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ABSTRACT: As reliance on wind and solar power for electricity
generation increases, so does the importance of understanding how
variability in these resources affects the feasible, cost-effective ways
of supplying energy services. We use hourly weather data over
multiple decades and historical electricity demand data to analyze
the gaps between wind and solar supply and electricity demand for
California (CA) and the Western Interconnect (WECC). We
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quantify the occurrence of resource droughts when the daily power from each resource was less than half of the 39-year daily mean
for that day of the year. Averaged over 39 years, CA experienced 6.6 days of solar and 48 days of wind drought per year, compared to
0.41 and 19 for WECC. Using a macro-scale electricity model, we evaluate the potential for both long-term storage and more
geographically diverse generation resources to minimize system costs. For wind-solar-battery electricity systems, meeting California
demand with WECC generation resources reduces the cost by 9% compared to constraining resources entirely to California. Adding
long-duration storage lowers system costs by 21% when treating California as an island. This data-driven analysis quantifies rare
weather-related events and provides an understanding that can be used to inform stakeholders in future electricity systems.

KEYWORDS: California electricity system, variable renewable energy, zero-carbon electricity, macro-energy model, wind energy,

solar energy, interannual variability

B INTRODUCTION

Numerous recently enacted U.S. state laws or regulations
stipulate extensive utilization of wind and solar renewable
energies before midcentury to facilitate deep decarbonization
of electricity systems.'”'> The inherent variability of these
energy resources due to geophysical processes may require
extensive curtailment of variable renewable generation if least-
cost systems are to comply with resource adequacy planning
standards. Analysis of the geophysical variability of wind and
solar energy resources over multidecadal time scales for the
contiguous United States (CONUS) indicates substantial
mismatches between resource supply and electricity demand."*
The duration and frequency of these gaps increases with
decreases in the %eographical area over which energy resources
are aggregated.”” Moreover, data over multiple decades is
required to rigorously assess resource adequacy for electricity
generation based primarily on variable renewable resour-
4718 Collins et al. used 30 years of hourly wind and solar
data to evaluate a European power system and concluded that
studies based on a single or few years of data could not
sufficiently capture the impacts of variability on variable
renewable electricity (VRE) systems.'® Using 30-years of daily
data Raynaud et al. showed that wind, solar, and run-of-the
river hydroelectric generation technologies all exhibit different
drought behavior over this time-scale.”> Recent use of
reanalysis data sets to evaluate wind power in Germany,'®
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Great Britain,"” and regions across Europe18 shows the
necessity of using multidecadal data to capture the occurrences
of rare but important extreme wind events. Clearly, under-
standing weather-related resource variability over multidecadal
time scales is necessary to ensure reliability in wind- and solar-
based electricity systems.

Within the United States, California is a leader in the
development of such renewable electricity systems. California
Senate Bill 100 (SB100) mandates™® that 100% of retail in-
state electricity sales must derive from eligible renewable or
zero carbon resources by 2045. By 2030, 60% of electricity
must come from specified renewable electricity sources,
limiting the maximum firm generator dispatch, such as large
hydropower or natural gas with carbon capture and
sequestration (CCS), for future electricity systems. In 2018,
the California Energy Commission estimated that 34% of
California’s retail electricity sales were provided by eligible
renewable resources including wind, solar, biomass, geo-
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thermal, and small hydroelectric power.>! Of these resources,
wind and solar generation accounted for the largest portion of
renewable electricity, groviding about 70% of total renewable
electricity generation.”' California and the Western Inter-
connect (WECC) therefore provide important regional
examples to analyze the relative impacts of imposing
geographic restrictions on wind and solar electricity generation
for a reliable decarbonized electricity system.

Long-term energy storage, supplemental generation, demand
management, and transmission expansion are all potential
options to provide reliability in 100% renewable electricity
systems.'¥**~*° Low-carbon, firm generation technologies such
as large-scale hydroelectricity, nuclear power, geothermal,
biofuels, and natural gas with CCS could reduce both the
costs of variable renewable electricity systems and the relative
benefits of transmission expansion across larger geographic
areas. However, such technologies are limited by legislation,
constrained geographically and/or face major barriers to scale
up.%?»?*2%>” 1t remains to be seen to what extent wind and
solar generation in California and WECC will face similar
barriers. We have framed this study based on an idealized
electricity system that relies solely on wind and solar
generation, thereby identifying an upper-bound for the
influence of weather variability on system cost. Future work
could include hydropower, which is influenced by altogether
different weather variability on both seasonal and interannual
time scales.

In systems dominated by wind and solar generation, accurate
estimates of wind and solar generation capacities that ensure
resource adequacy require decades of weather data.'*'? In
these systems, power systems operators will need to
compensate for variations in these resources over both seasonal
and interannual time scales and plan for extreme events
wherein power generation from wind and/or solar is far lower
than expected. Some studies have considered the variability of
wind and solar resources over longer time-scales by analyzing
fluctuations in wind speeds and solar irradiance.”*™*" Other
studies use decades of historical weather data from reanalysis
data sets to calculate the power output from wind and solar
generators and consequently assess their variability.'>**** The
effects of this inherent resource variability on the interannual
variability of metrics like generation costs and CO, output in
power systems that rely heavily on wind and solar generation
has also been examined.'® Although more studies are focusing
on the variability of wind and solar generation resources over
long time-scales, little quantitative analysis exists regarding the
frequency and duration of low-power events when the wind
and/or solar generation potential falls well below the expected
value. Matsuo et al. used 28 years of hourly meteorological
data and showed that the balance between energy supply and
electricity demand during these low-power events determined
the required installed energy storage capacities for a zero-
emission power system in Japan.34 For the wind resource,
Ohlendorf et al. quantified the occurrence of low power events
in Germany using 40 years of reanalysis data and found that
short low wind-power events of about five consecutive days
occur yearly, whereas longer events lasting nearly eight
consecutive days occur only every ten years.'® For Great
Britain, Cannon et al. evaluated extreme wind power events
over 33 years and determined that these high and low power
wind events can be approximated using a Poisson-like random
process.'” Weber et al. evaluated the statistics of these extreme
wind power events in Europe and found that their distributions

have heavy tails due to the multiple weather types and
circulation patterns that cause the events to occur."® Raynaud
et al. expanded this type of analysis to include wind, solar, and
run-of-the-river hydroelectric generation for 12 regions in
Europe and found that the characteristics of these drought
events differ greatly between generation sources. Specifically,
the wind resource is characterized by short and frequent power
droughts; hydroelectricity generation is characterized by rare
and long drought events; and solar drought events differ
greatly depending on the region examined."

