the wind speed measurements from each of these
gauges for each month. Almost all of these measurements were taken at a height below 70 m, the
standard wind tower height used for this project. We therefore estimated the wind speed in each
hour at 70 m height by using the power law relationship v;o=v,*(70/h)", where  is the height of
the instrument in meters, v, is the wind speed measured by that instrument, v; is the estimated
wind speed at 70 m, and a is an exponent varying between 0.09 during the day and 0.20 at night
(see Section 2.3). We did not use data from four anemometers in California for which no height
was specified. Once we had assembled our wind observation dataset, we calculated the 70-m
mean wind speed for each month-hour (California) or season-hour (Northwest) interval at each
site.

We ignored any anemometer-based data series that failed to cover all 12 months of the year.
However, we did not give any special treatment to observation series that covered a non-integer
number of years: for example, site number 2 had observations from October 1992 to February
1994, so our final averages included data from two Decembers (1992 and 1993), but only one
June (1993). We also did not renormalize the wind speeds to match long-term climatological
patterns. Such an effort could substantially change the average capacity factor for each wind site,
but would have only a secondary effect on the intra-annual timing effects we studied.

In total, there were 106 sites in California and 164 sites in the Northwest with at least one month
of observations, but only 78 in California and 102 in the Northwest with data from all twelve
months of the year.” The partial-year data series may contain useful additional information about

" The Kenetech dataset included information from several additional Northwestern anemometer towers which we
did not use. Specifically, data series from ten towers in Medicine Bow, WY, were reported twice, and the
anemometer at Diablo Dam, WA, had low average wind speeds and was sharply mismatched with the corresponding
TrueWind cell.
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regional wind patterns, but we were concerned that they would introduce a bias toward certain
months and sites in our analysis, so we excluded these data from our analysis.

2.2.3 Wind Farm Production Data

Actual wind power production data, on an hourly basis, are rarely available publicly.
Nonetheless, we were able to supplement the TrueWind and anemometer datasets with a limited
amount of historical production data from several (larger) wind resource areas. Although these
production data cannot be used to easily estimate prevailing wind speeds or the power production
from any one single site, they nevertheless provide a useful benchmark for the performance of
wind farms in several important regions.

We obtained monthly average power production values from a number of individual wind farms
in California and the Northwest during 2001-2004, based on filings by wind farm operators with
the Federal Energy Regulatory Commission and the Energy Information Administration
(Bolinger 2005). We consolidated these values to estimate monthly average capacity factors for
the Vansycle, Columbia Hills, Foote Creek, Bridger Butte and Solano resource areas. Table 1
shows the total rated capacity for wind farms in each of these areas.

Table 1. Rated Capacity of Wind Farms for which Monthly Production Data was Available

Wind Resource Rated Capacity,
Area 2004

Vansycle 430 MW
Columbia Hills 24 MW

Foote Creek 133 MW

Bridger Butte 144 MW

Solano 162 MW

We also obtained hourly average production data for 2002 for the Altamont, Tehachapi and San
Gorgonio wind resource areas in California from the National Renewable Energy Laboratory
(Milligan 2003). We did not receive information on the rated capacity of the wind farms that
contributed to these outputs, so we estimated the total capacity by finding the maximum power
output for each resource area during any hour of the year. These values are shown in Table 2. We
then divided the hourly production in each area by the maximum production for the year to
obtain hourly capacity factors and month-hour average capacity factors for each resource area.

Table 2. Maximum Power Output from each California Wind Resource Area

Wind Resource Maximum Power

Area

Output, 2002

Altamont Pass
San Gorgonio
Tehachapi

435 MW
306 MW
569 MW

We assume implicitly in our analysis that variations in the capacity factor in each wind resource
area were due entirely to variation in wind speeds in that area. It is possible that some of this
variation was actually caused by equipment failure or maintenance, but we were unable to obtain
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information on the size and duration of wind farm outages, making it impossible to account for
this effect precisely. However, given that the wind resource areas generally contain hundreds of
individual turbines, it appears likely that localized outages would “average out,” rather than
significantly biasing a region’s total output during any period. Consequently, we believe it is
reasonable to assume that the time-varying capacity factors in each resource area are driven
primarily by variations in wind speed.

It deserves note that the data from California’s three major wind resource areas are primarily
based on older wind technology installed at heights that are far lower than typical hub-heights for
wind projects today (and also much lower than TrueWind’s wind speed estimates). Monthly
output data from the Northwest and the Solano area, however, are based on present technology,
and are therefore more comparable to TrueWind estimates.

2.3  Wind Shear

Much of the wind speed data available to us were reported for heights other than the 70-meter
turbine level used for this report. This includes the Northwestern wind speeds from the
TrueWind model, reported at 50 meters, and virtually all of the anemometer data. In order to
compare these datasets to each other and to estimate the effect of wind timing at our reference
hub height, it was necessary to adjust these data based on an estimate of the wind shear (change
in wind speed) between the level of the original data and the 70-meter turbine height.

It is common practice to use a power law model to estimate wind speeds at one location based on
measurements taken at a different elevation. This is an empirical approach, with no firm
theoretical basis, but appears to fit the observed behavior in many cases (Gipe 2004: 39-45). The
power law model assumes wind speeds at different heights are related by the equation,

where 4 is the turbine height, 4, is a height for which the wind speed is known, v, and vy are the
wind speeds at these heights, and a is a “wind shear exponent,” between 0 and 1, which is greater
for sites with stronger wind shear.

A wind shear exponent of 1/7 is often used to conservatively adjust annual average wind speeds
from lower level anemometers up to turbine height). This exponent often gives good results for
neutrally stable air, or for long-term average wind speeds at a site (Gipe 2004: 39-45; Peterson
and Hennessey 1978). However, the appropriate wind shear exponent varies significantly from
day to night in many locations, as atmospheric conditions oscillate between stable and unstable
states. During the day, solar heating of the ground warms the lower air levels, leading to
turbulent mixing of the lower atmosphere. This mixing can transfer fast-moving air down from
upper to lower levels, so that relatively consistent wind speeds are found from near the ground
up to levels above wind turbine heights. In these unstable conditions, a lower wind shear
exponent usually applies. At night, temperatures near the ground can drop, forming a
temperature inversion which prevents vertical mixing. In these stable conditions, upper-level
winds become decoupled from lower-level winds and a higher wind shear exponent applies
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(Sisterson and Frenzen 1978). As a result of temporally varying wind shear, the timing of
maximum and minimum winds aloft may differ markedly from the timing of wind at lower
elevations (Archer and Jacobson 2003).

Wind shear in West Coast mountain passes may be especially low — or even negative — during
summer days, due to the complex terrain which shapes the wind there. A layer of dense marine
air builds up during the day west of these passes until it is high enough to pass through. Then a
shallow flow is formed through the pass, which is accelerated by gravity as it moves down the
eastern slope. As a result, winds near the ground may be faster than winds at higher levels
(Brower 2005; Gipe 2004: 150-1).

In order to develop an appropriate wind-shear methodology for our analysis, we first reviewed a
number of studies of wind shear under a variety of conditions. In most of these studies, we found
power law exponents in the range of 0.07-0.13 during the day and 0.19—-0.36 at night. Wind
shear in these studies was usually fairly consistent during the day and night, with 3—4 hour
transition periods beginning at dawn and a couple of hours before sunset (Alawaji et al. 1996;
Emeis 2001; Farrugia 2003; Kirchhoff and Kaminsky 1983; Mahrt 1981; Martner and Marwitz
1982; OWPI 2003, 2004; Perez et al. 2005; Rehman and Al-Abbadi 2005; Sisterson 1983; Smith
and Jurotich 2004; Smith et al. 2002).

