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Abstract

Power system resource adequacy (RA), or its ability to continually bal-
ance energy supply and demand, underpins human and economic health.
How meteorology affects RA and RA failures, particularly with increas-
ing penetrations of renewables, is poorly understood. We characterize
large-scale circulation patterns that drive RA failures in the Western
U.S. at increasing wind and solar penetrations by integrating power
system and synoptic meteorology methods. At up to 60% renewable
penetration and across analyzed weather years, three high pressure pat-
terns drive nearly all RA failures. The highest pressure anomaly is the
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2 Meteorological Drivers of Resource Adequacy

dominant driver, accounting for 20-100% of risk hours and 43-100% of
cumulative risk at 60% renewable penetration. The three high pressure
patterns exhibit positive surface temperature anomalies, mixed surface
solar radiation anomalies, and negative wind speed anomalies across
our region, which collectively increase demand and decrease supply. Our
characterized meteorological drivers align with meteorology during the
California 2020 rolling blackouts, indicating continued vulnerability of
power systems to these impactful weather patterns as renewables grow.

Keywords: power system resource adequacy, power system reliability,
large-scale circulation patterns, meteorological drivers, Western Electricity
Coordinating Council, capacity expansion, self-organizing maps

1 Introduction

Access to reliable, or uninterrupted, and low-cost electricity underpins human
health, and well-being [1]. Designing a reliable system while minimizing costs
is the central objective of power system planning [2]. Reliability partly depends
on maintaining resource adequacy (RA), which is the system’s ability to con-
tinually balance electricity supply (or generation) and demand despite the
occurrence of unexpected events [3]. RA failures, i.e., times where demand
exceeds supply operationally at bulk power systems (BPS) level, are often
responsible for large-scale rolling outages, e.g. in California in 2020 [4] and
Texas [5] in 2021. These two events were caused by a combination of higher
than anticipated demand, due to a heatwave (in CA) and a cold snap (in TX),
and generator outages driven by extreme weather. This necessitated interven-
tion, like rolling outages, from the system operator to prevent catastrophic
consequences to the system.

Meteorology affects RA through effects on electricity supply and demand.
In BPS dominated by thermal electricity generators, surface air temperature is
the main meteorological driver of supply and demand. Low and high surface air
temperatures affect demand through increased use of building heating, ventila-
tion, and air conditioning (HVAC) for heating and cooling, respectively [6, 7].
Surface air temperature also affects supply. Specifically, extreme heat increases
deratings of thermal power plants [8, 9] and solar photovoltaics, while extreme
cold and heat increases forced outage rates of thermal and hydroelectric power
plants [10].

Two trends complicate the link between meteorology and RA: (1) increas-
ing penetrations of wind and solar power, and (2) non-stationary meteorology
driven by natural variability and anthropogenic climate change. Since wind and
solar power are a function of wind speeds and solar irradiance, increasing wind
and solar power penetrations will increasingly link electricity supply to these
meteorological variables. Wind speeds and solar irradiance exhibit significant
spatio-temporal variability [11, 12] and forecast and projection uncertainty
[13, 14], complicating RA assessment. Non-stationary meteorology driven by
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intensifying climate change further complicates RA assessment. As historical
meteorology becomes increasingly non-representative of future meteorology,
RA assessment of future system fleets will need to increasingly rely on pro-
jected future meteorological timeseries to account for the transient nature of
the current climate state. However, generating high-quality meteorological pro-
jections that account for climate change remains an active area of research
limited by methodological uncertainties, and computational power [15]. Gen-
erating high-quality future meteorological timeseries is especially challenging
at the high spatio-temporal resolution (e.g., hourly) typically required for RA
analyses [16].

In response to these challenges, this paper aims to better understand the
meteorological drivers of RA, focusing specifically on RA failures, and how
increasing renewable generation affects those drivers. Better understanding
these relationships is crucial for several reasons. First, the meteorology that
drives (and co-occurs with) RA failures will determine human health impacts,
which can be highly heterogeneous across space and socioeconomic groups
[17]. Better understanding the link between decarbonization and drivers of
RA failures can shed light on investment needs in BPS and communities
to mitigate possible health impacts and achieve more equitable outcomes.
Second, characterization of historic meteorological drivers can guide in evalu-
ating, selecting, and downscaling general circulation models, which is essential
for making informed adaptation investments in the power sector [18, 19].
Third, once meteorological drivers of RA failures are characterized, long-
range probabilistic forecasting at the subseasonal to seasonal scale can act as
a more informed early warning system for system operators and emergency
preparedness organizations [20)].

We characterize meteorological drivers of RA failures using weather
regimes. Weather regimes represent atmospheric circulation as belonging to
a finite number of states or patterns [21, 22]. These states are constructed
by applying clustering techniques to variables representing large-scale atmo-
spheric flows, e.g., geopotential height. The resulting large-scale patterns have
strong associations with surface-level meteorological variables that directly
affect the power system, including extreme surface air temperatures [23-25].
These patterns indicate several processes like temperature advection and sub-
sidence which can, under certain conditions, drive extreme events in the power
system. The patterns persist over large spatial and temporal scales, and unlike
the high-frequency variations exhibited by surface meteorology, the patterns’
spatio-temporal variations are better captured by general circulation models
(GCMs). Previous research has sought to link the changes in frequency and
return periods of these large-scale patterns with the occurrence of extreme
events under a changing climate using data from GCMs [26-29]. The spatial
coverage of these large-scale atmospheric circulation patterns makes them valu-
able analogues for surface meteorology over large geographic regions. Using
these synoptic drivers in planning and operations can benefit system opera-
tors when thinking about RA due to current and future systems’ increasing
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dependence on generation over larger areas and interconnected balancing
authorities.

Our research contributes to two literatures. The first literature analyzes
meteorological drivers in the power system, but does not consider RA, a gap
that we fill. Within this set, a few studies examine meteorological drivers of
periods of low renewable generation or high net demand (demand minus renew-
able generation) [30-33]. Meteorological drivers in these papers include surface
meteorology and atmospheric circulation during these periods. Further, other
studies describe weather regimes as drivers of renewable generation, variability,
and net demand in the European power system [34-36]. The second literature
analyzes RA, but does not consider meteorological drivers, a gap that we also
fill. In this broad RA umbrella, studies quantify the effect of using different
RA metrics on reserve procurement decisions [37] and capacity values [38].
Other studies quantify the contribution of generators [39, 40] and transmission
[41] to RA. A final group of studies quantify system RA under changing gen-
erator and/or weather. For instance, Turner et. al. [42] quantify RA changes
(in probability and magnitude) driven by decarbonization decisions and cli-
mate change impacts on electricity demand and hydropower generation in the
Pacific Northwest.

To address these gaps, we answer the following research questions: What
large-scale circulation patterns drive risk of regional resource adequacy fail-
ures? And how do these drivers change with increasing wind and solar
penetrations? We define resource adequacy (RA) as the ability of a power sys-
tem to continually balance electricity supply and demand [3], and quantify RA
on a probabilistic, hour-to-hour operational basis. We conduct our study for
the U.S. Western Electricity Coordinating Council (WECC) footprint given its
rapid growth in wind and solar penetrations, aggressive wind and solar targets,
and recent resource adequacy failure [43]. Using a one-way impact analysis
that decides fleet investment to meet the standard resource adequacy target (1
day in 10 years), identifies resource adequacy failures, and finds meteorological
drivers of these failures for increasing renewables penetrations, our research is
the first to link weather patterns and power systems operations in the United
States, and the first to characterize weather regimes driving RA failures.

Our analytical pipeline uses methods from power system and synoptic
meteorology domains [Figure 1]. We first construct fleets that generate increas-
ing levels of wind and solar electricity (hereafter renewable electricity or RE)
using a capacity expansion model (CEM) (see Methods.4.2). The CEM is a
deterministic linear program that minimizes total system cost, which is the
sum of the cost of new capacity investments and the cost of electricity gen-
eration of existing and new units. The cost of electricity generation is the
sum of fixed operations and maintenance (O&M) costs and variable electric-
ity generation costs, which include fuel costs and variable O&M costs. The
CEM specifically optimizes new investments in wind, solar, 4-hour electric-
ity storage facilities, inter-regional transmission capacities, and operations of
existing and new units, and inter-regional electricity flows. The CEM does
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not optimize investment in new thermal facilities given its coupling with our
RAM, which adds or removes thermal facilities to reach a given reliability tar-
get. Investment and operational decisions are subject to numerous generator-
and system-level constraints, including hourly balance of supply and demand
and electricity flows, limited inter-regional electricity flows, hourly site-specific
wind and solar resource availability, engineering and economic-based unit oper-
ations, and limited technology-specific investments. To capture co-variability
and extremes in electricity demand and wind and solar generation, we use
observed hourly electricity demand for WECC [44] and coincident spatially-
differentiated RE capacity factors (see Methods.4.5). In our models we divide
WECC into five constituent sub-regions, as used by WECC in its Western
Assessment of Resource Adequacy report (ref SI fig. A.3) [45]. Between each
pair of sub-regions, we model transmission flows using the transport method,
which caps hourly inter-regional electricity flows between sub-regions to a fixed
transmission capacity. Investment decisions in storage, occur at the five-region
level; in transmission, between each pair of regions; and in wind and solar, at
spatially-differentiated resource locations on a roughly 30 by 30 km grid. RE
penetration levels are enforced at the WECC scale.