For regions in the United States, various studies have
analyzed the interannual variability of wind speeds,***' solar
ilrradiation,28 and power generation of wind and/or solar
resources.'>*>? Li et al. used 30 years of reanalysis data to
evaluate wind speeds in the Great Lakes region of the United
States and observed that, for this region, interannual variability
is seasonally dependent, with winter months exhibiting more
variability than summer.>® Brower et al. showed the
interannual variability of wind speeds based on 25 years of
global reanalysis data for a variety of regions including the
United States. They observed that the interannual variability of
the wind resource varies greatly depending on the region
examined and that, for the western United States, the
interannual variation of mean wind speeds is generally around
5—6%.>" For the solar resource, Gueymard et al. used data
from the National Solar Radiation Database from 1998 to 2005
to evaluate the spatial and temporal variability of solar
irradiation across the United States.”® Studies that explore
the fluctuations in power generation due to the inherent
variability of the wind and solar resources generally show
variations over long time-scales that decrease when resources
are aggregated over larger areas. Over the entire contiguous
United States, Shaner et al. used 36 years of hourly weather
data to quantify the covariability of wind and solar resources."’
At smaller regional scales, Rose et al. used 32 years of
reanalysis data to examine wind power at sites across the Great
Plains region in the United States.”> Kumler et al. used Texas
as a regional example to demonstrate the interannual variability
of both wind and solar electricity generation.*> However, none
of these studies evaluate both wind and solar generation in
California. Furthermore, within the United States, quantifica-
tion of the occurrence of resource droughts is limited.
Handschy et al. evaluated nine sites across the United States
using simulated wind power and demonstrated that the
probability of having a low-power wind event shrinks
exponentially with the number of aggregated sites.”® In
contrast, we identify herein the frequency and duration of
resource droughts for wind and solar generators in both
California and the Western Interconnect using 39 years of
historical weather data. Through quantifying these resource
drought events over the period from 1980 to 2018, we directly
identify rare but extreme weather-related events and provide an
understanding that can be used to inform asset deployment in
a region with ambitious climate legislation requiring 100% of
electricity generation from zero carbon resources by 2045.°

With a quantitative understanding of the variability and
availability of wind and solar generation over a multidecadal
time scale, we then explore pathways to address this issue in a
100% reliable wind- and solar-based electricity system. Many
analyses that explore potential end-states or transition
pathways to wind- and solar-based electricity systems utilize
specified or constrained capacities and dispatch schedules,
idealized demand curves, and/or theoretical or few years of
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Table 1. Cost and Technological Assumptions®

Wind Solar PGP storage

To and from

To PGP From PGP“ Battery storage battery

Assumptions from U.S. Energy Information Administration*’ except when otherwise noted

Technology Wind turbines, ~Solar PV, single-  Underground
description onshore axis tracking salt cavern”
Technology type Generation Generation Storage (of H,)

Capacity (fixed) Power capacity Power capacity

Energy capacity

cost type ($/kW) ($/kW) ($/kWh
Capacity (fixed) 1657 2105 0.16",°
cost
Project life (yrs) 30 30 30"
Discount Rate 0.07 0.07 0.07
Capital recovery 8.06 8.06 8.06
factor(%/yr)
Fixed O&M cost 47.47 22.02 0
(8/yr) )
Round-trip 499%¢, 144
efficiency
Self-discharge rate 0.01% per year™’
Annualized capital costs paid hourly
Fixed cost 0.021 $/kW/h  0.022 $/kW/h 1.47 X 107%$/
kWh/h

Variable cost 0.000 $/kW/h  0.000 $/kW/h 0.000 $/kWh/h

PEM electrolysis, plus
compression”
Conversion (produce
2
Power capacity

Molten carbonate
fuel cell, CHP

Conversion
(consume H,)

Li-ion battery Li-ion battery

Storage Conversion

Power capacity Energy capacity

Power capacity

($/kw) ($/kW) ($/kWh ($/kwW)
1058* 5854% 261%° 1568
12.544,47 2045 1048
0.07 0.07 0.07
12.26 9.44 14.24
0 0 0

90%*

0.0148 $/kW/h

0.000 $/kW/h

(6 h charging

1% per month
time)

0.063 $/kW/h 0.004 $/kWh/h

0.000 $/kW/h 0.000 $/kWh/h

“For more detail on underground H, storage costs, and fixed costs and lifetimes of polymer electrolyte membrane (PEM) electrolyzers and
compressors, see Dowling et al.* PThis cost is equivalent to $6.3/kg H,. The higher heating value (HHV) is 39.4 kWh/kg H,. “PEM electrolyzers
and molten carbonate fuel cells with combined heat and power (CHP) are both modeled as 70% efficient. 9Here, PGP refers to Power-to-Gas-to-
Power, comprising a long-term energy storage technology. “Costs and technological assumptions for wind, solar, power-to-gas-to-power, and
batteries used for the base case simulation. See model formulation in Section S1 for more detail.

historical wind and solar resource data. Williams et al.
investigated the infrastructure and technology pathways to
achieve deep greenhouse gas emissions cuts in California by
2050 and demonstrated the importance of the electricity sector
in achieving these goals.*® Similarly, an intermodel comparison
of nine energy models that examined greenhouse gas emissions
for California demonstrated increases in total power generation
as well as increases in the fraction of total generation provided
by variable renewable generation for all deep greenhouse gas
reduction scenarios.”” The majority of the new generation
infrastructure in these scenarios came from wind and solar
generation.”” Using one year of weather data, Colbertado et al.
demonstrated the importance of hydrogen storage in achieving
100% renewable electricity for the state of California.”® Ziegler
et al. used 20 years of wind and solar data to determine target
energy storage costs to meet various output profiles for
Arizona, Jowa, Massachusetts, and Texas.”*