We also estimated wind shear from the anemometer towers in our dataset where simultaneous
measurements were taken at two or more levels. This analysis included some anemometer towers
that were not used for our main research because they did not provide a full year of data, and
excluded about half of the towers that were used for our main research, because they had
anemometers at only one level. In particular, we were not able to perform this analysis for towers
in the major California passes, because they each contained only one anemometer. Consequently,
we cannot be confident that conditions at these towers will prevail for all the towers used in our
main research. This analysis yielded daytime wind shear exponents of 0.09—0.15 and nighttime
exponents of 0.17-0.21. The differences between the wind shear exponents from our
anemometer database and those from other studies could be due to tower height, or to the
necessarily arbitrary selection of wind shear studies or anemometer sites.

Based on these two reviews, we adopted a wind shear methodology for this report that uses a
power law exponent of 0.09 during the day and 0.20 at night. The exponent changes linearly
from the night value to the day value during the first three hours after dawn, and changes from
the day to night value between two hours before sunset and one hour after sunset.

We compared this day/night wind shear approach to several other possible approaches by
estimating upper-level speeds from lower-level speeds in our anemometer dataset. We found that
our chosen approach worked significantly better than an approach using a constant 0.14
exponent, and slightly better than a more complicated approach that estimated a time-varying
wind shear based on typical irradiance and cloud cover at each location and time. We found our
approach performed slightly worse on this test than approaches that adjusted the daytime wind
shear exponent based on the sun’s declination angle (time of year) or angle above the horizon
(time of year and time of day). However, we wanted to keep the temporal influences of our wind

11
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shear model as simple as possible, and we decided that the marginal improvement from these
latter approaches did not justify their extra complexity.

We also note that the day and night wind shear exponents that we adopted are consistent with
what we would obtain if we used the EPA’s regulatory modeling guidelines for rural locations
and assumed moderate wind speeds (3—5 m/s), moderately sunny days (class B—C stability), and
partly cloudy nights (class D—E stability) (EPA 2002: ch. 6).

It is important to note that the wind shear approach we adopted was not custom-tailored to any
specific geographic location. In particular, we did not give special treatment to the wind
conditions in West Coast passes, so our approach may overestimate summer daytime wind shear
(and upper level anemometer-based wind speeds) in these areas.

2.4 Resource Areas

To facilitate our analysis, we grouped anemometer sites into “resource areas,” which can be seen
in Figures 1 and 2. We assigned anemometer towers to resource areas as follows. We first
identified areas where anemometers were clustered within a radius of 30 km or so, by inspection
of the map of anemometer locations. In south-central Washington and along the Washington
Oregon border, it was not completely clear which sites to group into separate resource areas.
There, we first identified the four most sharply defined clusters of sites (Ellensburg, Rattlesnake
Ridge, Columbia Hills and Vansycle/Kennewick). This left several unassigned sites that fell
between these areas. We compared the temporal pattern of wind speeds at each of these
unassigned sites to the wind speeds in the neighboring clusters and assigned each site to the
neighboring resource area with the most similar wind pattern. In the Tehachapi area, we could
have defined two different resource areas based on the geographical clustering of the
anemometer sites, but we found that the neighboring clusters had very similar wind regimes. So
we instead defined a single resource area with anemometers from a relatively widespread region,
as shown in Figure 1.

12
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Figure 2. Locations of Anemometer Towers and Resource Areas in the Northwest

In later sections, we also use these resource areas to categorize the TrueWind data in two ways:

1) When comparing TrueWind and anemometer data, we often group the results by resource
area. In these cases, we use TrueWind data from the single grid cell closest to each
anemometer tower and then take the median value for various measures among all
anemometer sites and matching TrueWind cells in each resource area. When used this way,
individual TrueWind cells are assigned to exactly the same resource area as the
corresponding anemometer tower. This is the case in Sections 4 and 5, and Appendix A.

2) When reporting wind value measures derived only from the TrueWind data, it was

sometimes useful to limit our discussion to the areas where wind farms are most likely to be
developed. We defined such areas as all grid cells with Class 4 or greater capacity factors,
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located within 20 km of an existing anemometer site. We describe these as grid cells “near
known resource areas,” and assigned each of these cells to the same resource area as the
closest anemometer tower. We used this definition of resource areas when reporting
TrueWind results in Section 3. The borders of these areas are shown in Figures 1 and 2.

2.5 Data Limitations

A number of factors may reduce the accuracy of the TrueWind, anemometer or actual production
data as estimators of wind speeds or power output at the 70-meter reference height used for our
analysis. Consequently, throughout this report, we compare wind speed measurements and
analytical results based on all three of these datasets. Where results from different datasets agree,
we may be able to place greater confidence in the common findings. However, when these
datasets disagree, insufficient information is available to identify any one of them as
unequivocally the best estimator of the power output in which we are interested.

We list here a number of factors affecting the accuracy of hub-height power estimates based on
the TrueWind, anemometer and production datasets, as well as the quality of fit between these
datasets:

e Modeling Uncertainty. The TrueWind wind speed estimates and diurnal profiles are based
on a computerized mesoscale atmospheric model with a grid scale of about 2 km, with a
second stage designed to improve treatment of finer-scale terrain features. Although this
approach is state-of-the-art, it remains subject to significant uncertainty, because of
limitations in the number of forces that can be modeled and the spatial and temporal scale at
which analysis can be conducted. As discussed in Section A.7, limited resolution may
specifically introduce significant errors to the TrueWind results for Tehachapi, San
Gorgonio, Livingston and Mountain Home regions, and may cause problems in other areas as
well.

e Wind Shear. An important limitation to the quality of our estimates of turbine-height wind
speeds comes from our treatment of wind shear. None of the anemometer wind speed
measurements were made at a height of 70 m, the elevation for which we performed our
analysis. We estimated wind speeds at 70 m from anemometer measurements or TrueWind
Northwestern estimates made at lower elevations by way of a relatively simple power law
relationship, with the same day and night exponents at all locations. This approach is an
approximation at best, and neglects the fact that wind shear can change with time of year and
roughness of terrain. If the correct exponent could vary by a factor of 2 in either direction,
then our assumption may have introduced errors of up to 20 percent in the estimate of the
observed wind speed at various times and locations. Using separate day and night exponents
appears to provide more accurate results than a single exponent at all times, but limited
analysis suggests that this could still be a significant source of disagreement between
TrueWind and the anemometer data.

Wind shear introduces uncertainty in any estimate of upper level wind speeds from lower-

level anemometer data, and since wind shear can vary over time, it also introduces
uncertainty about the temporal pattern of wind speeds above the anemometer height. These
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difficulties could be partly overcome by any technique that gives a better estimate of the time
and spatial variation in wind shear (e.g., using anemometers at multiple levels on the same
towers). However, they can never be completely overcome, except by using anemometer data
from the turbine hub height (70 m for our analysis), which is not readily available.

e Wind Farm Technology, Location and Turbine Height. In most cases historical data from
wind farms was reported as the average power output across a large geographical region,
with little or no information about the technology, location or height of individual turbines.
This introduces three potential problems:

- Wind farm data can only be compared to other datasets in terms of power output, not
wind speed. These comparisons may be hindered by the fact that many operating wind
farms use different turbine technology than our reference system.

- Wind farm production data for each resource area must be compared to TrueWind or
anemometer data on an aggregated basis, rather than comparing the power output at
individual turbine locations. Further, the TrueWind and anemometer locations selected
for this comparison may not exactly match the locations where the actual production took
place.