We then quantify a RA profile for each fleet and each sub-region from
the CEM using a resource adequacy model (RAM), which simulates stochas-
tic forced outages of generators using a non-sequential Monte Carlo sampling
procedure and finds hours where there is a non-zero probability of demand
exceeding total available generation (see Methods.4.3). We use empirically-
derived temperature-dependent forced outage rates for NGCC and hydropower
facilities, constant outage rates for other generators, and do not account for
outages in storage units [10, 46]. Storage assets are dispatched on a chronolog-
ical hourly basis within the RA model within each Monte Carlo iteration after
dispatching all the other generators using a greedy dispatch policy [39, 47].
From the RAM, we obtain a timeseries of loss of load probabilities (LOLPs)
by hour of the year, which we refer to as the RA profile. This RA profile is a
function of short-term operations from the RAM. Hours with LOLPs greater
than zero indicate a risk of an RA failure; we refer to these hours as RA risk
hours or risk hours.

Finally, to characterize the meteorological drivers of RA failure, we map
the 500hPa geopotential height (Z500) anomalies in these risk hours to the
western US summer weather regimes. These regimes are constructed based on
June - September daily Z500 anomalies from a 40 year period using self orga-
nizing maps (SOM), and each regime is represented by a characteristic weather
pattern (WP) (see Methods.4.4). The characteristic WPs show regimes with
varying Z500 anomalies over the region, ranging from positive anomalies (high
pressure systems, WP7) to negative anomalies (low pressure systems, WP3)
[Figure 1 Weather Regimes panel]. Each weather regime produces different
surface weather patterns, e.g. high pressure anomalies in WPs 7 and 8 drive
extreme heat events across the Western US, as later illustrated in our results.
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6 Meteorological Drivers of Resource Adequacy

The WPs corresponding to regimes identified based on the risk hours char-
acterize the large-scale patterns contributing to RA failures. By running this
integrated modeling framework for four weather years (2016 through 2019)
and RE penetrations (Current, 30%, 45%, and 60%, see sec. 4.6 for definition
of RE penetration), we quantify the effect of increasing renewables on mete-
orological drivers of RA and the robustness of this effect across independent
weather years. While using four weather years does not sample the full dis-
tribution of possible weather events and associated impacts on RA and RA
failures, it does cover over 35,000 hours and permits us to use observed hourly
electricity demand with coincidental wind and solar generation.

Using this analytical pipeline, in this work, we show that RA failures in
WECC are driven by WPs corresponding to high pressure anomalies (WPs 6,
7, and 8 in Figure 1) over the region. These WPs correspond to high surface air
temperatures and low wind speeds across WECC and with low solar irradiance
in large areas with solar PV facilities. These meteorological conditions cause
compounding impacts on electricity supply and demand, ultimately resulting
in risk of resource inadequacy (i.e., RA failures). As renewable penetrations
increase, the risk of RA failures increasingly concentrates within the WP with
the highest pressure anomaly (WP 7).

2 Results

We divide our results into two sections. First, we quantify the effect of increas-
ing renewable penetrations on meteorological drivers of risk hours for a single
weather year (2019). Second, we repeat this analysis to characterize mete-
orological drivers of risk hours across multiple weather years at increasing
renewable penetrations. We restrict our analysis to the CAMX region for two
reasons. First, NERC’s Long-Term Reliability Assessment (LTRA) indicates
CAMX is the most vulnerable WECC region to resource adequacy failures in
the near term, with LOLH of 0.72 and 9.79 in 2024 and 2026 respectively in
the 2022 assessment. By comparison, other regions in WECC have LOLH of up
to 0.03 (2024) and 0.37 (2026), an order of magnitude less than CAMX. Thus,
understanding meteorological drivers of RA failures in CAMX can provide sig-
nificant near-term value to decision makers and serve as a model for analyses
in future regions. Our resource adequacy results agree with the LTRA, as we
find CAMX has at least 4x and 27x more probability of resource adequacy fail-
ure than any other WECC region in the current and RE penetration greater
than 30% fleets respectively across the years. Second, we find that in all but
one scenario we analyze, and in all RE penetration greater than or equal to
30%, the CAMX risk hours coincide with risk hours in other regions if failures
occur in other regions. Across the weather years, the current fleets correspond
to a RE penetration ranging from 9% - 9.4%, so we denote these fleets as 9 %
RE penetration in our results.
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Fig. 1: Analytical pipeline We use a capacity expansion model (CEM) to
construct generator fleets with increasing renewable penetrations and different
weather years. Maps show the sizes and locations of facilities for 60% renew-
ables penetration and 2019 weather. These fleets are input into a resource
adequacy model (RAM) to quantify hourly loss of load profiles (LOLPs), yield-
ing a resource adequacy (RA) profile (in this figure we only represent the RA
risk hours). We then map the risk hours in the RA profile to weather regimes,
which we identify with self-organizing maps (SOMs) applied to 500hPa geopo-
tential height (Z500) anomalies. Depicted weather regimes are the SOM
outputs for extended summer months, with positive anomalies (high pressure
systems) in the bottom left and negative anomalies (low pressure systems) in
the top right. By varying renewable penetrations and weather years, we char-
acterize meteorological drivers of risk hours. Red arrows depicting attribution
of risk hours to weather regimes is for illustrative purposes only.

2.1 Meteorological drivers under increasing renewable
penetrations for the 2019 weather year

Using our CEM, we construct generator fleets in which RE generation accounts
for increasing percentages of annual demand. As renewable penetrations
increase from 9% (or current levels) to 60% of annual demand, wind, solar,
and storage capacities (at the interconnection level) increase from 20 GW, 16
GW, 5 GW to 103 GW, 70 GW, and 7 GW respectively, while NGCC capac-
ities decrease from 49 GW to 35 GW [Figure 2, see SI fig. A.8 for subregional
regional capacities]. Figure 3 depicts each system’s RA profile by showing the
magnitude of hourly LOLP and timing of risk hours. Across renewable penetra-
tions, all risk hours occur in the extended summer months (i.e., June through
September or JJAS). Most risk hours occur between 4 and 8 PM Pacific Stan-
dard Time (PST). As renewable penetrations increase from 9% to 60%, the
number of risk hours decrease from 68 to 10 and increasingly concentrate into
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the period between 6 and 8 PM PST. The decrease in risk hours is driven by
increasing available generation in many hours of the year, including in hours
that previously had low LOLPs. In these hours, increasing available genera-
tion results from wind and solar capacity increases exceeding NGCC capacity
decreases. Particularly, the increasing storage capacity reduces risk in the early
evenings. As risk hours decrease, hourly LOLPs increase. For instance, as
renewable penetrations increase from 9% to 60%, maximum LOLPs increase
from 0.27 to 0.63 [SI fig. A.9(b)].
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Fig. 2: Installed capacities of different generation sources with
increasing renewable penetrations for the 2019 weather year. This
figure shows WECC wide total capacities with color bars representing differ-
ent RE penetrations.
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Fig. 3: RA profiles and timing of RA failures. For the 2019 weather year
and for each renewable penetration, this figure shows, (i) hourly LOLPs across
the entire year (i.e., the RA profile) and (ii) the date and hour of day (in PST)
when RA failures occur, where the size of star is proportional to the LOLP and
the legend shows marker size for LOLP=1. An LOLP of 0.1 indicates demand
exceeds available capacity in 10% of the 250 simulated trials in the RA model.

To attribute RA failures to WPs, we map each risk hour to the prevail-
ing weather regime, then quantify the number of risk hours and cumulative
LOLP in each regime [Figure 4]. The cumulative LOLP equals the sum of
LOLPs across hours mapped to a given weather regime, so is a function of
the number of risk hours in a given weather regime and the LOLP in each
of those hours. The cumulative LOLP also equals the expected loss of load
hours (LOLH) attributed to each regime. Using either number of risk hours
or cumulative LOLP metrics, WPs 6,7, and 8 predominantly drive RA fail-
ures across renewable penetrations [Figure 4]. These WPs correspond to high
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pressure anomalies that cover the entire Western US (as shown in Figure 1).
Of those WPs, WP 8 accounts for most RA failures, e.g. 39-50% of risk hours
and 54-82% of cumulative LOLP across renewable penetrations.

WP 1 WP 2 WP 3
24
18
12
6
0o {opmmm e @ e @] o =
WP 6 WP 5 WP 4
24
o X
FECE AN
0 \
3 AN
£ 124 \
r \
[ \
#* 6 \
e
0 ,*. _____________________________
T T T T T T T T T T T T
WP 7 WP 8 WP 9
‘\
24 1\
\
ix ] \
18 \ X
\ \
12 N 1 \
A \
s \
N \
’ NS TTTReoo-
Tt R~
ol e F | et B
T T T T T T T T T T T T
9 30 45 60 9 30 45 60 9 30 45 60

RE penetration (%)

Fig. 4: Risk hours and cumulative LOLP attributed to each weather
regime in 2019. For the 2019 weather year, for each renewable penetra-
tion this figure shows number of risk hours (blue lines) and cumulative LOLP
(orange lines) attributed to each weather regime, where WPs correspond to
figure 1.

The relative importance of WPs in driving RA failures is robust across
increasing renewable penetrations for the 2019 weather year. As renewable
penetrations increase from 9% to 60%, the number of risk hours driven by
WP 8 decrease from 27 to 5, respectively, while the numbers of risk hours
driven by WPs 6 and 7 exhibit an overall decrease, from 21 to 3 and from 19
to 2, respectively. Increasing renewable penetration has the opposite effect on
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cumulative LOLP driven by WPs 7 and 8. As renewable penetrations increase
from 9% to 60%, the cumulative LOLP driven by WP 7 increases from 0.3
to 1.1, whereas cumulative LOLP driven by WP 8 decreases from 1.2 to 0.9
[Figure 4]. Cumulative LOLP driven by WP 6 shows an overall decrease from
0.7 to 0.5 comparing 9% and 60% renewable penetrations.