The current North American Electric Reliability Corpo-
ration (NERC) resource adequacy planning criterion stipulates
that there shall be no more than 1 h in a decade when hourly
averaged demand is not met due to constraints associated with
resource availability, i.e., >99.998% of hourly demand must be
met over multidecadal time periods."**” Here, we use hourly
weather data in conjunction with historical electricity demand
data retrieved from the U.S. Energy Information Admin-
istration (EIA) demand database and cleaned to replace
extreme outlier values with plausible imputed values.* The
first section of the analysis examines the variability and
availability of wind and solar resources using these data. We
quantify the occurrence of resource droughts when the daily
power derived from both wind and solar resources was less
than half of the 39-year daily mean for that day of the year for
each resource. We then specify electricity systems with

different wind/solar mixes where the electricity generation
over the period from 1980 to 2018 is equal to that of the
electricity demand. Using these specified capacities of wind
and solar and the hourly capacity factors derived from the
MERRA-2 reanalysis weather dataset we then determined the
frequency and duration of the gaps between wind and solar
supply and electricity demand for California and WECC. Due
to limited historical data availability, the demand profiles do
not always correspond to the same meteorological weather
year as modeled solar and wind generation (see Methods for
more details).

In the second section of the analysis, we used a macro-scale
electricity model*" to evaluate the potential for both long-term
storage (here, power-to-gas-to-power) and expansion of
resource aggregation area to minimize overall system costs
for 100% reliable systems powered by 100% variable renewable
electricity generation. Estimated current asset costs (Table 1)
were used throughout to compare on a consistent basis the
relative impacts of geographic constraints and geophysical
resource variability on system costs. The least-cost solutions
represent idealized systems with installed capacities and
dispatch schedules that assume perfect foresight of both
weather and electricity demand. We assumed lossless trans-
mission across the various regions of interest to readily extract
the key dynamical relationships between the various
parameters of interest. Low-dimensional models with few
state variables are unlikely to accurately project how a real
system would evolve dynamically as it is deployed amidst
uncertain costs subject to changing policy, electricity demand,
and market forces. Our examination of idealized cases is
intended to guide those working with more detailed and
comprehensive models toward interesting areas of parameter
space to explore.

https://doi.org/10.1021/acs.est.0c07848
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B METHODS

Resource, Data, and Code Availability. Direct all
requests for further information, resources, and materials to
Katherine Z. Rinaldi, kat@caltech.edu. In the interest of
transparency, the model code, input data, and analytical results
from the macro energy model (MEM) are publicly available on
GitHub at https://github.com/carnegie/SEM_ public/tree/
Rinaldi_et_al 2021.

Calculating Wind and Solar Capacity Factors. This
study utilizes hourly wind and solar capacity factors estimated
using the Modern-Era Retrospective analysis for Research and
Application, Version-2 (MERRA-2) reanalysis satellite weather
data (horizontal resolution = 0.5° by latitude and 0.625° by
longitude).51

To calculate solar capacity factors, we determine the solar
zenith angle and incidence angle based on the location and
local hour>>** and then estimate the in-panel radiation.”* We
use an empirical piecewise model that takes into account both
ratios of surface to top-of-atmosphere solar radiation (the
clearness index) and the local time to separate the direct and
diffuse solar components.”> We assume a horizontal single-axis
tracking system, with a tilt of 0° and a maximum tuning angle
of 45°. The use of a tracking system minimizes variability, as
compared to flat plate solar panels, and moreover improves
solar availability. Our use of single-axis trackers primarily
excludes rooftop solar installations from this study but
produces less variability and increased potential for solar
electricity generation. We use a performance model, which
considers both the surrounding temperature and the effect of
irradiance, to calculate the power output from a given
panel.>%’

To calculate wind capacity factors, we interpolate the raw
wind speed data to 100 m (to match the assumed 100 m hub
heights) by assuming a power law, based on wind speed at 10
and 50 m. We employ a piecewise function which consists of
four parts: (1) for a cut-in speed (u) less than 3 m s™' the
capacity factor is zero, (2) between a cut-in speed of 3 m s~
and rated speed (u,) of 12 m s™* the capacity factor is u;*/u,>,
(3) between a rated speed of 12 m s~ and cut-out speed (u,,)
of 25 m s™! the capacity factor is set to 1, and (4) above a cut-
out speed of 25 m s~! the capacity factor is zero.'>**

The solar and wind capacity factors are estimated with the
same resolution as MERRA-2 for each grid cell in CONUS,
WECC including CA, WECC excluding CA, and CA. See
Figure S14 for more information on the shapefiles used to
define these geographical regions. We then selected grid cells
over land where the annual mean capacity factor is larger than
a threshold value of 26% for both solar and wind. The resulting
average capacity factors over the 39-year period were similar to
those reported for utility scale generation of wind and solar in
the U.S.>’ This threshold includes 90 and 5 of the total
possible grid cells for solar and wind, respectively for CA, 557
and 380 for WECC, and 467 and 375 for the portion of
WECC excluding CA.

EIA Demand Imputation. In July 2015, the EIA began
collecting hourly electricity demand information across
CONUS via the EIA-930, where values are calculated by
each reporting balancing authority (BA) individually.*>®" An
application programming interface was used to query the
original EIA data from their open data database on September
10, 2019. These data offer the most temporal granularity in
publicly available demand data for the contiguous U.S. but

nevertheless contain substantial quantities of missing and
outlier values. These missing and outlier values were replaced
with plausible values by developing a data cleaning method
that flagged the most extreme outliers and then used a multiple
imputation by chained equations (MICE) technique to impute
the missing values.*” The cleaned data are publicly available.®>
For all scenarios in this paper, we use data from a single
demand year (2018) looped over the 39-year period, such that
interannual variations are solely due to weather-related events,
as opposed to changes in electricity demand from year to year.
For leap years, we repeat the demand data from February 28
for February 29.