- We were unable to adjust the power output found at the (often unknown) heights of the
wind farm towers in order to estimate the power output that would be likely at our 70 m
reference elevation. Instead, we used the lower-elevation capacity factors without
correction. This problem is particularly pronounced for California locations, where older
turbines have been installed on relatively short towers. It may not be significant for the
Northwest, where newer production turbines have been placed close to our 70 m
reference height.

e Anemometer Location. TrueWind has worked with NREL and several consulting
meteorologists to validate their annual average wind speeds against measured wind speeds.
As part of that process, TrueWind adjusted the reported location of anemometer sites so that
they were aligned to similar terrain features (e.g., ridgelines) included in the TrueWind
model, which sometimes required corrections of a few kilometers. There are likely to be
similar mismatches between the locations of sites in our observation database and the terrain
features in the TrueWind model. In addition, we know locations for some anemometer sites
only within a few kilometers, and we consistently had differences of a hundred meters or so
between our geographic projection system and TrueWind’s. We did not attempt to correct the
location data we received for individual anemometer sites to align them more closely with
terrain features in the TrueWind database, so it is possible that anemometer sites that are
actually on top of ridges have been matched with TrueWind model cells which correspond to
other types of terrain (e.g., nearby but further downslope, or possibly at a random location,
depending on the magnitude of error). Wind patterns can vary dramatically from one type of
terrain to another, so these problems could cause TrueWind’s data to appear more
mismatched to real conditions than they actually are.*’

¥ There were 7 Kenetech sites in the Northwest and 8 Kenetech sites in California for which we assigned
approximate latitude and longitude values, based on location names, as described in footnote 6. We estimate that
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Date Range of Anemometer and Production Data. It is possible that the anemometer
measurements at any given site or actual power production in any resource area were
recorded during a time with particularly high or low wind speeds, or an otherwise atypical
pattern of wind speeds (e.g., some of the meteorological towers only collected data for a
single year, which may have been an abnormal year). If this is the case, the anemometer or
production data may be less “typical” of long-term conditions than the TrueWind data.
Anemometer and production data may cover only one year in some cases, and may cover
different years at different sites. Consequently, it is also possible that the spatial distribution
of high and low average wind speeds in our dataset does not match the spatial pattern that
would be found in any real calendar year. On the other hand, our averaging of anemometer
and production values for each month-hour is likely to reduce the effect of short-term
variations in wind speed, and the diurnal patterns for each month may vary little from year to
year, even if the annual or monthly average wind speeds vary. As a result, this issue may not
contribute much to disagreement between the TrueWind, anemometer and production
datasets, or to disagreement on the effects of wind timing on the value of power at individual
locations.

Effective Ground Level Differences. The wind speeds reported by TrueWind were given at
heights of 50 or 70 meters above “effective ground level.” In dense forest, this is relative to
the canopy height, which may be a significant distance above the true ground level. We did
not correct these effective heights to true heights before comparing them to observations,
which could make the TrueWind speeds artificially high in heavily vegetated areas.

Overemphasis on Existing Resource Areas. Our comparisons are made only at the sites for
which we have data. As such, they are weighted toward the regions for which we have the
most data, and say nothing directly about the regions for which we do not have any
measurements. TrueWind data can only be compared to hourly historical power production
in three regions in California. The anemometer datasets include wind data from most of the
promising wind areas in California and the Northwest, so to some extent the anemometer-
based comparisons rate the TrueWind data based on its performance in the areas of most
interest. However, the representation of wind regions in our database is idiosyncratic, so our
analysis may or may not accurately reflect the importance of each region to wind power
developers. For example, 40 of the 78 California anemometer sites are in Altamont Pass, so
about half of the region-wide ratings for the TrueWind data in Appendix A come from how
well they match wind speeds in this limited region. This may also be a significant issue in the
Northwest, where 41 of the 102 sites used for this analysis are in the Columbia Hills region.

these approximations are correct to within about 10 km. The fit between the TrueWind and observation data was
worse at these sites than at other sites in the dataset. For example, the mean absolute error (MAE) for the California
sites with approximate locations was 2.3 m/s, compared to 1.6 m/s for the sites with exact locations. In the
Northwest, the MAEs were 2.5 m/s for the approximate locations and 1.5 m/s for the exact locations.

’ We do not have a list of the anemometer sites originally used to validate TrueWind’s annual average wind speeds.
If any of the sites that we used for validation were previously used to correct the TrueWind data, it is possible that
we could find an artificially high correlation between TrueWind’s wind speeds and the annual averages at our
observation sites. However, we think it is unlikely that many sites were used for both validation efforts, and
TrueWind used data from individual sites too indirectly to produce much false correlation.
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Further research would be valuable using lower-level anemometer data from the National
Weather Service or the California Department of Water Resources to identify seasonal and
possibly diurnal wind patterns at a wider variety of locations (see footnote 5).

2.6 Estimating Wind Power from Wind Speeds

We used the power curve from the GE 1.5s wind turbine to estimate the power output for each
grid cell for each month-hour combination, based on the corresponding average wind speed from
TrueWind, and for each chronological hour at each anemometer site.

For consistency, we used the same turbine for our analysis at all locations. Since the power
output from any turbine is a nonlinear function of wind speed, other turbines could yield
different temporal patterns of power output: for example, a turbine optimized for lower wind
speeds than the GE 1.5s would produce more power than the 1.5s during low wind periods, but
less power during high wind periods. Wind farm developers choose the turbine that will give
optimal total power output in a particular local wind regime; to the extent that the timing of
power output affects project viability, it is possible that they could select particular turbine
models that optimize the timing of their power output as well. We did not explore this possibility
in our work.

We were supplied with a table showing the power output for the GE 1.5s turbine for wind speeds
ranging from 0 to 25 m/s at standard temperature and pressure (1.225 kg/m” air density) as well
as additional power curves for lower air densities, corresponding to higher elevations or
temperatures (Milligan 2004). We found that the power curve for any air density could be
reproduced by using the power curve for standard temperature and pressure, and scaling the wind
speed according to the difference between the two air densities.'”

To facilitate our wind power calculations, we then fit the standard-density power curve with a
piecewise polynomial function.'’ This approach allowed us to reproduce the power curve for the
GE 1.5s at all wind speeds and air densities, interpolating smoothly between the discrete,
published values. The R? goodness-of-fit between our polynomial and the power tables for all
wind speeds and air densities is 0.99996, indicating that this approach produced power output
estimates that were virtually identical to those in the published power curves.

The air density for each month-hour combination at each location was estimated from the
elevation of that location and the average temperature for that month and hour according to the
properties of the standard atmosphere. We calculated air density (p) according to the formula

' The power density of wind (in W/m?) is given by p - 1, where p is the air density (kg/m®) and v is the wind
speed (m/s). Setting P, jever = Proca, We obtain the sea-level wind speed with the same power density as a given
10C31 Wlnd Speed: vsea level — (ploca[ /psea leve[)5 ' V/om/ :

" This function consisted of one polynomial segment (showing the turbine output at speeds between the cut-in and

rated speeds) and three linear segments (zero power output below the cut-in speed of 4 m/s, 1.5 MW output above
the rated speed of approximately 13 m/s, and zero power above the cut-out speed of 25 m/s).
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where py is the density of air at standard temperature and pressure, £ is the temperature lapse rate
for the standard atmosphere (6.5°C/km), z is the elevation of the turbine above sea level, R; is the
gas constant for dry air, and g is the force of gravity.

The elevation used in this calculation was the average grid cell elevation provided with the
TrueWind dataset. Temperatures for each grid cell for each month and hour were estimated by
interpolating between observation stations in the U.S. Historical Climatology Network (Karl et
al. 1990), and then fitting monthly high and low temperatures to a diurnal profile that peaked in
the afternoon and fell to the minimum temperature from late evening until dawn.'?

For the TrueWind data, we assumed that the wind speeds for each grid cell during each month-
hour combination were distributed according to a Weibull distribution, with mean wind speed
and shape factor as discussed in Section 2.2.1. We were then able to directly estimate the average
power output for each cell, month and hour by calculating the average value of our piecewise
polynomial power curve when applied to the Weibull distributed wind speeds for that time and
location."® This value was then used as the basis for all the power-value calculations discussed
later in this report.

2 We used the monthly high and low temperatures recorded for 19712000 to get a long-term average of the
monthly high and low temperatures for each station in the climatology network. We then averaged the temperatures
of all stations within 200 km of each coarse grid cell, weighting the values by the inverse square of the distance from
the grid cell to the station, and using a 6.5°C/km lapse rate to correct for elevation. The large averaging distance was
used to ensure that each grid cell would be within range of at least a few temperature stations, but the steep
weighting ensures that nearby stations dominate the average temperature calculation for any cell. The timing of the
daily temperature profile is scaled according to the number of hours of daylight per day at each location in each
month. It starts at the minimum temperature at dawn, then follows a sinusoidal pattern, rising to the maximum
temperature one third of the way through the afternoon, and then drops to the minimum temperature by one third of
the number of daylight hours (about 4 hours) after sunset. It remains at the minimum temperature until dawn.