Mechanistically, surface meteorology, not high-pressure anomalies in the
middle atmosphere, impact power system RA. To understand how the high
pressure anomalies in WPs 6,7, and 8 drive RA failures, we analyze surface
meteorology corresponding to each weather regime [ref. methods 4.4]. We find
that these WPs correspond to positive surface temperature anomalies, and
mixed surface solar radiation and wind speed anomalies across large regions of
WECC [Figure 5]. Positive temperature anomalies lead to higher than average
generator forced outages and demand. Concurrently, negative and low pos-
itive solar radiation anomalies lead to lower than average solar generation.
While surface solar radiation anomalies are not negative across WECC in the
3 impactful weather patterns, in WP 7, these anomalies are negative in the
CAMX region where a large fraction of solar capacity is installed [Figure 1].
WPs 6,7, and 8 also exhibit negative wind speed anomalies in large portions
of the western US, and more notably so in WP 7. Each of these WPs include
surface meteorology anomalies that reduce RA at low and high renewable pen-
etrations, explaining the robustness of these three WPs in driving most RA
failures at renewable penetrations ranging from 9% to 60%. Of these three
WPs, WP 7 has increasingly drives total risk with increasing RE penetra-
tions as it has the large positive temperature anomalies, largest negative solar
anomaly over the Southwest, and largest negative wind speed anomaly over
the entire region. Other WPs do not exhibit the same combination of surface
temperature, wind speed, and solar radiation anomalies that WPs 6,7, and 8
do, explaining their relative unimportance in driving RA failures.

2.2 Meteorological drivers across different weather years

The above discussion examines drivers of RA failures across renewable penetra-
tions for a single weather year, 2019. Given significant inter-annual variability
in meteorology and climate, we repeat our above analysis across four weather
years (2016 through 2019) or the duration of our combined data timeseries.
This approach treats each meteorological year as an independent observation,
allowing us to quantify the robustness of our results to different weather years.

Across weather years and RE penetrations, NGCC and wind capacities out-
put by the CEM do not significantly differ across years. For instance, at 60%
renewable penetration, NGCC capacities range from 45 to 35 GW, and wind
capacities range from 95 to 116 GW across weather years [SI fig. A.9(a)]. Solar
capacities exhibit a larger range across weather years, e.g., ranging from 27
GW in 2017 to 70 GW in 2019 at 60% RE penetration, with low solar capac-
ity coinciding with high NGCC capacity [Figure SI.6(a)]. Storage capacity also
exhibits a larger range, from 7 GW in 2019 to 19 GW in 2018. Our results
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Fig. 5: Surface meteorological anomalies corresponding to each
weather regime (a) Composites of surface temperature anomalies, (b) sur-
face solar radiation anomalies, and (c¢) 100 m wind speeds anomalies for the
2019 weather year. The composites are constructed based on the hours from
the 2019 extended summer belonging to each weather regime.
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regarding the number of risk hours and maximum LOLPs are also largely insen-
sitive to different weather years. Specifically, across weather years, risk hours
decrease and maximum LOLPs increase between the current fleet and higher
RE penetrations [SI fig. A.9(b)]. For instance, in 2018, risk hours decrease from
53 to 5 and maximum LOLPs increase from 0.3 to 0.96 when renewable pen-
etrations increase from 9% to 60%. For all the weather years and renewable
penetrations, we also simultaneously calculate the expected unserved energy
(EUE). This is the sum of expected shortfall (in GWh) during each risk hour.
SI fig. A.10 shows the EUE for the different systems with the effective short-
falls ranging from 3.5 GWh to 4.6 GWh and 1.1 GWH to 3 GWh at 9% and
60% RE penetrations respectively.

Meteorological drivers of RA failures are also robust to weather years
[Figure 6]. WPs 6,7, and 8, which are high pressure anomalies, drive most RA
failures across all weather years. Collectively, these WPs drive 87% to 100%
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of all risk hours and 96% to 100% of cumulative LOLP across weather years.
Furthermore, WP 7 emerges as an even more dominant driver of RA failures
in 2016 through 2018 than in 2019. In weather years 2016 through 2018, WP
7 accounts for cumulative LOLPs of 84% to 100% of the respective scenario’s
total risk for renewable penetrations of 9% to 60%, compared to 13% to 43%
in 2019 [Figure 6B]. When considering all days in the JJAS months, we find
that the number of days attributed to the extreme weather patterns (WP 7
and WP 8, but particularly WP 7) are comparable to the number of days
attributed to intermediate weather patterns (such as WPs 4, 5, and 6) [SI fig.
A.6]. Moreover, among our study years, 2 years have above trend line occur-
rences of WPs 7 and 8, and 2 years have below trend line occurrences of WP 7.
Despite the total number of days in each WP and variability in occurrence fre-

quency among the years analyzed, WP7 emerges as the more dominant driver
at higher RE penetrations across the weather years.
a b
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Fig. 6: Risk hours and cumulative LOLP attributed to each weather
regime across all weather years a - Number of risk hours attributed to
each weather regime across the weather years with increasing RE generation
levels; b - Cumulative LOLP attributed to each weather regime across the
weather years with increasing RE generation levels.

The surface meteorology associated with WPs 6,7, and 8 in weather years
2016-2018 show similar trends of positive temperature anomalies, negative
wind speed anomalies, and mixed solar radiation anomalies in the Southwest as
in 2019 [see SI figs. A11-13]. At higher RE penetrations, the risk is attributed
to fewer days. So we look at the daily average temperature anomalies for these
days [Figure 7]. Though these days are driven by WPs 6,7, or 8 across the
weather years, they represent different distribution of surface meteorological
anomalies in the different years. On the RA failure days, the temperature
anomalies across these four years show predominantly positive anomalies over
large portions of the region, but the magnitude, geographical location and
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extent of the positive anomalies vary. Some days also exhibit negative anoma-
lies in some regions, but even on these days the anomalies are positive in the
California region. SI figs. A.14 and A.15 show the surface solar radiation and
wind speed anomalies for these days.
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Fig. 7: Daily surface temperature anomalies on days with RA failure
events for RE penetrations from 30% to 60% across the weather
years. Each panel in this figure shows daily means of surface temperature
anomalies on the RA failure days.

3 Discussion

Maintaining power system RA, and reliability more broadly, faces challenges
from evolving supply- and demand-side technologies and non-stationary meteo-
rology. In response to these challenges, this paper characterized meteorological
drivers of RA failures by integrating power system and meteorological meth-
ods. We found that RA failures in WECC are driven by weather patterns
corresponding to high pressure anomalies over the western United States.
The added value that our weather pattern approach gives over just a surface
meteorological analysis is that we are able to capture the synoptic scale (1000-
2500 km) drivers of the RA failure events. The weather patterns can be used in
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different ways to incorporate meteorological drivers of the power system in sys-
tem planning as well as operations, as we move to interconnected continental
scale systems. For system planning purposes, current practices mostly involve
only using historical meteorological data with techniques like importance sub-
sampling reducing computational costs by providing representative periods to
the capacity expansion model [48]. Our findings can improve this subsampling
process by providing a physical basis for choosing the representative periods.
Further, to make informed investment decisions and maintain system relia-
bility in the future, system planning needs to use future meteorological data
from climate projections and the physics based subsampling procedure can
help here as well. Future climate projections from global climate models have
lower spatial and temporal resolution than required by power system models.
Incorporating this future climate data requires computationally costly down-
scaling [16]. Our methods can reduce downscaling needs and associated costs
by guiding selective downscaling of certain time periods of interest, e.g. time
periods with high pressure anomalies in the Western US, to drive system plan-
ning and operation models. This can help system planners understand further
risks, beyond resource adequacy, during these stressful periods. At the opera-
tional level, system operators, utilities, power producers, and communities can
use the short term forecasts at the days to weeks timescale and long-range
probabilistic forecasting at season-to-season time scale to avoid scheduling
maintenance and other related down times when these patterns are expected
to occur. These patterns are characterized by their temporal persistence and
ability to represent meteorology at the synoptic scale during the occurrence
of extreme events. These characteristics make the WPs more suitable, as an
aggregate pointer to capture stressful periods for system operations, than indi-
vidual surface meteorological variables, which exhibit higher spatio-temporal
variations.

Rolling outages in California in the summer of 2020 support our results.
On August 14 and 15, the California Independent System Operator (CAISO)
instituted rotating electricity outages during an extreme heat storm covering
much of the WECC system [4]. These rotating outages were necessitated by
higher-than-predicted demand and supply shortages. While we are not able
to include 2020 in our analysis due to data limitations, we can analyze atmo-
spheric circulation prevailing during August 14 and 15 using our reanalysis
data [Methods 4.5]. We find that the atmospheric circulation on these two
days exhibits a high pressure anomaly over the Pacific northwest [SI fig. A.16]
and resembles the high pressure WPs in our analysis. Our SOM identifies the
circulation pattern on August 14 as belonging to WP 8 and on August 15
as belonging to WP 7. Thus, the CAISO rotating outage event provides real-
world evidence for these weather patterns driving RA failures, which we have
also identified through our analysis.

While outages threaten human health and well-being regardless of pre-
vailing meteorology, outages during extreme heat can be particularly life
threatening [17]. The robustness of high pressure anomalies driving RA failures
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at renewable penetrations up to 60% suggests that high temperature anoma-
lies will continue to accompany RA failures. Consequences of outages could
have disproportionate impacts on vulnerable populations [49], particularly
when they align with extreme heat events [50]. Any disparities in outcomes
during outages between income groups could widen as upper income individ-
uals increasingly procure distributed energy systems. Our results indicate a
long-term need to ensure vulnerable communities have access to potentially
lifesaving cooling during outages, e.g., through investing in community hubs
at public buildings [51].