Resource Adequacy Analysis. We calculate the percent
of demand met for each day in the 39-year period from 1980 to
2018 as a function of resource mix (Figure 3, Figure S4). For
each geographical region, we calculate the installed solar and
wind capacities using the specified resource mix, the hourly
resource data, and the generation value. For the resource mix,
if X% of electricity generated is from solar, the remaining
electricity generation ((100-X)%) is from wind. We build the
electricity system such that the electricity produced by solar
and wind over the 39-year period is equal to the total
electricity demand over the same period. We then use the
hourly resource data derived from MERRA-2 to determine the
power generated for each hour. We loop a single year of
demand data (2018) over the entire 39-year period such that
the demand is consistent and we are only observing
interannual variations due to weather-related events. We then
calculate percent demand met by dividing the power generated
from the built system by the electricity demand for each hour
from 1980 to 2018. We assume no operational outages or
system energy losses, so for our purposes, “reliability”
represents any instance in which demand is not met solely
due to a lack of dispatched supply from generation assets.

Cost and Technological Assumptions. The costs for all
technologies including power- and energy-capacity costs for
storage technologies (power-to-gas-to-power (PGP) and
batteries) and discounted fixed costs are presented in Table
1. We assumed zero variable costs for all technologies. As
noted in the table, wind and solar costs are taken from the U.S.
EIA’s 2018 Annual Energy Outlook.*” Although these capital
costs are lower in the more recent 2020 Annual Energy
Outlook and other references,®>~®° we utilized the 2018 values
so that our cost assumptions matched our previous analyses for
CONUS, to facilitate comparison between results for different
geographical regions.” This baseline year cost assumption
should not substantially change the conclusions reached in this
study regarding relative costs of various cases of interest, but
may lead to slightly overestimated absolute system costs.

For PGP, we used the fixed costs, lifetimes, and efficiencies
from the H2A model data compiled by the National
Renewable Energy Laboratory (NREL).*~**" For batteries,
we estimated values from Lazard, a financial advisory and asset
management firm, which bases the cost, energy capacity, and
lifetime on usable energy capacity, as opposed to nameplate
capacity.*® Battery storage characteristics fall within the ranges
provided by Lazard and were taken from Davis et al. and
Pellow et al.***’ To account for the assumed 100% operational
uptimes for storage technologies (batteries and PGP)
employed here, results should be scaled proportionately in
either the cost or the installed asset capacity to include a buffer
against scheduled outages. For additional information on costs,
see Section 3 of the Supporting Information.

https://doi.org/10.1021/acs.est.0c07848
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Figure 1. Temporal variability of wind (blue) and solar (yellow) resource supply over both California and the Western Interconnect during the 39-
year period from 1980 to 2018. Seasonal variability of a single year (2018) of electricity demand (black). The dark line shows the median value
while the darker and lighter shadings show the 25th to 75th and Oth to 100th percentiles of data, respectively. All data are normalized to their
respective mean over the time period. This figure is adapted from Shaner et al.'

Macro Energy Model. The model used in this study
utilizes a linear optimization to minimize system cost. We
input cleaned hourly demand data from the EIA, wind and
solar capacity factors derived from MERRA-2, and current
representative EIA costs for solar, wind, and storage
technologies (Table 1). The model then minimizes overall
system cost and solves for installed capacity and hourly use of
each technology while meeting 100% of electricity demand.
For the scenarios explored in Figure 4, we use the 2018 values
for wind and solar capacity factors and electricity demand data
to optimize over the year. We also analyze simulations over 1-,
2-, 3-, 4-, 5-, and 6-year weather periods over the 39-year
period while keeping the demand year constant (2018) to
observe the effects of long-term planning on results (Figure S6,
Figure S7, Table S8, Table S9, Table S10, Table S11). Analysis
of longer time periods was computationally intractable. For
more details on the objective function and model constraints,
see the Supporting Information, Section 1.

B RESULTS

Quantification of the Variability of Wind and Solar
Resources in CONUS, WECC, and California. Figure 1
shows the hourly averaged variability of wind and solar
resources over California as well as over WECC during the 39-
year period from 1980 to 2019. For comparison, the variability
of wind and solar resources aggregated across CONUS'*** is
shown in Figure S1. Wind and solar resources demonstrate
substantial interannual variation during the multidecadal time
period. In California, the maximum difference in wind daily
mean capacity factors occurred on the 93rd day of the year, in
early April, with a minimum of 0.04 and a maximum of 0.93: a
range of 0.89. For WECC, the maximum difference occurred
on the 308th day of the year, in early November, where the
daily mean capacity factor for wind on that day ranged from a
minimum of 0.08 to a maximum of 0.85: a slightly smaller
range of 0.77. In a previous analysis for CONUS,> the
maximum difference in wind daily mean capacity factors
occurred on the 333rd day of the year, in late November, with
a minimum of 0.09 and a maximum of 0.80: a range of 0.71.*°
Clearly, increases in the area over which these renewable
resources are aggregated decreases interannual variability,
especially in the wind resource.

We defined a “resource drought” as a period of days for
which the daily mean capacity factor for wind and/or solar was

less than 50% of the mean capacity factor over the 39-year
period for that day of the year (see Figure S2, Figure S3, Table
S1, and Table S2 for results with different threshold cutoffs and
capacity factor cutoffs). For example, in California, the average
wind capacity factor for January Ist over the 39-year period
was 0.34. The seven January lsts for which the daily mean
capacity factors were 0.17 or less were then considered
resource drought days. Figure 2 indicates that both
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Figure 2. Resource droughts in CA and WECC. Box and whisker
plots show the distribution of drought events per year for each year
during the 39-year period from 1980 to 2018 for the (a) solar and (b)
wind resources. Whiskers represent the minimum and maximum of
each data set. Drought events are days where the mean daily capacity
factor for solar or wind was less than 50% of the mean daily capacity
factor for that day of the year over the 39-year period for a duration of
1-, 2-, 3—6, or 7+ days. Resource droughts greater than I-day in
duration are not also counted toward 1-day occurrences. Drought
events are counted toward the year in which the drought begins.
Orange and light blue bars represent CA solar and wind droughts,
respectively, while red and dark blue bars represent WECC wind and
solar droughts. This figure is supported by Table S4 and Table SS.
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occurrences of resource droughts and the interannual
variability of drought events increased when resource
utilization was restricted to be only over California instead of
over the entire WECC region. For single day events in
California, the number of solar drought events ranged from a
minimum of 0 to a maximum of 12 events per year. For the
larger region of WECC, the number of single day solar drought
events only ranged from a minimum of 0 to a maximum of 2
events per year. Over the entire 39-year period, CA
experienced 256 days of solar drought (6.6 days/yr) compared
to only 16 for WECC (0.41 days/yr) and 14 for CONUS (0.36
days/yr) (Table S3). Of these days, about 30% of CA solar
drought days occurred within groupings of greater than 1 day,
with the longest solar drought period lasting 6 days. For
WECC, all of the solar drought instances lasted a single day
except for one occurrence that lasted 2 days. For CONUS,
only single-day solar drought events occurred. In the wind
resource, the number of single day drought events in California
ranged from a minimum of 12 to a maximum of 28 events per
year. For WECC, the number of single day wind drought
events ranged from a minimum of 3 to a maximum of 16
events per year. From 1980 to 2018, California experienced
1884 total days of wind drought (48 days/yr) compared to
only 732 in WECC (19 days/yr) and 316 in CONUS (8.1
days/yr) (Table S3). Although all regions experienced days of