" The mean value of a piecewise polynomial function of a Weibull-distributed random variable can be calculated as
the sum of several incomplete gamma functions as follows:

First, we define the power curve as a function of the wind speed:

0, v<v,
PWv)=4P,(v), v, v<v,
Pmax > vr SV < Vout

where v;, is the cut-in speed of the turbine, v, is the rated wind speed of the turbine (the wind speed at which it
begins to produce its maximum power output), and v, is the cut-out speed of the turbine (above which it produces
no power), P;(v) is the power curve function between the cut-in and rated speed, and Py, is the amount of power
produced by the turbine at its rated speed.

Then, the mean value of the power output function is
E[P(V)] = [P)ftv)dv= [ REftv)dv+ [ B, fv)dv

where V is the randomly varying wind speed and f{v) is the probability density for this variable.
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For the anemometer data, we assumed that the wind speed was constant during each
chronological hour, and calculated the power output for that hour by feeding the average wind
speed directly into the polynomial power curve for the wind turbine. We then averaged the
power output values for all the relevant chronological hours to obtain the average power output
for each month-hour at that site."*

In both cases, we assumed that a total of 12 percent of power was lost at all locations and times,
due to electrical and control system losses, blade contamination, weather, wake effects,
turbulence, and turbine outages (Milligan 2004).

When Py(v) is a polynomial, we have

v,

Eﬂww=4(i%w}mmwT%WﬂWW=fﬁjwﬂwW+eWTﬂWh

where ¢, are the coefficients of the polynomial (which has degree n).

When V is Weibull-distributed, it can be shown that

v, v, k-1 " . k . k
a J.vif(v)dv =aq, Ivi k(vj ef(%) dv= aici{r[; +1, {V”'} ] - 1{;c +1, [V’} ﬂ
ooc\e c c

and

%jﬁww&{JU_j@w,

where k is the shape factor and c is the scale factor for the distribution, and I'(ay, a,) is the incomplete gamma
function. So, the average power output is given by

oo

We defined a single function in the C computer language that performed the following steps to calculate the average
power output for any cell, month, and hour, based on the average wind speed, Weibull shape factor, elevation, and
temperature for that place and time:

1. calculate the air density based on the temperature and elevation, and then convert the average wind speed to
the equivalent sea-level wind speed;

2. calculate the scale factor (c) for the Weibull distribution, based on the shape factor and sea-level wind
speed; and

3. calculate the mean power output, using the formula above, with the appropriate parameters for the GE 1.5s
turbine (ag—ag, Vip, Vs, Vour and Puy).

This function allowed us to quickly calculate the electric power output values needed for the rest of our analysis.

' The speeds reported for each hour at each anemometer are the average value for that hour. In many cases, standard
deviations of the wind speed during the hour were also reported. Although speeds varied during each chronological
hour, we found that the variation was relatively narrow, and our results showed little difference whether we assumed
constant speeds for each hour or assumed a Weibull distribution of wind speeds during the hour, with the specified
standard deviation. Variability within each hour was much smaller than the variability during the whole year, and
most of the temporal variation in wind speeds is reflected in the variation of the hourly average wind speeds.
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2.7 Electricity Price and Load Data

The fundamental purpose of this report is to correlate temporal wind patterns with various wind
value metrics, including both “market value” and “capacity value” proxies. Market value proxies
are derived from correlations between wind timing and historical or forecast wholesale power
prices in California and the Northwest. The capacity value proxy is derived from estimates of
wind output during the top 10 percent of load hours, based on historical load in California and
the Northwest.

All prices used in this report are in nominal, current-year terms. We made no adjustment for
inflation, or economic discounting. This approach should have little direct effect on our results,
since they are generally reported as percent changes in revenue, rather than in dollar-and-cents
terms. However, if the timing of peak prices changes in the later years of any particular multi-
year price series, this approach may give somewhat disproportionate weight to those later years
when all the years are averaged together to create a single, typical price series.

2.7.1 Northwest Power Prices

For our analysis of power values in the Northwest, we used historical and forecast wholesale
power prices from the Mid-Columbia (Mid-C) trading hub. Due to transmission
interconnections, wholesale power prices in parts of Idaho and Wyoming may actually be linked
more closely to southwestern markets than to the Mid-C hub. However, we used the Mid-C hub
for the whole region in order to perform a more uniform analysis, and to therefore better reflect
the general impact of wind timing on wholesale market value.

For historical prices at the Mid-C hub, we used month-hour averages of the Dow Jones hourly
wholesale power prices from May 2002 through April 2005 (BPA 2005).

Our price forecast series for the Northwest was the average of the Northwest Power and
Conservation Council’s hourly forecasts for the Mid-C hub for the years 20062025, prepared
using the base case assumptions for that agency’s Fifth Power Plan (King 2005).

We averaged each of these series for each month and hour to obtain the historical and forecast
price series for our analysis. As shown in Figure 3, the historical price series is relatively flat
seasonally and diurnally, with a modest winter peak. The price forecast shows increasing
summertime prices, producing a second peak in August. The forecast also shows stronger diurnal
variation throughout the year.
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Figure 3. Historical and Forecast Power Prices for the Northwest

2.7.2 California Power Prices

Our historical price series for California was the simple average of the day-ahead hourly zonal
prices published by the California Power Exchange for the NP15 and SP15 hubs between July
1998 and June 1999. This period was chosen because it provided a full year of market data
before the California power crisis of 2000—01 and the subsequent restriction of wholesale
markets. The day-ahead zonal price is the marginal price set by the Power Exchange after
accepting the lowest-priced bids in its day-ahead auctions, within the constraints of the
transmission system (UCEI 2004). We used the average of the two hubs for all wind sites, rather
than dividing the state into separate northern and southern markets, so that the results from all
sites would be referenced to a common set of market conditions.

Our forecast price series for California was the average of hourly forecasts for all California hubs
for 2006—13, provided by the California Energy Commission. This forecast was part of the
baseline case for the CEC’s 2003 Electricity and Natural Gas Assessment Report. In this
forecast, monthly average power prices for each hub come from Henwood’s MarketSym
electricity market model. They are averaged together for the whole state, and then diurnal shapes
for each month come from the simple average of the day-ahead NP15 and SP15 hourly prices
from October 1998 to September 1999 (Klein 2004; Gopal ef al. 2003).

As shown in Figure 4, the price forecast has a lower monthly variation than the historical prices,
but as a result of the methodology used (described above) the diurnal component of both price
series are similar.
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Figure 4. Historical and Forecast Power Prices for California

2.7.3 Long-Run Equilibrium Prices Not Used

Both the historical and forecast prices shown in Figures 3 and 4 show a similar degree of
temporal variability. The highest prices of the year in the Northwest (on a month-hour basis) are
3040 percent higher than the annual average, while the peak California prices are three times as
high as the annual average. Borenstein (2005) indicates that these prices reflect conditions where
most or all customers pay a flat rate for electricity throughout the year, and part of their bills are
used to purchase generation “capacity’ to ensure that peak power demands are met. A more
economically efficient approach would be to use “energy-only” tariffs, where prices are allowed
to rise during hours of peak demand. Under this system, peak-hour electricity prices would
reflect the long-run equilibrium between the value of power to customers and the cost of
additional generation plants. Although this system would produce lower prices on average
throughout the year, peak-hour prices would likely be significantly higher than those shown in
Figures 3 and 4. Space and time constraints prevented us from using estimated long-run
equilibrium prices for our analysis, but we would expect these to increase the effect of wind
timing on the market value of wind power beyond what we show in this report.

2.7.4 Historical Loads for California and the Northwest

Historical electricity loads for both California and the Northwest were based on the total demand
reported in FERC Form 714 filings for all electric control areas within each region for each hour
for 2000 through 2004 (FERC 2005). Figure 5 shows that Northwestern loads have historically
peaked in the winter months, while California loads have had a clear summer-afternoon peak.