Anthropogenic climate change is already affecting weather and climate,
including by increasing surface air temperatures across the Western United
States [52]. Using the ERA5 reanalysis dataset, we find some evidence for
an increase in the frequency of weather regimes with high pressure anomalies
from 1981 through 2020 in the extended summer months [SI fig. A.7]. Dur-
ing this period, WPs 7 and 8 (high pressure anomalies over northwest) occur
more {requently, while some WPs like 3 and 4 (low pressure anomalies over
northwest) occur less frequently. Increasing trend of WP 7 over the last 40
years are statistically significant (p-values less than 0.05) based on a simple
linear regression with year as the independent variable and percent of days
with the WP as the dependent variable. Specifically, WP7 shows an increase
of 0.18 extended summer days per year. Given that we found high pressure
anomalies, particularly WP7, drive RA failures, their increasingly frequent
occurrence might result in more frequent challenges to maintaining RA. More
rigorous analyses are needed to discern and attribute WP trends to aspects of
the earth system dynamics, including natural variability versus anthropogenic
changes. Emerging research has also found that the change in frequency of
certain circulation pattern can compound climate extremes driven by anthro-
pogenic warming [53]. So, better understanding how these impactful WPs will
evolve and interact with a changing climate [26] would better inform the risk
that climate change poses to RA.

Our research offers several opportunities for extensions. First, to capture co-
variability between supply and demand, our analysis is limited to four weather
years. To capture long-term climate variability, future research could extend
our analysis to multi-decadal timespans using historic data from reanalyses or
future data from climate models. Second, future research could also incorporate
decarbonization-driven changes on demand including electrification of residen-
tial heating and charging of electric vehicles. These extensions face several
challenges, though, including estimating electricity demand with bottom-up
models and obtaining high spatio-temporal resolution climate model outputs.
Third, we do not consider the availability of flexible loads in our models, which
can be an avenue for operational adjustments by the system operator to pre-
vent RA failures. Incorporating these demand side changes could reduce the
risk in hours with high failure susceptibility. Fourth, in linking specific weather
patterns to resource adequacy failures, our research suggests climate down-
scaling methods designed, trained, and/or validated on these types of weather
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patterns could be highly valuable in bridging the disconnect between climate
and energy system modelling [16]. Additionally, our results suggest RA anal-
yses using future climate data could focus on weather regimes documented
here, which could enable a greater computational focus on climate-related
uncertainty.

4 Methods
4.1 Area of Study

Our area of study is the Western Interconnection, which is the region within
the continental United States overseen by the Western Electricity Coordinat-
ing Council (WECC). We choose the WECC system for its high existing wind
and solar installed capacities, its strong wind and solar resources, its large
geographic area which makes it susceptible to large scale meteorology, and its
vulnerability to climate change in the near-term. Climate change has already
reduced system reliability in WECC, with extreme heat and drought exacer-
bated by climate change driving outages in California in 2020 [4]. We model
WECC in terms of its constituent sub-regions in a representation similar to the
one WECC uses in its western assessment of resource adequacy report. The
five sub-regions are CAMX, Desert Southwest, Northwest Power Pool - Central
(NWPP-Central), Northwest Power Pool - Northeast (NWPP-NE), Northwest
Power Pool - Northwest (NWPP-NW). figure A.3 shows the geographic regions
which are within the sub-regions [45].

4.2 Capacity Expansion

We use a capacity expansion model (CEM) to create future WECC genera-
tor fleets that meet increasing renewable generation requirements. We run the
CEM for each analyzed weather year, capturing coincident, spatially-resolved
meteorology and hydrology for each year. The CEM is a deterministic linear
program that minimizes fixed plus variable costs by deciding investment in
wind, solar, 4-hour utility-scale battery storage, and inter-regional transmis-
sion, and operation of existing and new generators, storage, and inter-regional
transmission. Wind and solar capacity investment decisions occur at the spa-
tial resolution of our wind and solar resource data, i.e. on a 30 by 30 km grid
across WECC, while storage and transmission investments occur at the five-
region and inter-regional levels, respectively. Because we couple the CEM with
the RAM (described below), which adds or removes thermal generators from
each future fleet to meet a given reliability target, we do not add thermal units
or retire any existing units in the CEM. Thus, the fleets generated from the
CEM form a basis for creating the final fleets used in our analysis. These final
fleets are obtained after the RAM adds or removes thermal generators.

The CEM includes numerous system- and generator-level constraints. At
the system level, the CEM requires total generation to meet demand in each
hour. To approximate system reliability standards, the CEM includes a 13%
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planning reserve margin, which requires derated capacity to exceed peak
demand by at least 13%. Derated capacity accounts for hourly wind and solar
generation potential during the peak demand hour, a fixed 5% forced outage
rate for wind and solar generators, and for temperature-dependent forced out-
age rates for all other generator types (see SI section 3.3 for forced outage rates
used) [10]. At the generator level, generation can vary between zero and max-
imum capacities, following engineering and economic-based unit operations
constraints. Wind and solar generation is also limited by hourly, spatially-
specific wind and solar capacity factors (see 4.5). The CEM also decides and
constrains hourly charging, discharging, and state of charge of each existing
and new storage unit. To examine generator fleets with increasing RE penetra-
tions, the CEM requires total WECC-wide wind plus solar generation to meet
a percent of total annual demand (see section 4.6 for specification of target
levels).

For computational tractability, we run the CEM in hourly intervals for
one representative time block per season, with seven sequential days in each
time block, and for days with peak annual demand, net demand, and upwards
hourly ramp. The representative days capture typical operations and costs,
while the peak days capture system capacity and flexibility investment needs.
Sampled representative days per season minimize the root mean squared error
between sampled and seasonal net demand profiles. Within each time block,
the CEM dispatches regional hydropower generation based on historic year-
specific generation data.

We formulate the CEM using the General Algebraic Modeling System [54]
and solve it using CPLEX [55]. For the full CEM formulation and description,
see SI section 2.

4.3 Resource Adequacy Model

To quantify resource adequacy on an hourly and annual basis, we com-
bine a Monte-Carlo-based non-sequential state sampling procedure with an
optimization-based sequential storage dispatch procedure. The state sam-
pling procedure randomly samples forced outages at each generator within
every WECC sub-region in each hour of the year 250 times via Monte Carlo
simulation (see SI section 3.2 for justification of sample size). This results
in 250 independent capacity curves for the year, each of which are paired
with observed hourly demand for the year. Like in the CEM, forced outages
are a function of location-specific ambient air temperatures for thermal and
hydropower plants [10], are a constant rate of (0.05) for solar and wind plants
[46], and are assumed to be zero for storage and transmission (see SI section
3.3 for forced outage rates used).

Within each sub-region, for each capacity curve after storage dispatch
occurs, we identify hours where any sub-region has a loss of load event
(where sub-regional demand exceeds available sub-regional generation). For
these hours we run a simple network flow optimization problem to determine
inter-regional transfers within each Monte Carlo iteration. The optimization
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objective is to minimize the total cost of energy transfer along the lines and
cost of energy not served within the sub-regions, with constraints imposed on
line limits and energy available for export from each sub-region (see SI section
3.1 for transmission optimization formulation). Following this procedure, we
obtain an RA profile for each sub-region, which is the hourly loss of load prob-
ability (LOLP) time series. This RA profile contains the fraction of Monte
Carlo iterations which resulted in a loss of load event in each hour. We refer to
any hour with a LOLP > 0 to be a risk hour. As we find the LOLP time series,
we also simultaneously calculate the expected hourly shortfall time series and
the total expected unserved energy (EUE). The expected hourly shortfall is
the sum of (load - generation) for those trials when load exceeds generation,
divided by the total number of trials. EUE is the sum of this hourly expected
shortfall.

Unlike our RAM, our CEM does not account for stochastic outages.
Instead, the CEM aims to produce a resource adequate system by enforcing a
planning reserve margin. To facilitate resource adequacy comparisons across
future systems output by our CEM, our RAM adjusts the generation fleets in
CAMX for each case we model so that each fleet’s annual resource adequacy
achieves a target value. Specifically, the RAM iteratively adds or removes
NGCC capacity in CAMX then calculates annual resource adequacy until the
annual loss of load hours (LOLH = (LOLP)) is 2.4 in each case. This tar-
get value reflects the real-world 1-in-10 reliability standard widely adopted by
utilities. Due to high computational time taken to obtain the RA profiles and
apriori unknown number of addition/removal trials of NGCC capacity, the
iterative procedure is performed with 50 Monte Carlo samples at each stage.
This means that the final fleets all do not have an exact LOLH = 2.4, but vary
between LOLH = 2 to LOLH = 2.6. After each generator fleet is adjusted,
the RAM estimates the fleet’s hourly and annual resource adequacy. We use
CAMX as the subregion of interest as it shows highest LOLH across the sce-
narios modeled and the timing of RA failure in other regions coincide with RA
failures in CAMX.

Inputs to the RAM include the generator fleets output by the CEM; hourly
surface air temperatures; and forced outage rates. The CEM provides location
and sub-region specific installed capacities for all generators and storage. The
CEM has various generators, but in going from CEM to RAM we retain these
generators as such, but combine - pumped hydro, batteries, fuel cell to storage
type; and geothermal, different types of waste, biomass, and other small fossil
generators other type.