consecutive wind drought, California experienced four wind
resource droughts that lasted a week or more (with the longest
at 10 days), while WECC only experienced 1 week-long wind
drought and CONUS did not experience any.

To examine the interplay of the daily and seasonal cycles of
wind and solar generation and electricity demand as well as the
effects of the inherent variability of both the wind and solar
resources, we evaluate a system for which the electricity
generated over the 39-year period is equal to electricity
demand over the same period. Figure 3 shows the percent of
daily electricity demand met for California and the Western
Interconnect for each day in the 39-year period assuming that
the total installed generation (wind+solar) capacities in each
case was sufficient to generate the total integrated electricity
demand over the 39-year period. We varied from 0% to 100%
the fraction of solar capacity relative to total generation
capacity (for additional wind/solar mixes for CA, WECC, and
CONUS see Figure S4), where a 50% solar fraction refers to a
system in which solar resources generate 50% of total
electricity. Each wind/solar mix met a higher percentage of
electricity demand in CONUS than in WECC than in
California, with overall percent demand met over the 39-year
period for solar fractions (as a percentage of total wind and
solar generation) of 100%, 50%, and 0%, respectively: 81%,
80%, and 50% for CONUS; 77%, 79%, and 49% for the
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Figure 4. System costs for different resource and demand regions and technology combinations. For bars labeled CA, CAy, CA electricity demand
is met with CA wind/solar generation. For bars labeled WECC, CAy, CA electricity demand is met with wind/solar generation from both CA and
the rest of WECC. For bars labeled WECCg WECC,, WECC electricity demand is met with WECC wind/solar generation. The leftmost three bars
represent systems with battery storage only whereas the rightmost three bars represent systems with both battery and PGP storage. Stacked areas in
each bar correspond to the total system cost contribution from each technology over the optimization period (2018). The horizontal dashed lines
refer to the system costs for wind-solar-battery electricity systems (left) and wind-solar-battery-PGP systems (right) for CONUS. For WECC, CA4
systems, Solar 2 and Wind 2 refer to the solar and wind resources from the rest of the Western Interconnect (excluding California). This plot is

supported by Table S6 and Table S7.

Western Interconnect; and 71%, 78%, and 48% for California
(Figure 3, Figure S4 for CONUS).

For both California and WECC, wind-heavier mixes yielded
higher percentages of demand met (Figure S4). However, such
wind-heavy mixes are likely not practically realizable if
generation is constrained to occur exclusively in California,
due to the limited geographical availability of the regional wind
resource. Moreover, even with the optimal wind/solar
generation mix, substantial overbuild would be necessary for
either California, WECC, or CONUS to satisfy the North
American Electric Reliability Corporation (NERC) require-
ment of >99.998% resource adequacy."*” Dealing with these
gaps caused by the geophysical variability in the wind and solar
resources is thus essential to reliably meet electricity demand.

Grid Expansion and Addition of Storage Technolo-
gies Can Reduce System Costs. To explore potential end-
states that fill these gaps in a cost-effective way, we employ a
Macro Energy Model that uses wind and solar capacities and
electricity demand from a single optimization year (2018) to
solve for installed capacities and hourly use of generation and
storage technologies. We used current technology costs to
evaluate three different notional, idealized scenarios that
included cases with or without long-term storage. We modeled
100% variable renewable, 100% reliable electricity systems for
which California generation resources were used to meet
California electricity demand (CAg CAy), generation resources
from both California and the rest of the Western Interconnect
were used to meet California electricity demand (WECC,
CA,), and generation resources from the Western Interconnect
were used to meet the electricity demand of the Western
Interconnect (WECCg WECC,). Results for least-cost systems
obtained by these optimizations are summarized in Figure 4
and Table S6.

For least-cost systems with or without long-term storage, the
highest total system costs (in $/kWh delivered) were for CA,
CAy at 0.18 $/kWh for wind-solar-battery systems and 0.15$/
kWh for wind-solar-battery-PGP systems (where PGP is
power-to-gas-to-power, comprising a long-term energy storage
technology). In all scenarios, the addition of long-term storage
lowered system costs (from 0.18 to 0.15 $/kWh for CA, CAy
from 0.17 to 0.13 $/kWh for WECCg CAy and from 0.16 to

0.13 $/kWh for WECC, WECC). Furthermore, the relative
difference in system costs between CA; CA4 and WECC,
WECC, decreased when long-term storage was added to the
grid. For a wind-solar-battery system, the relative difference in
overall system cost between CA, CA4 and WECC,; WECCy
was 16% whereas addition of PGP to the system resulted in a
relative cost decrease of 13%. Meeting WECC electricity
demand instead of California electricity demand with wind and
solar resources over WECC (\/\TECCg WECC, instead of
WECC, CAy) results in only very slight increases in overall
system costs; WECC, WECC, costs are 1.06x that of WECC,
CA; without PGP and 1.04x with PGP. Using the same wind
and solar resources as the WECC, CA, scenario, the WECC,
WECC, scenario reliably meets the demand of more people for
a similar $/kWh cost.