1% California loads were calculated as the sum of the hourly loads reported for the following service areas: California
Independent System Operator, Los Angeles Department of Water and Power, Sacramento Municipal Utility District,
and Imperial Irrigation District. Northwest loads were reported by Avista Corp., Bonneville Power Administration,
PUD No. 1 of Chelan County, PUD No. 1 of Douglas County, PUD No. 2 of Grant County, Puget Sound Energy,
Seattle Department of Lighting, Tacoma Power, PacifiCorp, Portland General Electric, Idaho Power Company, and
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Figure 5. Historical Electricity Demand in California and the Northwest

NorthWestern Energy (formerly Montana Power Company). The FERC reports from the Western Area Power
Administration (Rocky Mountain Region) cover large parts of Wyoming as well as other regions outside our area of
analysis. These reports were excluded from our load calculations for the Northwest, because it was impossible to
disaggregate the areas within our study region from those outside. These filings included data from a number of
smaller entities serving parts of our study area, including Basin Electric Power Cooperative, Black Hills Power and
Light Company; Cheyenne Light, Fuel & Power Company; Tri-State Generation & Transmission Association, Inc.;
and Wyoming Municipal Power Agency.
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3 Effects of Wind Timing on the Value of Wind Power, using TrueWind Data

In this section we use the TrueWind modeled data set to estimate the effects of wind timing on
the value of wind power at each cell on the TrueWind grid. In Section 3.1 we describe the
capacity- and price-based approaches we used to estimate the effects of wind timing at each grid
cell, and summarize our findings based on these two approaches. In Section 3.2 we describe the
capacity-based approach and results in greater detail, and in Section 3.3 we do the same for the
price-based approach. Finally, in Section 3.4, we compare the results found via the capacity- and
price-based approaches. All of the analysis in Section 3 is performed using the TrueWind
modeled data. Later, in Section 4, we compare the results found from the TrueWind data with
estimates of the effects of wind timing based on anemometer and actual wind production data.

3.1 Background and Summary

We used the TrueWind wind power data and electricity load and price series discussed in Section
2 to estimate the effects of wind timing on the value of wind-generated electricity at each grid
cell in California and the Northwest. The effects of timing were measured by two approaches,
yielding three key metrics for each cell:

e Capacity Metric: the difference between the annual average capacity factor and the capacity
factor during the top 10 percent of peak load hours (based on historical loads).

e Price Metrics: the difference between annual wholesale market value of wind power with
unvarying power output from each turbine and the annual market value expected with the
time-varying wind speeds found at that turbine location, using: (1) historical wholesale
power prices, and (2) forecast wholesale power prices.

These effects are mapped and tabulated in detail in the sections below. To summarize, we found
that temporal wind patterns at different locations had large effects on the average power output
during hours of peak electricity demand, and smaller but still substantial effects on the annual
wholesale market value of that wind generation based on historical and forecast wholesale
market prices. Figure 6 summarizes these findings, showing the median effect of wind timing on
each measure of power value among all good (Class 4+) wind locations in California and the
Northwest (central bar of each marker), as well as the range of effects between the 10th and 90th
percentile of wind sites (lower and upper bars)."°

'® Here we assume that California wind projects sell into the California market, and that Northwestern projects sell
into the Northwest market. Differences in timing between California and Northwest power markets are more
significant than the differences in timing between many of the wind sites, so this is an important assumption.
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Figure 6. Effects of Wind Timing on Load-Weighted Capacity Factor and Annual Market Value at Class
4+ Grid Cells in California and the Northwest (Median, 10th and 90th Percentiles)

According to the TrueWind data, the best- and worst-timed of the windy California grid cells
have capacity factors in the top 10 percent of load hours that range from 7 percent above to 30
percent below their annual average capacity factors, with a median value of 15 percent below the
annual average. Northwest wind sites appear well suited for Northwestern load: windy locations
in the Northwest have peak-hour capacity factors ranging from 6 to 34 percent above their
annual capacity factors, with a median of 20 percent (Section 3.2.2).

The best-timed California sites have a wholesale market value approximately equal to what
would be obtained if their power output was completely uncorrelated with wholesale electricity
prices, while the worst sites have a market value about 4—6 percent less than this based on
historical or forecast prices. Sites in the Northwest are somewhat better matched to their power
markets, with a wholesale market value ranging from an amount equal to what they would earn
with uncorrelated power output, up to about 2—3 percent more than this, using historical or
forecast prices (Section 3.3.2).

The difference in power production (25-40%) between the best- and worst-timed grid cells
during the hours of peak electricity demand is approximately equivalent to the difference in
power production between wind sites two or three power classes apart. So, for example, the best-
timed Class 3 sites could produce about as much power as the worst-timed Class 6 sites during
the hours of peak electricity demand. However, when the year-round value of power is
considered, using wholesale market prices, the best-timed sites have a market value only about
2—-6 percent better than the worst-timed sites. By this measure, the timing of wind appears to
increase the market value of wind power by the equivalent of about a quarter of a wind power
class between the worst- and best-timed sites, so that even the worst-timed Class 4 wind sites
would have a greater market value than the best-timed Class 3 sites.
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The results presented in this section are based on analysis using the wind speed estimates
provided by TrueWind. As will be discussed in Section 4, these results differ in some cases from
what would be found using anemometer data for the same locations (or from actual wind power
production data). Overall, TrueWind and the anemometers are in good agreement on the
difference in the relative value of power between sites with winds well matched or poorly
matched to electricity demand, and they are in partial agreement about which locations have the
best and worst wind timing. However, the TrueWind data suggest that wind timing generally
decreases the value of wind power in California, while the anemometer data suggest that wind
timing has a more neutral effect on the value of wind power in California. This disagreement is
difficult to resolve, and may be based on inaccuracy in either or both data sources. It is possible
that wind timing at turbine hub height (where TrueWind’s estimates were made) is worse than
wind timing at lower elevations (where anemometer measurements were taken), due to variations
in wind shear during the day and year. If this is the case, then the TrueWind data may provide a
more accurate picture than the anemometers of the effects of wind timing on new commercial-
scale turbines. However, until more anemometer data (or actual production data) at high
elevations are available, we are unable to say conclusively which data source is more reliable.
The TrueWind and anemometer data are compared in more detail in Appendix A.

There are, however, some issues that we were not able to address within the scope of this report.
First, we treat all of California as a single market for electricity, and do the same for the
Northwest. This allows us to judge the value of power from all wind sites within each study area
by a common standard. However, it neglects constraints on the capacity of the transmission
system to deliver power from the best-timed locations to the major centers of demand. Second,
our chief measures for the value of wind power are the capacity factor during peak load hours,
and the time-varying wholesale price of electricity. This simplified approach forgoes a more
detailed analysis of the effect of wind timing and variability on the system integration costs and
capacity value of wind power.

3.2 Capacity-Based Measures of Wind Value

We used the potential capacity factor of a wind turbine at each cell on the TrueWind grid during
the top 10 percent of hours of peak electricity demand as a simplified measure of the contribution
that a wind turbine at that location could make to the reliable operation of the electricity system.
The difference between the peak-hours capacity factor and the annual average capacity factor at
each location provides an idea of how the temporal patterns of the wind affect the potential
capacity contribution of wind projects at each location.

3.2.1 Methods

3.2.1.1 Annual Average Capacity Factor

One of the most common measures of the electricity production from a wind turbine at any
location is the annual average capacity factor. We calculated the annual capacity factor for our
reference turbine at each grid cell based on the potential power output for every month and hour,
using the TrueWind data, as discussed in Section 2.6.
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Elliott et al. (1986) introduced the “wind power class” system, which is widely used to report the
overall wind resource potential at different locations. In this system, each location is assigned a
class from 1 to 7, based on the average power density of the wind at a 10 meter elevation above
the ground (Elliott et al. 1986, Guey-Lee 2001).

