
ABSTRACT 

WESSEL, JACOB ALEXANDER. Grid Technology Pathways Could Drive the U.S. West Coast 
Power System’s Exposure to Hydrometeorological Uncertainty. (Under the direction of Dr. 
Jordan Kern). 
 

Previous studies investigating deep decarbonization of bulk electric power systems and 

wholesale electricity markets have not sufficiently explored how future grid pathways could affect 

the grid’s vulnerability to hydrometeorological uncertainty on multiple timescales. Here we 

employ a grid operations model to “stress test” an ensemble of future grid pathways for the U.S. 

West Coast using an expanded synthetic weather dataset. Our results show that gradual changes in 

the underlying capacity mix from 2020 to 2050 can cause significant “re-ranking” of weather years 

in terms of annual wholesale electricity prices (with “good” years becoming bad, and vice versa). 

Nonetheless, we find the highest and lowest ranking price years in terms of average electricity 

price remain mostly tied to extremes in hydropower availability (streamflow) and load (summer 

temperatures). Seasonal dynamics seen today involving spring snowmelt and hot, dry summers 

remain well-defined out to 2050. In California, future supply shortfalls are greatest under future 

pathways involving widespread vehicle electrification, and are concentrated in the evening and 

occur mostly during periods of high temperature anomalies in late summer months and in late 

winter; in the Pacific Northwest, these shortfalls are much more strongly tied to negative 

streamflow anomalies. We also find that the ratio of dispatchable thermal capacity to wind and 

solar seen in existing capacity expansion models may significantly underestimate the levels 

required to ensure grid reliability under stationary hydrometeorological uncertainty. 
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Introduction 

In response to policy initiatives aimed at reducing carbon emissions and increasing cost 

competitiveness, adoption of variable renewable energy, electric vehicles, and energy storage 

technology in the United States continues to grow. Many previous investigations have explored 

the wide-ranging effects of deep decarbonization of electric power systems on cost (including 

market prices), system reliability, and environmental performance [1]–[7]. However, key 

questions remain unanswered, including the vulnerability of future grid configurations to 

uncertainty in hydrometeorological conditions. 

In many major U.S. power markets, interactions between supply and demand (and thus 

price dynamics) are strongly affected by weather [8]. Electricity demand fluctuates constantly, 

driven in large part by changes in heating and cooling demand, which are themselves driven by 

weather (air temperatures, wind speeds, and humidity) [9]. Demand must be balanced in real-time 

using available supply (i.e. installed generating capacity and the mix of resources used). Available 

supply of electricity can also be heavily influenced by hydrometeorological conditions. 

Streamflow dynamics govern the timing and availability of hydropower and the availability of 

cooling water at some thermal power plants. As a result, variable hydrologic conditions across 

seasons and years are known to significantly alter power system costs, market prices, and 

emissions of carbon dioxide (CO2) [8]–[10]. Variable renewable energy production (i.e. wind and 

solar power) is similarly limited by solar irradiance and wind speeds, and fluctuations in these 

processes can affect prices and emissions, with the strongest effects typically observed on shorter 

(daily and hourly) timescales [11]–[14].  

As installed wind and solar capacity increases, the grid’s power supply is likely to become 

even more sensitive to fluctuations in wind speeds and solar irradiance. How this gradual, 
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increased exposure to uncertainty in wind speeds and solar irradiance will combine with multi-

scale variability in air temperatures and streamflows to affect grid performance remains an 

outstanding research question. 

This question is particularly relevant for the West Coast region of the United States (U.S.), 

where California and Washington State both aim to meet 100% of their electricity demand from 

zero-carbon sources by 2045, while Oregon is aiming for 50% by 2040 [15]. Without adequate 

planning, the West Coast power system’s increased reliance on renewable energy may expose 

systems to potential supply shortfalls if periods of low wind speeds and incoming solar irradiance 

coincide with periods of high demand (e.g. a heat wave), forcing operators to interrupt electricity 

service for consumers. A recent example of this phenomenon are the rolling blackouts that 

occurred in California in summer 2020 [16]. On the other hand, increased adoption of variable 

renewable energy may also create more frequent periods of “oversupply” on the grid, when the 

availability of renewable energy (in combination with “must run” resources like nuclear power) 

can eclipse demand, leading to forcible curtailment of renewables and negative wholesale prices 

[17]–[19]. Already in California’s wholesale electricity market, electricity prices regularly reach 

low (and even negative) levels when there is a glut of renewable energy on the grid [20]. 

In future grids dominated by a combination of hydro, wind, and solar power, 

hydrometeorological uncertainty (including extreme events) may make the challenge of 

maintaining a constant balance in supply and demand even more difficult. However, variable 

renewable energy is only one of several different new technologies that could reshape grid 

operations. Future grid configurations are also likely to include significantly higher levels of grid-

scale battery storage and electric vehicles [21], [22]. These may also (indirectly) alter the grid’s 

sensitivity to hydrometeorological uncertainty. For example, the role of battery storage is to help 



   

3 
 

manage supply intermittency, allowing system operators to time-shift the use of wind and solar to 

hours in which demand and/or price is highest. In theory, the result would be less volatile intra-

day price patterns and a lower need for structural redundancy (generation capacity and operating 

reserves) [23]–[25]. Grid storage can also reduce the curtailment of renewables during oversupply 

events [26], [27].  