To demonstrate how long-term planning affects least-cost
systems, we include results for 1- to 6-year simulation lengths
for both the CA, CA; and WECC, WECC, scenarios (Figure
S6, Figure S7, Table S8, Table S9, Table S10, Table S11). We
use a single year of demand data (2018) looped over the 39-
year period from 1980 to 2018 and the historical wind and
solar resource data for each year. This method does not
capture the correlation between demand and weather data, but
allows evaluation of the impact of weather variability against a
representative demand year. Ultimately, the observations from
the representative year (2018) are robust across multiple
weather years, but the variability in results decreases with
increased simulation length.

Geophysical and Siting Constraints on Installed Wind
Capacity Raises System Costs, Increases the Impor-
tance of Long-Term Storage. As of 2019, California has
about 6 GW of installed wind capacity.® When unconstrained,
the least-cost system for CAg CA4 with wind/solar generation
and battery storage contained 90.9 GW of wind capacity, over
an order of magnitude more than the currently installed
capacity. The least-cost CA; CA4 system with wind and solar
generation as well as battery and PGP storage contained 67.7
GW of wind capacity. Realizing likely limitations on wind
capacity that can be sited and deployed within the state of
California, we therefore additionally ran optimizations over a
range of specified wind capacities, allowing the other
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technologies (solar, batteries, and, when included, PGP) to be
optimally deployed without constraint. As shown in Figure §,
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Figure S. System cost for optimized systems with specified wind
capacities. Each point shows the total system cost for a least-cost
system using CA wind and solar generation sources and CA electricity
demand with (pink) PGP storage and without (purple) PGP storage.
Wind capacity was specified for each optimization but other resources
(solar, batteries, PGP) were optimized to minimize cost. The vertical
dashed line shows the current installed wind capacity in the state of
California. The blue (battery storage only) and red (battery and PGP
storage) stars mark the installed wind capacity and resulting total
system costs for least-cost systems without any constraints. See Table
S12 for the installed solar capacity and % wind capacity of total
generation capacity for each optimization

lower specified wind capacities led to increases in overall
system costs at the specified (100%) level of reliability. For a
system with 10 GW of installed wind capacity, the overall
system costs for optimizations with and without PGP were
0.18 and 0.33 $/kWh, respectively. For comparison, least-cost
unconstrained systems with or without PGP (Figure 4) had
costs of 0.15 and 0.18 $/kWh, respectively. Moreover, as
installed wind capacities were more tightly constrained, the
difference in system cost increased between systems with and
without PGP; systems with both PGP and battery storage had
substantially lower system costs than those with only batteries.

B DISCUSSION

Analytical Assessment of the Variability of Wind and
Solar Resources. Rare but extreme weather-related events as
well as seasonal and interannual resource variability are critical
features in determining the cost and asset deployment
implementation of a highly reliable variable renewable
electricity system. Over a 39-year period from 1980 to 2018
in California, resource droughts, defined as generation at less
than half the expected mean for that day of year, were
experienced on ~2% of days for solar and ~13% of days for

wind. The passing of clouds will occasionally reduce solar
generation, whereas this analytical assessment demonstrates
that over a 4-decade time period, extensive cloud cover is
present over essentially the entire state of California for
episodes that can span multiple consecutive days. Some of
these drought events occur consecutively, with the longest
wind drought in California lasting 10 days. This run of days
with low variable renewable generation poses a substantial
challenge to the ability of system operators to ensure the
requisite resource adequacy without extensive curtailment.
Electricity dispatch over a S5-day wind drought in 2018 shows
that, for a wind-solar-battery system, excess generation from
solar generation is used to charge batteries to meet electricity
demand. When long-duration storage is added, the least-cost
system dispatches long-duration storage to meet electricity
demand during this period of low wind resource (Figure SS).
This analysis of these low-power periods, based off of multiple
decades of historical weather data, provides a quantitative
understanding of the dynamics of these resources, which can
then inform asset deployment to ensure resource adequacy
even in the face of extreme weather events.

Although marginal capacity expansion costs of solar
electricity in California are currently competitive with
electricity derived from natural gas, a highly reliable system
based on solar generation constrained to be located fully within
California in conjunction with battery storage was the most
expensive option of all of the systems considered in this study
(Figure S8). Several factors contribute to these high costs
including (a) the need to overbuild, and consequently curtail,
large amounts of electricity due to the seasonal variability in
the solar resources (between summer and winter) that cannot
be readily compensated for with short-term battery storage;
(b) multiday solar droughts when the entire state of California
is mostly or nearly entirely cloud-covered during daytime; (c)
the expense associated with the large required energy capacity
of battery storage that would be used very infrequently to
provide reliability during such solar droughts. Few such solar
droughts were present over the entire WECC, and none were
present over CONUS. However, even over CONUS, the
relatively high costs associated with 12 h of battery storage to
compensate for diurnal variability of the solar resource
produced relatively high electricity costs for reliable solar-
battery systems, in conjunction with extensive curtailment
associated with the seasonable variability of the solar
resource.”