Unfortunately, the wind class for a location cannot be related directly to the power output from a
wind turbine at that location,'” making wind power classes somewhat problematic for comparing
the performance of wind turbines at different locations and times. To work around this difficulty,
while still maintaining the useful wind class system of categorization, we identified equivalent
wind classes for several ranges of capacity factors for the GE 1.5s wind turbine.

9Table 3 shows the annual capacity factors that the GE 1.5s turbine would achieve if mounted at
70m above ground, at a location with standard temperature and pressure (15°C, at sea-level),
with a wind speed that scales up from the 10-meter level according to a power law with 1/7 as
the wind shear exponent, and with the standard power losses that we assume for our analysis.
Wind sites with Class 4 or higher winds, corresponding to a capacity factor greater than about
0.316 for our reference turbine, are typically considered the most commercially viable (Elliott
and Schwartz 1993), but progress is being made toward profitable development of Class 3 wind
sites (corresponding to a capacity factor of 0.262—0.316 for our reference turbine)

Throughout this report, when we refer to the “equivalent wind class” for any location, we mean
the standard wind class shown in 9Table 3 that would yield the same capacity factor as the
particular wind regime found at that location.

' This is true for two key reasons: (1) the average wind power density at elevations more than 10 meters above the
ground may be different at two sites with the same average wind power density at a 10 meter elevation (i.e., they
may have different wind shears), and (2) the distribution of wind speeds may differ between locations with the same
average power density, so that the same model of turbine could produce different amounts of electrical power at two
wind sites with the same average wind power density.
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9Table 3. Capacity Factor of GE 1.5s Turbine in Various Wind Power Classes

(€] 2 3 4)

Wind Power | Wind Power | Average Average GE 1.5s
Class Density, Wind Speed, | Wind Speed, | Capacity

10m Elev. 10m Elev. 70m Elev. Factor

(W/m?) (m/s) (m/s)
Class 1 0-100 0.0-4.4 0.0-5.8 0.000-0.193
Class 2 100-150 4.4-5.0 5.8-6.7 0.193-0.262
Class 3 150-200 5.0-5.6 6.7-7.3 0.262-0.316
Class 4 200-250 5.6-6.0 7.3-7.9 0.316-0.359
Class 5 250-300 6.0-6.4 7.9-8.4 0.359-0.393
Class 6 300-400 6.4-7.0 8.4-9.2 0.393-0.446
Class 7 400-1000 7.0-9.5 9.2-12.5 0.446-0.564

Notes: Column (1) is the definition for each wind power class, given by Elliott
et al. (1986). Column (2) is derived from (1) using simple physics and
assuming standard temperature and pressure. Column (3) is derived from (2),
using a power law relation with wind shear exponent 1/7 ([70/10]*7=1.32).
Column (4) is based on (3), assuming a Rayleigh distribution of wind speeds,
standard temperature and pressure, and using the GE 1.5s power curve, with
12 percent losses.

3.2.1.2 Load-Weighted Capacity Factor

Power planners often need to estimate the contribution that a new generator can make to the
reliable supply of electricity on the grid. The most rigorous technique for doing this is to use a
formal adequacy analysis, in which the new generator is added to a simulated version of the
system’s existing portfolio of generators, and then the system’s time-varying load is increased
incrementally until the overall reliability of the power system is equal to what it was before the
generator was added. The additional year-round demand that can be safely added along with the
new generator determines the “estimated load carrying capacity” (ELCC) of the generator. This
is the most widely accepted way to estimate the capacity contribution from wind generators, but
it requires complete details about the system’s existing generator portfolio, as well as computing
resources that would make it prohibitive for estimating the capacity contribution from wind
power located at millions of different grid cells. (See, e.g., Kahn 1991, Kirby et al. 2003,
Milligan 2002).

The load-weighted capacity factor is a simplified measure of the capacity contribution of a wind
turbine. In many power systems, most of the risk of a power shortfall is concentrated during the
few hours with the greatest electricity demand. Milligan and Porter (2005) note that the capacity
factor of a wind plant during the top 10 percent of load hours can be within a few percentage
points of the ELCC for that plant, and remains about the same if a larger number of hours are
used. Kirby et al. (2003, pp. 25-26), drawing on the same research, also identify the capacity
factor during the top 10 percent of system load hours as a simplified proxy for the ELCC of a
plant. However, they note several concerns about this approach:

1) This method appears generally to underestimate the ELCC of a plant;

2) It is unclear whether one should choose the hours with the greatest system load, or the hours
with the greatest risk of shortfall (which may not be the same);
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3) Itis unclear how many hours should be used for this analysis; and
4) Intermittent plants may make a useful contribution to system reliability during other hours,
when the system is not near its peak load.

Though we acknowledge the imperfections in this approach, absent a reasonable alternative, we
calculated a load-weighted capacity factor for each location by estimating the capacity factor
during only the top 10 percent of month-hours of the electricity load series.'® Since there are 288
month-hours in the year, we estimated the capacity factor at each grid cell during the 29 month-
hours when electricity demand is highest. Table 4 shows when these 29 hours occur for the two
load series we use for our analysis, based on electricity demand in 2000-2004 (see Section
2.7.4). As shown, historically, California has been a summer-peaking area, whereas the
Northwest has been predominantly winter-peaking.

Table 4. Top Ten Percent of Month-Hours for Electricity Demand in California and the Northwest
(2000-2004)

California Northwest

Hour
(PDT/ |7 (8|9 |10
PST)

819]10|11/12/13/14/15/16|17|18|19|20

June

July

Aug.

Sep.

Oct.

Nov.

Dec.

Jan.

Feb.

3.2.1.3 Difference Between Annual Capacity Factor and Load-Weighted Capacity Factor

We next compared the load-weighted capacity factor and annual average capacity factor at each
grid cell, assuming that Northwest wind is sold into the Northwest and that California wind is
sold into California. This gives a sense of whether the capacity contribution from wind turbines
at each grid cell would exceed or fall short of their annual energy contribution. This, in turn,
reflects the effect of wind timing on the ability of each location to contribute to a reliable electric

supply.

The fractional difference (f) between the load-weighted capacity factor and the annual average
capacity factor is defined by the equation

'8 We used the top 10 percent of hours instead of some other number because this was compatible with the discus-

sion in Milligan and Porter (2005) and Kirby ez al. (2003). This also appears to be short enough to capture the truly
critical periods, while being long enough to smooth over idiosyncratic behavior that might appear during a smaller
number of hours.
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where CF)., 1s the annual average capacity factor and CF).. 1s the capacity factor during the
hours of greatest electricity demand. For example, a site with a load-weighted capacity factor of
0.25 and an annual average capacity factor of 0.30 would have a fractional difference of —16.7
percent, indicating that the site produced 16.7 percent less power during peak demand hours than
it did on average during the year.

We also estimated the fractional change in capacity factor when California loads are served by
Northwestern wind and vice-versa to test whether one state’s loads might best be served with in-
state or out-of-state wind resources

3.2.2 Results

3.2.2.1 Annual Average Capacity Factor

Table 5 shows the percentage of cells on the California and Northwest TrueWind grids with
capacity factors equivalent to the performance of our reference turbine in each of the standard
wind classes. This table is based on an estimate of potential wind power production at every
location in California or the Northwest, using the TrueWind data. The cells have not been
screened based on other factors that could affect project viability, such as physical accessibility
or proximity to transmission lines.

Table 5. Capacity Factor and Equivalent Wind Class for GE 1.5s Wind Turbine at Locations on the

TrueWind Grid

Capacity Equivalent Percent of Percent of
Factor wind Power | Grid Cells in | Grid Cells in

Class California the Northwest
0.000-0.193 | Class 1 83.6 mummmm | 54.1
0.193-0.262 | Class 2 90 m 20.3 m
0.262-0.316 | Class 3 3.4 152 m
0.316-0.359 | Class 4 1.7 7.2 m
0.359-0.393 | Class 5 1.1 1.9
0.393-0.446 | Class 6 1.2 0.9
0.446-0.564 | Class 7 0.0 0.3

Figures 7 and 8 show the distribution of these cells across California and the Northwest.'” In
these maps, orange or red cells indicate capacity factors below 0.316, while green indicates cells
with capacity factors greater than 0.316. These maps are similar to maps of wind power density
created directly from the TrueWind data, but they show the average performance of our specific
reference turbine, rather than the average power available in the wind.