Prior to the stochastic simulation procedure, we calculate the hydroelectric
generation for each scenario within each sub-region. For each of our five regions
in WECC, we obtain monthly hydropower generation from EIA-923 data, then
calculate subregional contribution proportional to installed capacity. To esti-
mate hourly generation, we then carry out a greedy dispatch procedure for
each month. The algorithm first quantifies hourly electricity demand not met
by every generator other than hydropower and storage units (i.e., residual
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demand). The algorithm then dispatches hydropower units on a consecutive
hourly basis. In each hour, the algorithm sets regional hydropower genera-
tion equal to the minimum of residual demand and regional total installed
hydropower capacity, provided cumulative monthly generation through each
hour doesn’t exceed monthly generation limits. Any leftover monthly gener-
ation in the month is redistributed to all hours proportional to electricity
demand minus wind and solar generation (i.e., net demand).

4.4 Meteorological Analysis

Weather Regimes

To characterize meteorological drivers of risk hours, we begin by identifying
the weather regimes and corresponding circulation patterns that coincide with
risk hours. To identify weather regimes in our study region (WECC), we use
self-organizing maps (SOMs), which is an unsupervised neural-network-based
clustering technique. Unlike other hierarchical and non-hierarchical clustering
techniques, SOMs cluster input data into nodes that form a topological repre-
sentation in which node proximity indicates their similarity. Previous studies
have identified weather regimes with SOMs in other contexts, e.g. to quantify
the frequency and persistence of weather regimes associated with heat waves
[56] and extreme precipitation events [57] in a warming climate.

We create our SOMs using seasonal anomalies of the daily average 500 hPa
geopotential height (Z500) for the extended summer season (June through
September, or JJAS) from 1981-2020. We analyze an extended summer sea-
son because our risk hours occur in June through September, so we focus on
the warmest months of the year without narrowly constraining our SOMs
to a small subset of months. We use Z500 because it captures synoptic-scale
atmospheric processes and their relationship with surface meteorology, is
persistent over multiple days, and is widely used for weather typing in the
US and Europe [25, 32, 58, 59]. To produce the SOM, we use the MiniSom
Python package [60] with the following parameterization: grid shape of 3
rows and 3 columns, a gaussian neighborhood function, sigma (i.e., spread
of neighborhood function) value of 1, learning rate of 0.1, and 5,000 training
iterations. These parameter values provide a concise weather regime represen-
tation that balances quantization and topographic error [see SI section 4]. SI
fig. A.6 shows the total number of days attributed to each weather pattern
over the 40 year period used to train the SOM. Since the objective of weather
patterning is not to get an equal number of elements in each node, but to
cluster weather patterns based on similarity, the number of days assigned to
all weather patterns are not equal.

Surface Meteorology

While daily Z500 anomalies are a meaningful variable for weather regime iden-
tification via SOMs, the power system is directly affected not by Z500 but
rather by surface meteorological variables. Thus, we study surface meteorol-
ogy corresponding to the weather regimes as well as surface meteorology on
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the RA failure days for the different years. For each weather regime identified
by our SOM, we make composite maps of hourly anomalies in surface temper-
ature, surface solar radiation, and near surface wind speed. To calculate these
hourly anomalies, we calculate the JJAS seasonal hour-of-day mean of surface
weather data for each year (yielding 24 mean values for each year), then sub-
tract this seasonal hour-of-day mean from each hourly data point within the
years. We analyse anomalies within the year rather over the 40-year period as
our models work with a yearly time series and that the investment decisions
are made to cater to that year. Using the hourly anomalies, we construct com-
posite maps for the weather years (2016-2019) in a two step process. First,
we map each day from the extended summer months to a weather regime by
passing daily Z500 anomaly into the SOM. Second, for every hour of each day
that belong to each weather regime, we average the hourly surface meteorology
anomalies to get the composite surface meteorological anomalies under each
weather regime. For solar radiation anomaly composites, we choose only the
daylight hours region wide (6AM to 8PM PST) to avoid biasing the composites
towards the hours with very low solar radiation. To capture surface meteorol-
ogy directly driving the RA failure days, we find the unique days when these
events occur across the four weather years analysed at RE penetrations of 30%
or more, and plot the mean surface meteorology anomaly in those days. Here
too, for solar radiation anomalies we use only the daylight hours.

4.5 Data Description

Demand Data

We get hourly sub-regional electricity demand from a database of screened
and imputed data based on observed demand [44]. Due to limited availability
of observed hourly electricity demand, the database provides four full years
of balancing authority (BA) level demand from 2016 through 2019, and sub-
regional demand is constructed by aggregating demand from BAs within each
subregion [ref. ST section 2.6.1]. Though there are techniques to backcast elec-
tricity demand based on meteorological and societal factors, these methods
exhibit large errors, particularly in predicting extreme demand values [7, 61].
Since demand extremes are a major factor in RA, we opt for observational
rather than backcasted demand values.

ERAS5 Reanalysis Data

Given that identification of weather regimes requires long-term (multi-decadal)
weather data, we use reanalysis weather data for our analysis. Specifically, we
obtain weather data from the ERA5 reanalysis dataset [62]. The weather data
used for surface meteorological anomalies and weather pattern identification
for each weather year coincides with the weather data used to drive the power
system models for the corresponding weather year. We choose ERA5 because
it provides wind speeds at 100 m above surface at hourly resolution, unlike
other reanalyses products [63]. ERA5 is also widely used in power systems
and synoptic meteorology research [24, 34, 35]. From ERA5, we specifically
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967 obtain near-surface air temperature (t2m); dewpoint temperature (tdps); air
968 pressure (sp); zonal and meridional surface wind speeds (ul0 & v10); down-
969 ward shortwave solar radiation at the surface (ssrd); and zonal and meridional
970 wind speeds at 100m level (u100 & v100). We obtain each data field at hourly
971 temporal resolution and 30 km spatial resolution.

972

973 Capacity Factors

974 We derive solar capacity factors directly from the surface downwelling short-
975 wave radiation data for a EFG-Polycrystalline silicon photovoltaic module
976 using the formulation described by Jerez et. al. [64] [See SI section 1.1]. We
977 calculate wind capacity factors using the formulation described by Karnauskas
978 et. al. [65] and the composite 1.5 MW IEC class III turbine from the System
979 Advisor Model [66] [See SI section 1.2].

980

981 Technology and Costs

982 We obtain operational costs for existing generators from the NREL Annual
983 Technology Baseline (ATB) moderate technology development scenario for
984 2030 [67], and fuel costs from the EIA annual energy outlook for 2020 [68]. For
985 mnew units which the CEM determines investment in, we obtain capital costs
986 from the ATB.

987
988
989
990
991
992
993 To capture the effect of increasing renewable penetrations on meteorological
994 drivers of reliability, we run four scenarios of increasing wind plus solar pene-
995 trations: 9% (based on the current fleet), 30%, 45%, and 60%. These scenarios
996 are enforced in the CEM by constraining constraining annual wind plus solar
997 generation to equal to a percentage of annual electricity demand. Given signif-
998 icant inter-annual variability in meteorology and climate, we run our modeling
999 framework for each renewable scenario for each year of available electricity
1000 demand data (2016 through 2019). This approach treats each meteorological
1001 year as an independent observation, allowing us to quantify the robustness of
1002 our results to different weather years.

1003 While our results are based on fleets built for specified renewable penetra-
1004 tions, we have also explored publicly available datasets for understanding the
1005 plausibility of the fleets we have obtained. One of these, the WECC anchor
1006 dataset (ADS), provides generator fleet and hourly load and renewable genera-
1007 tion shapes for 2032. The ADS renewable penetration percent is 32% with total
1008 installed capacity of 60GW in utility scale solar PV and 38GW of on-shore
1009 wind generation, which falls within our renewable penetration and installed
1010 generation ranges studied. While our methods can also be applied to that
1011 dataset to understand the meteorological drivers, we have not done so in this
1012 paper for conciseness.

4.6 Scenarios
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1 CAPACITY FACTORS

1.1 Solar
We derive hourly solar capacity factors for a EFG-Polycrystalline silicon photovoltaic module as[1]:

_ pt RSDST
RRSDSsrc

where RSDS? hourly represents surface downwelling shortwave flux in air [Wm~2] for which we use the
surface solar radiation downwards variable from ERA5, and the superscript ¢ indexes the hour. Though the
variable is referred with short name SSRD in ERA5 datasets, we refer to it as RSDS following the CF conventions
used in climate model intercomparison projects (CMIP) and in various literature. In ERA5 data, this quantity is
captured as hourly energy accumulation with units .Jm 2 but we need to calculate power derived from solar
radiation, so we divide hourly accumulation by 3600s to obtain the average power during the hour with units
Wm~2 1. All the metorological variables are discreet in time and space (at the dataset resolution), and the
index t is dropped hereafter for conciseness. In eq.A.1, RSDSgrc refers to RSDS at standard test conditions
and is equal to 1000Wm 2, and P}, is the hourly performance ratio calculated using

Pr =1+ v[Teu — Tsrc] (A2)
Teett = 1 + 0T AS + csRSDS + ¢, SW S (A.3)

CF}, (A1)

where T,j; is the PV cell temperature, TAS is surface air temperature (2m temperature in ERA5, converted
from K to °C), and SWS is surface wind speed (calculated from 10m u- and v- components of wind from ERAS5).
IneqA.2,v = —0.005°C~! and Tsrc = 25°C. In eq.A.3, c; = 4.3°C, co = 0.943, c3 = 0.028°Cm?W !, and
cs = —1.528°Csm™! [2].