Caveats, Assumptions, and Limitations of the Macro
Energy Model. To determine cost-effective solutions to meet
electricity demand in a wind and solar generation electricity
system, we employ a Macro Energy Model that optimizes
deployment of generation and storage assets with perfect
foresight, perfectly efficient markets, and no transmission
losses. Although the target year for SB100 is 2045,° we use
estimated current asset costs rather than projected future costs
to allow for a direct comparison of how geographic constraints
and resource variability impact system costs under otherwise
constant cost assumptions. We assume free transmission
without constraints, thereby excluding the trade-off between
resource guality and transport cost in determining least-cost
solutions.®”* Regardless of costs, expansion of transmission
faces additional barriers such as siting or public opposition.®””°
We exclude all of these potential barriers from consideration in
this study.
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For the drought analysis, the results are based on historical
weather data and do not account for potential future changes
in resource variability resulting from climate change. Both
more predictable, systemic changes in resource variability due
to climate change, such as increased seasonal variability in the
wind resource, and unpredictable events, such as climate-
induced wildfires like those experienced in August through
October 2020 where large fractions of California experienced
substantial decreases in the daily solar resource due to smoke
and haze, may occur. The frequency of these episodes in the
future cannot be robustly predicted, so we explore solutions
based on past performance to build a system that has an asset
lifetime on the grid of many decades. In terms of electricity
demand, our analysis reveals substantial gaps between variable
renewable energy generation and load. Projections indicate
that California electricity demand is expected to increase by
~11% in the highest demand scenario by 2030”" and will most
likely continue to increase by 2050 as various sectors are
electrified. Therefore, the representative demand year used
herein underestimates expected electricity demand in the
future. Flexibility in electrification via technologies like vehicle-
to-grid may help smooth variability from wind and solar
resources’~ but faces severe challenges to fully compensate for
the actual degree and duration of low-resource periods
quantified herein or the daily, seasonal, and interannual
variability of wind and solar generation. Ultimately, this
increase in demand will only further exacerbate the challenge
of ensuring grid reliability in a system dominated by variable
renewable generation primarily from wind and solar resources.
The bulk of the modeling results are from a single,
representative year of wind and solar capacities and electricity
demand data (2018). However, we also include analysis over
1-, 2-, 3-, 4, 5-, and 6-year optimizations over the 39-year
period to capture variation due to weather related events
(Figure S6, Figure S7, Table S8, Table S9, Table S10, Table
S11).

Our results are intended to help inform more detailed
analyses of energy system options by highlighting factors that
can substantially affect the cost of systems with high amounts
of wind and solar generation. Some aspects of the analysis,
such as the usefulness of long-duration storage to reduce
system costs, are applicable to larger regions like CONUS,*
but the availability of resources is specific to the region of
interest. For example, the Western Interconnect includes both
high-quality solar regions of the Southwestern US and high-
quality wind regions of the Midwest, whereas regions like the
Northeast or states like Florida do not have access to
comparable resources.®

Grid Expansion as a Tool to Address Variability. Grid
expansion offers a potential opportunity for smaller geo-
graphical regions, like California, to ameliorate some of the
issues associated with in-state resource variability and
availability, primarily associated with the wind resource (Figure
1). Aggregation of wind and solar resources over larger
geographical areas reduces the variability of their generation
profiles and minimizes the frequency and duration of resource
droughts."® Furthermore, sharing of resources has been shown
to reduce system costs in highly renewable energy systems in
both Europe’” and North America.”® Studies that examine
future electricity scenarios for the United States often
incorporate such transmission expansion into their models to
meet renewable electricity and/or CO, emissions restrictions
requirements.74’7° Large-scale transmission expansions may

have minimal impacts on total system costs due to their small
contribution to the overall cost of electricity, but potential
siting and cost allocation limitations could severely impede
these infrastructure developments.”” Nevertheless, the poten-
tial system cost reductions and smoothing of resource
variability afforded by transmission expansion make it essential
to explore. Moreover, along with California, three other states
in WECC (Nevada,5 Washington,]2 and New Mexico”) have
enacted legislative targets that by 2045 require construction
and operation of 100% renewable and/or zero-carbon
electricity systems.

Expansion of the transmission grid such that wind and solar
resources are aggregated over WECC instead of CA would
allow the entire region to benefit from decreased occurrences
in resource droughts (Figure 2, Figure S2, Table S1, Figure S3,
Table S2, Table S3, Table S4, Table SS). When comparing
resources between CA and WECC, CA experienced about 16x
and 2.6x more days of solar and wind droughts, respectively,
than WECC over the 39-year record. Furthermore, of the
drought days, the average duration of consecutive days for
solar and wind droughts was 1.2 and 1.6 for CA compared to
1.1 and 1.4 for WECC, respectively. Additionally, wind and
solar droughts occurred simultaneously on 27 days over the
39-year period when resources were restricted to be aggregated
solely over CA, compared to only 6 days in WECC. With
optimization to meet electricity demand using current
technology costs for electricity systems with wind and solar
generation, $/kWh system costs for larger regions (WECCg
WECC,) were lower than for smaller regions (CAg CAy) with
or without deployment of long-term storage (Figure 4).
Further cost reductions occurred when resources were
aggregated over even larger areas such as CONUS (dotted
line in Figure 4).

Long-Term Storage as a Tool to Address Gaps
between Supply and Demand Due to Resource
Variability. Although expansion of transmission infrastructure
may reduce system costs and the effects of variability in wind
and solar generation profiles, grid expansion faces potential
siting and cost allocation barriers and requires coordination
between decision-makers.””** Even grid expansion over
CONUS is not sufficient to eliminate resource variability to
levels that would allow compliance with resource adequacy
planning requirements without extensive curtailment of
generation.'> Addition of long-term storage has been shown
to reduce system costs in wind- and solar-based electricity
systems for CONUS and may face fewer logistical barriers to
actualize regionally.”® Here, we represent long-term storage as
PGP with fuel cells and electrolyzers for power conversion, and
hydrogen stored in underground salt caverns for energy
storage. Various technological options for PGP storage,
including the use of depleted geological reservoirs for
underground storage and the repurposing of natural gas
pipelines, could potentially provide additional flexibility and
further reduce overall system costs. PGP costs are much more
sensitive to reductions in power costs than hydrogen storage
costs, due to the very low cost of energy storage as hydrogen
gas either in tanks, caverns, or geological reservoirs, so the
results are robust with respect to the cost of hydrogen
storage.”>*7¢

For all scenarios considered, addition of long-term storage,
even at current estimated power-to-gas-to-power costs,
reduced overall system costs for highly reliable systems based
on variable renewable resources (Figure 4). For scenarios
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where California used in-state resources to meet its electricity
demand (CAg CA,), addition of long-term storage to a wind-
solar-battery electricity system reduced VRE curtailment from
72% of VRE generation on average (i.e.,, 12% of VRE capacity)
to 8% of VRE generation on average (ie, 2% of VRE
capacity). Additionally, the system cost reductions due to grid
expansion for systems with long-term storage were smaller than
those for systems that did not have long-term storage, i.e., the
relative difference between the cost per kWh for California
(CA, CAy) and WECC (WECC, WECC,) was smaller for
systems that included long-term storage compared to systems
that only relied on battery storage.