' These maps have a relatively low resolution (about ten times coarser than the TrueWind data), and good wind
areas are often much narrower than the pixels used here. To highlight the windiest regions, each pixel in these maps
shows information for the windiest TrueWind cell in the corresponding region, rather than the average of the 100 or
so TrueWind cells in that area.
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Figure 7. Annual Average Capacity Factor for Grid Cells in California
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Figure 8. Annual Average Capacity Factor for Grid Cells in the Northwest

From Figure 7, we can see that areas with Class 4 or better capacity factors in California are
highly concentrated in certain coastal regions, along the Sierra Nevada mountain range, and in
the southeastern part of the state. In the Northwest (Figure 8), good wind resources are found in a
greater percentage of the grid cells than in California, and are also more widely dispersed. The
windiest areas are found along mountain ranges and the coast, and in the hilly areas of eastern
Montana and Wyoming.

3.2.2.2 Effect of Wind Timing on Load-Weighted Capacity Factor

Figure 9 and Table 6 show the fractional difference between the load-weighted capacity factor
and the annual average capacity factor at grid cells in California and the Northwest, using the
TrueWind data. The results are shown separately for three sets of cells:

1) all grid cells in California or the Northwest (“All Classes”);

2) only those grid cells with annual average capacity factors greater than 0.316, equivalent to a
Class 4 or better wind site (“Class 4+7); and
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3) Class 4+ cells within 20 km of the anemometer sites, which we used as markers for some of
the major potential wind resource areas in each region (“Near Anem.”).

According to the TrueWind data, there is a wide range of impacts in California: during the top 10
percent of peak demand hours, the middle 80 percent of Class 4+ grid cells produce between 30
percent below and 7 percent above their annual average power output. In the Northwest, output
from the Class 4+ grid cells during peak load hours is in a more positive and slightly narrower
range; the middle 80 percent of these cells produce between 6 percent and 34 percent above their
annual average output during peak hours. In both California and the Northwest, the peak-hour
output at Class 4+ grid cells near some of the known resource areas was more variable than at the
Class 4+ cells throughout the entire region, indicating that disproportionately many of the best-
and worst-timed TrueWind grid cells are near the known resource areas. Overall, about 93
percent of all California grid cells had load-weighted capacity factors worse than their annual
average, while only 9 percent of Northwestern cells had load-weighted capacity factors worse
than their annual average.

Both Northwestern wind and electricity loads generally peak in the winter, while California wind
and loads peak in the summer. However, the match between the wind and electricity demand
appears to be better in the Northwest, based on the TrueWind data. According to the TrueWind
model, California wind speeds rise too late on summer days to create a close match between
wind production and summer-afternoon peak load. However, as will be discussed in Section 4,
the available anemometer data disagree with the TrueWind model on the effects of wind timing
in California, and suggest that California wind is better matched to California loads than
Northwest wind is to Northwest loads. As already noted, it is not clear which data source is more
correct.

California, Historical Loads Northwest, Historical Loads
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= o /\
8 N A —/\/; 8
5 ear Ahem. « Near Anem.
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g  Class 4+ = Class 4+
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Figure 9. Effect of Wind Timing on Load-Weighted Capacity Factor
for Grid Cells in California and the Northwest
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Table 6. Effect of Wind Timing on Load-Weighted Capacity Factor
in California and the Northwest

Percentage Difference Between Load-Weighted and Annual Capacity Factor
California Northwest
All Grid Class 4+ Class 4+ All Grid Class 4+ Class 4+
Cells Grid Cells | Grid Cells | Cells Grid Cells | Grid Cells
Near Ane- Near Ane-
mometers mometers
10th Percentile —-81.6% -30.2% -55.7% +0.7% +6.0% +7.1%
Median —55.2% -14.8% -12.9% +27.5% +19.7% +28.4%
90th Percentile -9.1% +7.0% +0.4% +79.2% +34.3% +41.4%

Figure 10 shows the effect of wind timing on the load-weighted capacity factor for cells in each
of the seven wind classes. Generally, the peak-hours performance varies more widely from the
annual average performance among sites with lower annual wind speeds, and more narrowly at
sites with higher wind speeds. This figure also shows that the match between TrueWind wind
speeds and historical loads in California is worse than in the Northwest for all wind classes,
although timing seems to have a more positive impact in California at windier sites.

California, Historical Loads
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Figure 10. Effect of Wind Timing on Load-Weighted Capacity Factor for Grid Cells in Each Wind Class
in California and the Northwest
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Figure 11 illustrates the geographic distribution of the effect of wind timing in California. Figure
11a shows the effect of wind timing on the load-weighted capacity factor at all grid cells in the
state, while Figure 11b shows only those cells with average capacity factors greater than 0.316
(Class 4+). As might be expected from the previous discussion, capacity factors during peak
hours are worse than the annual average in most areas of the state. However, grid cells along the
Pacific coast and in parts of the Sierra mountains are found to perform about the same during
peak demand hours as they do at other times of year, and small areas in the northwest corner of
the state and in Inyo County (east-central California) have peak-hour capacity factors
significantly greater than their annual average capacity factors.

( (b)
| Effect of Wind Timing with

Historical California Loads

a)
|

—50% 0% +50%

Figure 11. Fractional Difference Between Annual Average Capacity Factor and Load Weighted Capacity
Factor at All Grid Cells (a) and Class 4+ Cells (b) in California

California’s major wind passes have summer-peaking winds, so it may be surprising that the
timing of wind — according to TrueWind estimates — is found to reduce project capacity factors
during peak hours in these locations. As we show later, there are significant differences between
the TrueWind estimates of temporal wind profiles in California’s major wind passes and our
anemometer-based wind speed measurements, with the anemometer-based measurements
suggesting a more positive temporal profile. These differences are explored in Section 5.

Figure 12 shows the effect of wind timing on the load-weighted capacity factor at grid cells in
the Northwest, based on the TrueWind data. Most Northwestern grid cells do as well or better
during peak load hours as they do on average during the year. This is probably due to the fact
that winds in the Northwest come predominantly during the winter, which is when loads have
also historically peaked. Wind sites along the Pacific coast, the western slope of the Cascade
Range, near the Idaho/Montana border, in western Montana and in central Wyoming are
particularly well matched to historical peak loads. Only a few good sites in central Washington
and near the Oregon/Idaho border have peak-hour capacity factors worse than their annual
averages.
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Figure 12. Fractional Difference Between Annual Average Capacity Factor and Load Weighted Capacity
Factor at All Grid Cells (a) and Class 4+ Cells (b) in the Northwest

3.2.2.3 Value of Northwest Wind Power in California, and Vice-Versa

We also investigated the possibility that wind power in the Northwest might be better matched to
California’s electricity load than California wind power is, or that California wind power might
be more useful in the Northwest than in California. We did this by recalculating the effect of
wind timing on the load-weighted capacity factor, assuming Northwest wind power was used in
California, and California wind power was used in the Northwest. The results of this analysis are
shown in columns 2 and 4 of Table 7, along with the results presented earlier for wind power that
does not cross regional borders (columns 1 and 3).