1.2 Wind
We calculate wind capacity factors using the formulation described in [3] for the composite 1.5 MW IEC class

III turbine with power curves from the System Advisor Model (SAM) [4] as:
CFying = P(Wigo) (A4)

where p is a function describing the power curve and WY, is the hourly corrected 100m wind speed. The
correction accounts for air density and humidity related effects on the wind turbine performance and is carried

out as:
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Wi00 = W100,raw (%29 (A.5)
1+ HUSS
pm = Pd <1+1.609><HUSS> (8.6)
Ps (A7)

Pi= R x (TAS 1 273.15)

'https://apps.ecmwf.int/codes/grib/param-db/?id=169
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Eq.A.5 scales the wind speed Wi rqu for air density as this affects the force exerted on the turbine blades,
where p,, is the humidity corrected air density, which is in turn derived from the surface specific humidity
(HUSS) as shown in eq.A.6. pg is the dry air density which is derived using the ideal gas law from surface
pressure [units-Pa](P.S) and surface temperature (1'AS) as shown in eq.A.7, where R = 287.058.Jkg~ ' K1
is the gas constant. W1qg,qu is calculated from the 100m u- and v- components of wind from ERA5 data. Since
ERA5 doesn’t provide HU S'S, we calculate it as (ref.[5]):

0.622 x VP
HUSS = 0.0l x PS —0.378 x VP (A-8)

17.67 x TDPS
VP =6.112exp (Tpps+2435>

where V P is the vapor pressure and T'DPS is the dewpoint temperature at surface in °C(2m temperature
dewpoint temperature in ERA5, converted from K to °C).

(A.9)

Across WECC, few locations have wind speeds suitable for class I and II wind turbines based on the average
wind speed over 2015-2020 from the ERA5 data (figure A.1). As a result, we estimate wind generation for
all locations across WECC assuming a class-III wind turbine (provided in the source data 1 file). The power
curve from SAM is provided as the power output at discrete wind speeds (figure A.2), and we convert this into
a continuous function through linear interpolation using the interpld function from the SciPy package. We
include the discrete power curve in this SI.
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Figure A.1: Classification of geographical locations according to wind speed classes, based on 2015-2020 mean of 100m wind speeds
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Figure A.2: Power curve for 1.5 MW IEC class III turbine

2 CaraciTY EXPANSION MODEL
The capacity expansion (CE) model optimizes new capacity investments, operations of new and existing units,

and inter-regional electricity transfers by minimizing total system costs subject to system and unit-level con-
straints. Total system costs equal the sum of the cost of electricity generation of existing and new units and the



Parameter  Definition Unit
pMAX Maximum power rating of new unit ¢ MW
PCES MAX " Maximum energy capacity of new storage unit ¢, MW
pMAX Maximum transmission capacity of line ! MW
FOM. Fixed O&M cost of new unit ¢ $/MW/year
ocCcC. Overnight capital cost of new unit ¢ $/MW
oca Overnight capital cost of transmission expansion along line [ $/ MW
CRF. Capital recovery factor of new unit ¢ $/ MW
CRF, Capital recovery factor of new transmission line / $/MW
oC. Operational cost of new unit ¢ $/MWh
VOM., Variable O&M cost of new unit ¢ $/MWh
VOM; Variable O&M cost of existing unit ¢ $/MWh
oc; Operational cost of existing unit ¢ $/MWh
OC, Operational cost of new unit ¢ $/MWh
FC. Fuel cost of new unit ¢ $/MMBtu
FC; Fuel cost of existing unit 4 $/MMBtu
HR, Heat rate of new unit ¢ MMBtu/MWh
HR; Heat rate of existing unit ¢ MMBtu/MWh
R Discount rate = 0.07 -
LT, Life time of new units ¢ Years
NMAX Maximum number of new renewable units ¢ built Whole number
M Planning reserve margin as fraction of peak demand -
D, Total load (or electricity demand) in region z at time ¢ MWh
D, Total load (or electricity demand) across regions at time ¢ MWh

cost of new capacity investments. Electricity generation costs equal the sum of fixed operations and mainte-
nance (O&M) costs and variable electricity generation costs, which include fuel costs and variable O&M costs.
The model runs till year 2030 in a 8 year increment to meet the prescribed renewable electricity (RE) penetra-
tion level for the US Western Interconnection (WECC). In each time step, the CE model can add any number of
coal steam with carbon capture and sequestration (CCS), natural gas combined cycle (NGCC), NGCC with CCS,
nuclear, wind, solar generators, battery and long-duration storage units, as well as DAC units and transmission

line capacities.

Table A.1: List of Parameters



2.1 Functional Forms
2.1.1 Parameters and Variables

Parameter Definition Unit
P%AX’WIND Maximum aggregate wind profile in region z at time ¢ MW
Pt]ViAX’SOLAR Maximum aggregate solar profile in region z at time ¢ MW

Hy . Maximum hydropower generation in region z and time block b MWh
f\f AX Maximum charging rate of storage unit 7, MW
ivsf AX Maximum charging rate of new storage unit ¢, MW

FOR; ¢ Forced outage rate of existing unit ¢ at time ¢ -
FOR® Forced outage rate of existing wind and solar units at time ¢ -
FOR. Forced outage rate of new unit c at time ¢ -
RR Renewable generation requirement as a fraction of total WECC-wide demand -
CF,, ¢ Capacity factor of new renewable unit ¢, at time ¢ -
W Scaling factor from number of representative to total hours in time block b -
XfAX Maximum state of charge of existing storage unit i MW
X Initial state of charge as a fraction of maximum state of charge
’ in each time block for existing and new storage units

RL; Maximum ramp rate of existing unit ¢ MW

RL. Maximum ramp rate of new unit ¢ MW
n Round-trip efficiency of storage unit %
v Transmission losses per unit of electricity transferred between regions %

Table A.1: List of Parameters (Continued)



Set Definition Index Note
C Set of potential new units c -
C. Set of potential new units in region z Cs C,eC
C, Set of potential new renewable units Cr CrecC
Cs Set of potential new storage units Cs CseC
Cs. Set of potential new storage units in region z Cs, Cs, € Cs
Cy Set of potential new non-storage units Cgt Cy eC
I Set of existing units i -
I, Set of existing units in region z iz I.el
I Set of existing renewable units - L. el
T Set of existing wind units Tw I, el
L, Set of existing wind units in region z Tw, L,, €1,
I, Set of existing solar units io I, el
Lo, Set of existing solar units in region 2 %o, L, el
I Set of existing storage units s I, €l
I, Set of existing storage units in region z is, I, €1,
L Set of transmission lines l -
LOYT  Set of transmission lines flowing out of region z VT LOUT e L
LIV Set of transmission lines flowing into region z 1N LIN e L
Set of time blocks b -
T Set of hours t -
Ty Set of peak demand hour tp T,eT
Z Set of regions in WECC z .
Table A.2: List of Sets
Variable  Definition Unit
Ne Number of new units built of type ¢ Positive number
ny Total new transmission line capacity investments in line [ MW
ke, Charge and discharge capacity built of new storage unit c; MW
€ec, State of charge capacity built of new storage unit c; MWh
Dit Electricity generation (or electricity discharge) from existing unit ¢ at time ¢ MWh
De,t Electricity generation (or electricity discharge) from new unit c at time ¢ MWh
fie Total electricity flow in line [ at time ¢ MWh
Qig t Electricity to charge existing storage unit i, at time ¢ MWh
Qes .t Electricity to charge new storage unit ¢ at time ¢ MWh
Tigt State of charge of existing storage unit ¢ at time ¢ MWh
Teg t State of charge of new storage unit c, at time ¢ MWh

Table A.3: List of Variables



2.2 Objective Function

The CE model’s objective function minimizes total annual fixed plus variable costs, where fixed costs capture
investment costs in new transmission, electricity generators, and storage, and variable costs capture operational
costs of new and existing generators:

TCY% = |y "n., x PXAX x (FOM,, + OCC., x CRF.,)
Cgr

+ ) (ke, x OCC.,) x CRF,

Cs

+ 1Y m x OCCy x CRF,
L !

+ ZWb Z <Zpe¢b x OC, + sz;tb X OCi) )
3 i

ty €Ty c
VoeB,iel,ceC,cy € Cy,cs € Cy,l €LL (B.10)

where c indexes potential new units, including both non-storage and storage units; ¢y indexes potential new
non-storage units; cs; indexes potential new storage units; b indexes time blocks; ¢ indexes time intervals
(hours); i indexes existing units; [ indexes potential new transmission lines; n. is number of new unit in-
vestments; n; is total new transmission line capacity investments in line I (MW); PM4X is maximum capacity
of unit (MW); FOM is fixed operation and maintenance (O&M) costs of units ($/ MW/year); OCC' is overnight
capital cost of new investments ($/MW); C'RF' is capital recovery factor; k is power rating of new storage units;
W is scaling factor from number of representative to total hours in time block; p. is electricity generation from
new unit ¢ (MWh); p; is electricity generation from existing unit ¢ (MWh); and OC' is operational costs of new
or existing units ($/ MWh). OC'is defined for new and existing generators as:

OC; =VOM; + HR; x FC; Vi €1, (B.11a)
OC.=VOM.+ HR. x FC, Vee C (B.11Db)

where VOM is variable O&M costs ($/MWh), H R is heat rate (MMBtu/MWh), and F'C is fuel cost ($/MMBtu).
CRF, is defined as:

R
1

(14 R)"

where R is discount rate and LT is plant lifetime (years).

CRF, = Ve e C, (B.12)

2.3 System-level Constraints
The CE model enforces a planning reserve margin, which requires total adjusted capacity to exceed peak annual
demand across WECC:

> PMAX X FOR., 4 x ne,

creCy
+ Z ch‘fAX X FOR., 1 X ne, x CFg, 4
cr€Chp
+ Y FORe; x ke,
(1+M)x Dy < cs€Cs (B.13)
+ Y FOR;y x pMAX
ie(I—Iw—Ip)
+Z ( P%AX,SOLAR i PZ]\;IAX,WIND) < FO Rl};‘.{E’
z
VteT,



where ¢; and ¢, index new thermal and renewable plant types, respectively; i,, and %, index existing wind
and solar generators, respectively; z indexes regions; M is a fraction of peak demand (equal to 0.13); FOR
is forced outage rate; C'F is capacity factor; PMAX-SOLAR js maximum regional generation by existing solar
generators (MWh); PMAXWIND s maximum regional generation by existing wind generators (MWh); and
T, indicates the annual peak demand hour. Adjusted capacity here accounts for temperature-dependent forced
outage rates of generators [Table A.7] and hourly capacity factors for wind and solar facilities. Note that this
PRM is enforced across all of WECC rather than on a region-by-region basis.