The least-cost system in which WECC wind and solar
resources and battery storage were used to meet California
demand (WECCg CA,) contained substantial contributions
from out-of-state wind and solar generation (Figure 4). In
contrast, when long-term storage was included in the least-cost
system, cost contributions from out-of-state wind decreased
and only in-state solar generation was deployed. Dispatch
curves over the optimization period (2018) demonstrate the
roles of each of these technologies in such a system (Figure
S9). With only wind/solar/battery storage deployed, out-of-
state wind and solar generation was dispatched throughout the
year to meet California electricity demand. However, when
long-duration storage was included, excess in-state wind- and
solar-generation and out-of-state wind-generation is used to
charge the long-term storage, which would then be dispatched
to meet increased demand during the summer months.
Essentially, the long-term storage time-shifts a large portion
of the electricity demand, thereby obviating the need for out-
of-state solar generation. This finding indicates that long-term
storage has the potential to reduce overall system costs for
least-cost variable renewable resource-based electricity systems
and additionally offers potential to reduce California’s need to
invest in out-of-state infrastructure while meeting its in-state
electricity needs.

System Sensitivity to Constrained or Supplemental
Generation. As of 2019, California has about 6 GW of
installed wind capacity, with the majority of installed wind
turbines in six main regions: Altamont, East San Diego County,
Pacheco, Solano, San Gorgonio, and Tehachapi.(’é’7 Although
offshore wind technology could supplement onshore wind
generation on the Eastern coast of the United States,”®
development of this resource in California is impeded by the
steep coastline, siting restrictions, and potential objections
from the military.m’ ® When unconstrained, the least-cost
highly reliable system for CA, CAy with wind/solar generation
and battery storage contained 90.9 GW of wind capacity,
whereas the least-cost highly reliable system with wind/solar
generation as well as battery and PGP storage contained 67.7
GW of wind capacity. At low specified wind capacities, systems
with battery storage are nearly 2x more expensive than those
that also deployed PGP, further emphasizing the cost-
effectiveness of long-term storage as a tool to overcome
variability in situations where California relies on its own wind
and solar resources.

Although natural gas with carbon capture and sequestration
(CCS) is not at present allowed within the legal framework of
California Senate Bill 100,>° we also explored the implications
of including gas with CCS in the generation mix (Figure S10,
Figure S11). In general, addition of low-cost fossil fuels, such
as natural gas, to the generation mix minimizes or eliminates
the need for long-term storage. However, the equipping of

dispatchable natural gas generators with CCS increases capital
costs.*® Nevertheless, our results demonstrate that natural gas
with CCS, with annual dispatch limited to 20% of total
demand, can reduce costs in wind-solar-battery-PGP systems
for all regions evaluated (Figure S10). Gas with CCS
minimizes the need for long-term storage, even when gas
with CCS is only included in the technology mix at 10% of
demand (Figure S11), and completely eliminates long-term
storage from the least-cost system at 20% of demand (Figure
§10). Considerations of natural gas with CCS are important
when considering the milestone of 60% carbon-free electricity
in California by 2030, as the infrastructure necessary to meet
this requirement may greatly differ from the deployment
required for the end-state of 100% variable renewable
electricity that we examined herein.

Water is an extremely constrained resource in California."®
Nevertheless, about 11% of in-state generation in California in
2018 came from large hydroelectric generation.®' Although
only small hydroelectricity generation facilities technically fall
under the category of renewable generation according to
California’s Renewable Portfolio Standards,” we additionally
examined how addition of hydroelectric generation to a wind-
solar-battery-PGP system would affect the asset mix of a least-
cost electricity system. Historical hydroelectricity dispatch
from the California Independent System Operator (CISO)
from July 2018—July 2019 was subtracted from the California
electricity demand (Figure S12), and the resulting system was
optimized with respect to other storage and generation
technologies to reliably meet the resulting demand profile.
The addition of hydroelectricity at present levels in California
had a minimal effect on overall system costs (at 0.14 $/kWh
without and 0.13 $/kWh with hydro, assuming free hydro
generation), and it shifted, only slightly, the technology mix in
the least-cost system, with an increase in installed capacity of
PGP from ~14 days of mean CA demand to ~15 days of mean
CA demand and a decrease in installed capacity of batteries
from ~5.5 h of mean CA demand to 4.7 h of mean CA
demand, for scenarios without and with hydro generation,
respectively (Figure S13). Ultimately, the addition of hydro-
electricity did not have substantial effects on either the system
cost or technology mix in a least-cost electricity system, and
moreover, the seasonality of hydroelectricity, which is most
available in the spring, led to a slight increase in the absolute
amount of the installed PGP capacity in reliable, least-cost
variable renewable electricity-dominated systems.

Additional Means of Achieving Grid Reliability and
Flexibility. Here, we explore multiple options to ensure
reliability in a wind- and solar-based electricity system for
California including transmission expansion, addition of long
duration storage, and addition of supplemental generation in
the form of natural gas with CCS and hydroelectricity.
Additional forms of supplemental generation that we have not
considered herein include geothermal, biomass, and concen-
trated solar power with thermal energy storage. These
technologies may compete with natural gas on cost and
flexibility limitations for generation but fill the same functional
role as a flexible generation source, so we only evaluate
scenarios with natural gas to determine the impact that flexible
generation may have on the performance of the systems under
evaluation. Other proposed options to increase flexibility and
reliability of the electricity grid include expansion of the use of
electricity to include sectors like heating and transportation, as
well as demand management. More tightly coupled electricity,
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heating, and transportation sectors could decrease the need for
and benefits of transmission expansion.”> Although electrifica-
tion of the heating sector would lead to increases in California
winter electricity demand, these increases would still not match
that of peak summer demand levels.*> Therefore, the necessity
of long-duration storage to compensate for this seasonal
variability remains. In regard to transportation, we expect that
deployed batteries in the form of a vehicle-to-grid scenario will
have restrictions similar to those of the stationary batteries
explored in this study when dealing with the multiday resource
droughts that occur in both solar and wind generation.
Similarly, the magnitude and duration of the deficit in wind-
and solar-generation due to the long-duration resource
droughts quantified in Figure 2 is too large to be easily
accounted for with techniques like demand management.
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