Table 7. Effect of Wind Timing on Load-Weighted Capacity Factor in California and the Northwest,
Using Peak Hours from the Opposite Region

Percentage Difference Between Load-Weighted and
Annual Capacity Factor, Class 4+ Cells
Wind Power Flow California Northwest California Northwest
N2 N2 N2 N2

California California Northwest Northwest
10th Percentile -30.2% -49.0% -14.5% +6.0%
Median -14.8% -32.8% -3.2% +19.7%
90th Percentile +7.0% -13.9% +10.2% +34.3%

Comparing the four columns of Table 7, we find that the load-weighted capacity factors are more
dependent on the electricity load series than on the wind resource being considered. Both
California and Northwestern wind appear better matched to Northwestern loads than to
California loads. However, this difference is much more pronounced for Northwestern wind than
for California wind. As a result, the Northwest’s winter-peaking loads are best matched by
Northwestern wind power, while California’s summer-peaking loads are best matched by
California wind power.
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3.2.2.4 Effects of Wind Timing Near Known Resource Areas

The results reported earlier in this section are primarily based on an analysis of all cells on the
California or Northwestern TrueWind grid, or all cells with annual average wind power
equivalent to Class 4 or higher. However, many areas included in such a broad analysis are
unlikely to be developed, particularly those in environmentally sensitive areas or remote areas
with inaccessible terrain. For example, many of the Class 4+ cells in California are along ridge
tops in the Sierra Mountains, which are not commercially viable sites despite their high average
wind speeds. In this section, we limit our analysis to areas of the TrueWind grid that are within
20 km of existing anemometer sites, as discussed in Section 2.4 and shown in Figures 1 and 2.
This allows us to assess the effects of wind timing in the areas that are likely most promising for
wind power development. We should note, however, that the areas that could be subject to wind
development may in some cases be only a small subset of the cells in each of these resource
areas; they may also consist of narrow corridors or passes that are too small even to be clearly
resolved by the TrueWind model.

Figure 13 shows the range of effects that wind timing has on the load-weighted capacity factor
when using historical California loads, at Class 4+ cells in each of the major wind resource areas
that we identified. The plot shows the median effect and the range between the 10th and 90th
percentiles of cells in each resource area. Given the limited geographic extent of these areas,
timing has a surprisingly wide range of effects within each area, often coming close to the range
of effects found in the whole state or multi-state region. According to the TrueWind data, wind
speeds at most known resource areas have a somewhat negative match to historical California
loads. Within each region, some resource areas appear better matched to California loads than
others. For example, wind in the northern California areas and around San Gorgonio appears
better matched to California demands than wind in the other southern California areas. Wind
from the Columbia Hills area in Washington and the Cape Blanco area in Oregon also appears
well matched to historical California loads.
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Effect of Timing, Historical California Loads
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Figure 13. Effect of Wind Timing on Load-Weighted Capacity Factor at Class 4+ Grid Cells Near
Individual Wind Resource Areas, Using Historical California Loads (Median and 10"-90™ Percentile
Range)

Figure 14 shows the effect of wind timing on the load-weighted capacity factor at Class 4+ grid
cells near each of the anemometer sites, when using historical Northwestern loads. As with
California loads, the range of effects is quite wide, even within limited geographical areas.
Northwestern demand appears to be best served by wind power from the Bear River Ridge area
in Washington, Browning Depot and Livingston in Montana, and the Medicine Bow area in
Wyoming. Wind near the southern California anemometers also seems to be relatively well
matched to Northwestern demand, at least compared to Altamont, Solano, and Romero
Overlook.

Comparing Figure 14 to Figure 13 we see that wind power from the Columbia Hills (WA),
Altamont Pass (CA) and Romero Overlook (CA) areas may be better matched to historical
California loads than to historical Northwestern loads. Winds in southern California and most
other areas of the Northwest appear to match the Northwest’s historical loads better than
California’s.
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Effect of Timing, Historical Northwest Loads
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Figure 14. Effect of Wind Timing on Load-Weighted Capacity Factor at Class 4+ Grid Cells Near
Individual Wind Resource Areas, Using Historical Northwestern Loads (Median and 10™"-90" Percentile
Range)

3.3 Price-Based Measures of Wind Value

Another useful metric of the value of different wind sites relates to the correlation of wind output
with historical or expected wholesale market prices. This section addresses those correlations. As
in the previous section, we first discuss the methods used to assess the wholesale market value of
wind production at different sites, and then report results.

3.3.1 Methods

To evaluate the comparative impact of wind timing on the wholesale market value of wind
power production at each cell on the TrueWind grid, we compared the wholesale value of wind
under two scenarios: one in which wind production does not vary with time and is a price-taker
on the wholesale market, and another where wind production does vary with time and wind
remains a price taker. In reality, wind farms are unlikely to be “price takers” in wholesale
markets, because developers typically arrange long-term power sales agreements. However, this
method gives a simple estimate of how valuable power from each location will be for the system
as a whole, relative to a flat block of power. To the extent that long-term and short-term markets

39



Analyzing the Effects of Temporal Wind Patterns on the Value of Wind-Generated Electricity
Section 3: Effects of Wind Timing on the Value of Wind Power, using TrueWind Data

tend to balance, these estimates may also give some information about the real revenues
available to wind farm developers at each location.

3.3.1.1 Annual Market Value with Unvarying Power Output

We first estimated the total market value of the power that could be produced at each grid cell if
the timing of the power output from the wind turbines were uncorrelated with wholesale market
prices. This is the value that would be achieved by a turbine with unvarying year-round power
output, or power output that varies independently of market prices. Such a turbine would
effectively have a market value equal to the annual average market price multiplied by its total
power output for the year. These average annual prices — the sources of which were discussed in
Section 2 — are shown in Table 8.

Table 8. Historical and Forecast Annual Average Power Prices for California and the Northwest

California Northwest
Historical Average $26.6/MWh $35.3/MWh
Price (nominal)

Forecast Average $41.6/MWh $52.2/MWh
Price (nominal)

3.3.1.2 Annual Market Value with Time-Varying Power and Price

We next estimated the annual market value for each TrueWind grid cell when the temporal
variation of wind power output and wholesale market prices are both considered. We performed
this analysis for all cells on the TrueWind grid, with both historical market prices and prices
forecast for 2006 onward.

Total market value was calculated by multiplying the power production estimate for each month-
hour at each location by the average wholesale electricity price for the same month-hour, then by
the number of days in that month, and then summing over the year.

We also calculated the average wholesale price for all power produced at each site. This is
simply the total annual market value divided by the annual power output.

Sites with particularly good wind timing will have market values above those expected for an
equally good site with invariant wind speeds, so they will realize average prices above the
market-wide average prices shown in Table 8. Those with worse timing will have lower market
values, leading to average prices that are below the system average.

3.3.1.3 Difference Between Time-Variant and Time-Invariant Market Value

To quantify the effect of wind timing on the market value of power from each location, we
calculated the fractional difference between the annual value with time-varying power
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production and the annual value with invariant or otherwise uncorrelated power production.
The fractional difference (f) in market value at each site is defined by the equation

Vinv vinv

where v, is the market value with invariant power output and v,,, is the value with time-varying
output and prices. This fractional difference also shows the fractional change in realized
wholesale prices at each site. That is, the average power price at each site will deviate from the
annual average price for the whole power system by the same fraction as the time-varying
market value at each site differs from the time-invariant value.”!

3.3.2 Results

3.3.2.1 Effect of Wind Timing on Wholesale Market Value

Figures 15 and 16 show the range of effects of wind timing on the wholesale value of power, for
TrueWind grid cells in California and the Northwest, based on historical and forecast prices.
Table 9 shows the same information in tabular form, for Class 4 and better grid cells. The timing
of wind reduces wholesale values by about zero to 6 percent at wind sites in California, using
historical prices, or zero to 4 percent according to forecast prices. Market values at sites in the
Northwest appear to be unaffected or improved by up to about 3 percent by the correspondence
of wind timing with historical power prices. When Northwest wholesale prices forecast for
2006-25 are used instead, temporal wind patterns reduce market values by about 1 percent at the
worst-timed Northwest sites, and increase market values by about 2 percent at the best-timed
sites. Using either historical or forecast prices, the timing of wind at Class 4+ sites within 20 km
of existing anemometers appears to be slightly worse than generally found for Class 4+ sites
throughout California, and slightly better than the general range for Class 4+ sites in the
Northwest.

% We neglect the fact that power output that is invariant during the year could contribute more to system reliability
than power output that varies independently of power prices. This an