The CE model also requires supply balance demand at each time step:

Dz,t+ Z Qisz,t“‘ Z Ges, t Zpiz,t+ Z Pe. it

s, E]Isz Csy E(CSZ < i€l c,€C, (B14)
+ E fl?UT7t + E fl£N7t xv, VzeZteT,
I9UTL9UT IINeLIN

where z indexes zones, [ indexes transmission lines, ¢5_ indexes existing storage units in region z, cs, indexes
new storage units in region z, i, indexes existing units in region z, ¢, indexes new units in region z, [ gN indexes
lines flowing out of region z, (Y7 indexes transmission lines flowing out of region z, q is the electricity used
to charge storage units (MWh), v indicates losses for each unit of electricity imported into a region (assumed
to be 5%), and f is electricity flows along transmission lines.

The total electricity flow through a transmission line (f; ;) cannot exceed the line’s initial transmission capacity
(PlM AX) plus new capacity investments (1n;):

fie <PMAX 4y Viel,teT, (B.15)

where [ indexes transmission lines, and f; ; is total electricity flow in line [ at time ¢t (MWh).

To examine power systems with increasing renewable penetrations, we constrain wind and solar generation
to be greater than or equal to a percentage of total electricity demand:

> pest+ Y vt =Y PHLXRR, VET, ¢ €Criy €l z€Z (B.16)

t,cr tyir t,z

where RR equals the renewables requirement as a fraction of total demand. We enforce this constraint at the
WECC-level.

2.4 Unit-level Constraints

2.4.1 Investment constraints

The CE model places an upper bound on wind and solar investments by grid cell based on the area of each grid
cell and the energy density of wind and solar:

0 < ne, x PMAY < NMAX "y e, (B.17)

where n.,. equals investment in new wind or solar plants. Maximum wind and solar investment per grid cell
equals 8.8 and 55.5 GW, respectively, using densities of 0.9 and 5.7 W/m? [6] and the approximate area of 961
km? corresponding to a 0.25 Degree latitude x 0.25 Degree longitude grid cell.

2.4.2 Generation constraints
For existing generators, electricity generation is limited by the generators’ capacities:

0 < pis < PMAX

>~ 1Ly 9

VieT,iel (B.18)



Combined electricity generation by existing wind and solar generators is limited to aggregate wind and solar
generation profiles:

3" pi.a < PMAXWIND e,z ez, (B.19a)
iy €L,

Z Dio, t < PZA,/,;[AX’SOLAR, VteT,ze€Z, (B.19b)
1o, Elo,

New generators’ electricity generation cannot exceed their new capacity investments:

ngc,tSnCXPMAX

c )

VieT,ceC (B.20)

Electricity generation by new renewable generators is also constrained by site-specific capacity factor time-
series:

Pert <M, x PMAX X CF, 4, VteT, ¢ €C, (B.21)

Hydropower generation is constrained based on observed data for each of our weather years. Since we ignore
transmission constraints within each of our five regions, we aggregate hydropower capacity by region, then
limit total hydropower generation by time block:

Z Piy, ty < Hb,zvvz €Z,becB (B.22)
thTbvihz Elhz

where i;,, indexes all hydropower units in region z and Hj, , equals maximum toal hydropower generation in
time block b and region z [2.6.2].
The CE model places an upper bound on upwards changes in electricity generation from one time period to
the next, i.e. in upward ramps, for new and existing units:
Dity, — Dity—1 < RL;, Vit >1,i€l (B.23a)
Doty — Dety—1 < e X PMAX S RL, Wty >1,c€C (B.23b)
where RL equals the ramp limit. We only constrain upwards ramps for two reasons: (1) downward ramps
can be more easily achieved through curtailment of renewables than upwards ramps and (2) for computational

tractability. Ramping constraints for new and existing generators are enforced between time periods within
each time block, but not between time blocks.

2.4.3 Storage constraints

The energy capacity of storage built of (e.,) is constrained to a fixed energy to power ratio (P AXy pM A4X)
times invested power capacity:
PpEMAX
0 < €c, < ‘I;WﬁkcéW VCS S (CS (B24)
Cs

For storage units (5, ¢5), state of charge (SOC) (x (MWh)) depends on the prior period’s state of charge, electric-
ity discharge (p (MWh)), and energy inflow (or charging) (¢ (MWh)) while accounting for round-trip efficiency
(n) losses:

0< @i, =41 — 1/\/0 X Pt + V0 X qie < XMAX VE> 1,4 € I (B.25a)
0< Tt =2Teyt—1— 1/\/17 X Peat + /M X Qegt < €y, VE>1,c5 € Cy (B.25b)

We assume 81% round-trip efficiency for all storage units.



In hour 1, the state of charge is assume to equal to a fixed fraction (X,) of the maximum state of charge:

T p=1 = Xo X Xijl/[AXv Vis € I (B.26a)
Teyp=1 = Xo X €c,, Ves € Gy, (B.26b)
where X is the initial SOC fraction.

Charging and discharging are limited by max discharge and charge rates, which for new generators are decision
variables noted above, and must be greater than zero:

pit < PMAY . Wi el teT (B.27a)
Dest < kiy, Ves € Cy,t €T (B.27b)
0< g <QMA, Viyel,teT (B.27¢)
0<gqe,t <ki, VeseC4teT (B.27d)
where Qf\f AX equals the maximum charging rate of storage assets, which we set equal to Py AX

Discharging cannot exceed the prior period’s state of charge:

Digt < Tigt—1 \V/’is € Hs,t >1 (B.28a)
Des t < Teg t—1 VCS S Cs,t > 1 (B28b)

2.5 Model Solutions

The CE model solution determines new investments in generators, storage, and transmission assets by region
or (in the case of wind and solar) grid cell; hourly electricity generation of new and existing units; hourly
discharging, charging and states of charge of storage units; and electricity flows between regions. These so-
lutions result from solving the optimization model described above with objective function B.10 subject to all
constraints listed above [B.13,B.14,B.16,B.17,B.18,B.19,B.20,B.21,B.22,B.23a,B.24,B.25,B.26,B.27,B.28].

2.6 Data
In this section, we discuss the data and intermediate steps to calculate the parameters that are used in the
model.

2.6.1 Regional Demand for Electricity
The sub-regional loads are constructed by aggregating loads in smaller balancing authorities located within
their boundaries. Table

Sub-region Balancing Authorities aggregated to find demand

CAMX CISO, BANC, TIDC, LDWP

Desert Southwest  IID, AZPS, SRP, EPE, PNM, TEPC, WALC

NWPP Central NEVP, PACE, IPCO, PSCO

NWPP NE WACM, NWMT, WAUW, PACE

NWPP NW PSEL, DOPD, CHPD, AVA, TPWR, GCPD, BPAT, PGE, PACW, SCL

Table A.4: Sub-region — balancing authority mapping to obtain aggregate demand

2.6.2 Generator Fleet

Initial Generator Fleet To construct our 2020 initial representative existing generator fleet, we begin with
unit-level data on active existing units from The National Electric Energy Data System (NEEDS) dataset version
6 (updated in June 2020) (accessed 10/02/2021) [7]. Because NEEDS lacks storage unit parameters and other
parameters need in our CE model, we merge the NEEDS dataset with EIA860 dataset [8] and add carbon dioxide
(CO,) emission rates from the the U.S. Energy Information Administration (EIA)’s Carbon Dioxide Emissions
Coefficients [9], fuel prices from EIA’s Annual Energy Outlook 2020, Table 3. Energy Prices by Sector and Source
[10], and variable operation and maintenance (O&M) costs from [11]. We isolate generators within WECC,



our study region, using shape files of balancing areas within WECC from NREL’s ReEDS model [12]. Our
initial generator fleet is described in the table A.5. The other type of generators in the table below include
geothermal, different types of waste, biomass, and other small fossil generators, which are all modeled as
dispatchable capacity in the CEM and RAM.

Sub-region Combined cycle  Simple cycle Hydro Nuclear Steam turbine Solar  Storage Wind Other
gas gas coal

CAMX 20641 10825 10147 0 17 10644 3660 5764 4010

Desert Southwest 11256 4855 3840 3937 5333 2303 287 1488 363

NWPP Central 10486 5053 954 0 6693 3128 670 3636 1045

NWPP NE 94 465 3493 0 6562 40 0 2906 23

NWPP NW 6619 1669 32091 1180 0 356 364 6568 557

Table A.5: Initial generator fleet capacity of each generator type (in MW) across the subregions

Hydropower Generation Inthe CEM, we dispatch hydropower generation on a regional hourly basis as an
energy-limited resource [ref eq. B.22]. Energy limits are defined for each time block using historic, weather-
year-specific generation from Form EIA-923. We estimate monthly historic generation for each weather year
by matching hydropower ORIS plant codes between our initial generator fleet and Form EIA-923. We then
convert monthly generation to a total energy budget for each time block modeled in the CEM (4 representative
blocks per season and 1 day for peak annual demand, net demand, and 1-hour upward ramp). This conversion
happens in two steps. First, we divide monthly to hourly hydropower generation budgets using the proportion
of monthly to hourly net demand. In some cases, this results in hours with generation exceeding regional
hydropower capacity. For these hours, we iteratively reallocate surplus hourly generation to other hours us-
ing the proportion of monthly to hourly net demand, until regional hydropower generation does not exceed
regional capacity in any hour. Finally, we sum hourly hydropower generation for all hours included in each
time block.

Generator Fleet Compression Because the existing generation fleet in WECC is large with over 4,500
units, we combine (or aggregate) existing small generators into larger generators for computational tractability.
We aggregate generators within the same region using two steps and several criteria. First, for each fuel
type and plant type with zero marginal costs, we aggregate all generators into a single generator by region.
Zero marginal cost generators include all geothermal, wind, solar, landfill gas, municipal solid waste, biomass,
and non-fossil waste generators. Second, for each fuel type and plant type with non-zero marginal costs,
we aggregate generators based on age and heat rate to preserve heterogeneity in operational costs. These
non-zero marginal cost units include distillate fuel oil, natural gas combined cycle, natural gas combustion
turbine, residual fuel oil, and coal (including bituminous, sub-bituminous, and lignite) generators. Specifically,
by region, plant type, and fuel type, we divide generators into 4 heat rate blocks, then aggregate generators
together within each heat rate block by decade between 1975 and 2026. We aggregate generators up to 200 MW
in size in this manner, and create combined generators of up to 10,000 MW. These size thresholds significantly
reduce the size of the generator fleet while still individually modeling mid- to large-sized power plants. Heat
rates and CO, emission rates of the aggregated generators equal the capacity-weighted heat rates and CO,
emission rates of their constituent generators.

2.6.3 Generator Investment Options

The CE model determines generator additions of three plant types: wind, solar PV, and 4-hour utility-scale
battery storage. We obtain overnight capital costs and fixed and variable operation and maintenance (O&M)
costs from NREL’s Annual Technology Baseline (ATB) moderate technology development scenario for 2030
[11]. For computational tractability, we remove the lowest 40% of possible wind and solar investment locations
in each region (i.e., grid cells) based on average annual capacity factor prior to running our CEM, leaving us
with roughly 3,000 wind & solar locations across WECC.

2.6.4 System Topology
Our resource adequacy (RA) model uses the five regions that WECC uses to quantify resource adequacy in
WECC [13]: NWPP NW, NWPP NE, CAMX, Desert Southwest, and NWPP Central [see figure A.3]. To align
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regions between the CE and RA models, we model these same five regions in our CE model.

Within each of these regions, we ignore transmission constraints. Between regions, we enforce transmission
constraints. Given the lack of data regarding transmission constraints between our WECC resource adequacy
regions, we estimate inter-regional transmission constraints using data from the National Renewable Energy
Laboratory (NREL) Regional Energy Deployment System (ReEDS) model. ReEDS provides transmission con-
straints between 35 balancing areas across WECC. We assign each balancing area to a region using spatial
overlays, then set transmission constraints between each pair of regions as the sum of transmission constraints
between each pair of balancing areas within each region. Using this method, we identify seven inter-regional,
bi-directional transmission constraints. For each of these seven inter-regional transmission constraints, we
limit hourly inter-regional electricity transfers to an upper capacity bound.

In addition to enforcing existing transmission constraints, the CE model can also invest in new transmission
capacity between each of the seven inter-regional transmission interfaces identified above. Similar to other
macro-scale planning models [14], we assume costs scale linearly with new transmission capacity, allowing us
to maintain a computationally tractable linear program (LP). Per-MW costs of transmission expansion equal
the distance (in miles) between the two centroids of interconnected regions times the per MW-mile cost of each
bi-directional transmission line. We estimate this cost as the median of costs between each pair of balancing
authorities between regions, which is taken from NREL’s ReEDS Model’s open access github [12]. Table A.6
depicts all possible combinations of aggregate links between our five load regions and their respective aggregate
capacities and total cost per MW.

2.7 WECC subregions
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Figure A.3: WECC subregions used in the CEM and RAM. Arrows show transmission flows between the subregions.

Transmission Capacity between Total Capacity (GW)  Expansion Cost (1000$/MW)
NWPP-NW and NWPP-NE 12.3 474

NWPP-NW and CAMX 7.1 1,018
NWPP-NW and NWPP-Central 1.5 569

NWPP-NE and NWPP-Central 6.0 431

CAMX and Desert Southwest 3.0 1,070

CAMX and NWPP-Central 4.6 816

Desert Southwest and NWPP-Central 5.6 348

Table A.6: Transmission Networks within WECC

2.8 Model Code and Data Availability
CEM code and data are available at https://github.com/atpham88/US-CE.
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3 RESOURCE ADEQUACY MODEL

3.1 Transmission between sub-regions

The transmission energy balance between the WECC subregions is modelled as a simple network flow problem
without accounting for direction of flow in the circuit. For each iteration and each hour where there is a deficit
in any sub-region, this flow problem is solved as a linear program.

3.1.1 Objective
The objective is to minimize the cost of transmission flow and cost of energy not served.

min Tc X 05 ENSC i
min Z [ (Z‘f])Jr X €]
i INE= (C.29)

Vi, j € [1,N]

Where N is the number of sub-regions (henceforth referred to as nodes), f;; is the unidirectional flow from
node i to j, and e; is energy not served or energy deficit at each node, T, and EN S, are the line transmission
and energy not served cost (both $/ MW h).

3.1.2 Constraints

Z(fz‘j—fji)—ez'SRi Vi€ [1,N]
537 (C.30)
0< fij <Fij, >0 Vi,jell,N]

where R; € R is the residual or net load in each node and Fj; is the flow limits on each transmission line. When
the residual is positive the node can export and when the residual is negative the transfers into the region is
positive or there is unserved energy.

3.2 RAM iteration convergence

Figure A.4 provides the LOLH, EUE, and simulation time across 25 simulations for 250 and 500 Monte Carlo
iterations for the weather year 2017 and 45% RE penetration scenario. As the iteration size increases, the
distribution of LOLH estimates tightens. Increasing iterations results in narrowing of the LOLH distribution,
with similar range in EUE, but increases computation time by more than 3x. For other weather years and
RE scenarios, the simulation times is much higher, for instance, with RE=45% and 2019 weather year, this
simulation takes around 4 hours to complete. Since we are more interested in the timing of the risk hours and
not amount of risk throughout our analysis, this variation in LOLH does not impact our findings.

3.3 Forced outage rate
Table A.7 shows the outage probabilities of the various generators as a function of ambient temperature.

Table A.7: Temperature dependent forced outage rates of different generators

Closest temperature

-15 -10 -5 0 5 10 15 20 25 30 35
value [°C]

Nuclear 19% 1.8 % 1.7% 18% 19% 21% 27% 31% 39% 66% 124 %
Combined cycle gas 149% 81% 48% 33% 27% 25% 28% 35% 35% 41% 72%
Simple cycle gas 199% 99% 51% 31% 24% 22% 24% 27% 31% 39% 66%
Steam turbine coal 133% 11.2% 99% 91% 86% 83% 84% 86% 94% 114% 14. %
Hydro 7% 43 % 32% 27% 26% 26% 27% 27% 25% 29% 8.2 %
Solar, wind,

oAt Wil 5 5% 5% 5% 5% 5% 5% 5% 5% 5% 5%

storage, other
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Figure A.4: Variation in range of LOLH with increasing number of Monte Carlo samples

4 SELF ORGANIZING MAPS AND WEATHER PATTERNS

To test the sensitivity of the SOM technique to grid size and training iterations for identifying weather regimes
(WR), we use the metrics quantization error (QE) and topographic error (TE) [15]. QE represents the variance
within the SOM node and is calculated as the L2 error between the daily circulation maps assigned to a node
and the node centroid. TE represents the continuity in the map. TE is calculated by finding the fraction of
inputs for which the best matching node (the node it is assigned to) and the second best matching node are not
neighboring WRs. So, we want to minimize QE to make the node centroid (weather pattern for our purposes)
more representative of the maps assigned to it and minimize TE to ensure the map nodes are topologically
continuous. Figure A.5a shows how QE and TE vary for different grid shapes used to train the SOM. We find
that a 3x3 grid produces a map that best balances QE and TE. Figure A.5b shows the sensitivity of QF and TE
to training iterations. We find 1000 or 5000 iterations is optimal to minimize both QE and TE. Though 1000
iterations does marginally better in comparison to 5000 iterations, we get more stable maps when retraining
using 5000 iterations, hence use that to obtain our weather patters.

13



Quantization error

Figure A.6: Weather patterns representing the weather regimes with the titles for each panel indicating the number of extended
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Figure A.5: Quantization and topographic error for different (a) grid shapes of the SOM (row x columns) (b) training iterations
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increasing renewable penetrations.
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Figure A.10: LOLH and EUE across the weather years with increasing RE generation levels
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Figure A.11: Composites of surface temperature (A), surface solar radiation (B), and 100m wind speeds (C) anomalies. The
composites are constructed based on the hours from 2016 extended summer belonging to each weather regime.
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composites are constructed based on the hours from 2017 extended summer belonging to each weather regime.
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Figure A.13: Composites of surface temperature (A), surface solar radiation (B), and 100m wind speeds (C) anomalies. The
composites are constructed based on the hours from 2018 extended summer belonging to each weather regime.
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Figure A.14: Daily surface solar radiation anomalies on days with RA failure events for RE penetrations from 30% to 60% across the
weather years.
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Figure A.15: Daily 100m wind speeds anomalies on days with RA failure events for RE penetrations from 30% to 60% across the
weather years.
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Figure A.16: Daily Z500 anomaly on August 14th and 15th 2020 (Top panels) and WPs 8 and 9 from the extended summer weather
regimes (Bottom panels).
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