Electric vehicle adoption has been steadily increasing in the United States recently, 

especially in California [28]. As the shift towards widespread electrification of the transportation 

sector continues, the effects will be felt by grid operators, most notably in the form of altered 

aggregate hourly electricity demand from vehicle charging, including altered timing and 

magnitude of peak demand hours [29], [30]. Electric vehicles thus represent a confounding 

variable that could either exacerbate or mitigate the effects of hydrometeorological uncertainty on 

electricity prices, grid reliability, and CO2 emissions.  

As the West Coast grid continues to evolve, its physical and financial exposure to 

fluctuations in hydrometeorological conditions is likely to change as well, even without factoring 

in the anticipated effects of climate change. Compared with climate change, a rapid transition to 

variable renewable energy may even represent a more potent force in altering hydrometeorological 

risks, at least in the short term. While there have been major efforts to explore power system and 

market dynamics under future grid configurations, including on the West Coast, few have 

adequately explored this system’s exposure to stationary hydrometeorological uncertainty, 

including “compound extremes” (multiple hydrometeorological extremes occurring 

simultaneously across space) [3], [31]–[33]. At the same time, most previous studies focused on 

grid impacts from hydrometeorological conditions do not consider how these sensitivities will 

change as the underlying technology mix evolves [34], [35]. As electric power systems strive to 
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achieve ambitious decarbonization goals, it is especially important that power system operators 

and market participants understand and anticipate rate of change in weather sensitivity. This 

includes the potential for threshold effects, where sensitivity to weather increases rapidly in 

response to alterations in the generation mix.  

Here, we explore how grid technology pathways (i.e. increasing levels of variable 

renewable energy, electric vehicles, and battery storage) could control the West Coast power 

system’s exposure to hydrometeorological uncertainty. We couple an open-source power system 

simulation tool with methods for stochastically modelling the availability of hydropower, wind 

and solar power, and electricity demand, which take as inputs synthetically generated 

hydrometeorological time series. This allows us to capture impacts from 100-year and even 1000-

year statistical events that would not otherwise be discoverable within a limited historical dataset. 

We explore a wide range of alternative grid technology pathways that vary principally in the degree 

and rate of uptake of renewable energy, electric vehicles, and energy storage, using scenarios 

developed by the Regional Energy Deployment System (ReEDS) capacity forecasting model [36]. 

Results obtained by this study significantly improve knowledge regarding future 

hydrometeorological risks in bulk electric power systems, providing a roadmap that decision 

makers can use to understand how sensitivity to weather will evolve as a function of technology 

choices. 
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Methods 

Power Systems Modeling 

In order to simulate the operations of the U.S. West Coast bulk power system, we make 

use of the CAPOW (California and West Coast Power Systems) model, which was developed 

specifically to explore the impacts of hydrometeorological uncertainty on the performance of this 

regional grid [37]. CAPOW generates expanded synthetic records of hydrometeorological data and 

converts these to relevant power system inputs, which are then fed to multi-zone unit commitment 

and economic dispatch (UC/ED) problems that separately represent the operations of two major 

wholesale markets: the California Independent System Operator (CAISO) and the informal Mid-

Columbia (Mid-C) covering the majority of the Pacific Northwest. As shown in Figure 1, the 

CAPOW model’s topology consists of five zones connected by aggregated transmission lines. 

Zones 1-4 make up CAISO, while Zone 5 represents the informal Mid-C. Each zone has its own 

time-varying electricity demand and generation portfolio. Although neighboring zones are not 

mechanistically modeled in CAPOW, power exchanges with these outside regions (as well as 

between the Mid-C and CAISO systems) are trained on historical data and represented statistically 

as time-dynamic imports and exports. 
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Figure 1: System topology of CAPOW model, showing the five modeled zones. 

Operations in each market are represented using a separate UC/ED formulated as an 

iterative, mixed-integer linear program. Each UC/ED is coded in Python using the Pyomo 

optimization package, and solved with Gurobi. Using a 48-hour operating horizon, each UC/ED 

solves for the minimum cost of meeting demand and operating reserves by first committing 

adequate flexible generation capacity and then dispatching the optimal amount by each committed 

generator on an hourly basis. To avoid the model having perfect foresight, only the first 24 hours 

of the operating horizon are saved from each model iteration, while the rest is discarded and the 

model shifts 24 hours into the future. This optimization is repeated until a full year is simulated, 

which takes approximately 10 hours on North Carolina State University’s high performance 

computing cluster. 
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Future Grid Pathways 

We explore a range of potential future grid pathways, in which installed grid technology 

mixes evolve on a state-by-state basis through the year 2050. These pathways are the output of 

selected standard technology and policy trajectories produced by the National Renewable Energy 

Laboratory’s Regional Energy Deployment System (ReEDS) capacity expansion model [36]. The 

ReEDS model iteratively solves three interdependent modules (supply, demand, and variable 

renewable energy) to reach a power system equilibrium at each future time step. These solutions 

plot the evolution of the U.S. electric power system over time, given a scenario-specific set of 

assumptions (e.g. technology and fuel costs). From the ReEDS model outputs, we collected the 

average annual load (in TWh) and installed generation capacity (in GW) for each technology, for 

each state in our study area, in five year “stages” ranging from 2020 to 2050. Five distinct 

technology pathways were considered: 1) a Mid-case (reference pathway) projecting business-as-

usual conditions (MID); 2) a High Electric Vehicle Adoption pathway (EV); 3) a Low Battery 

Storage Cost pathway (BAT); 4) a Low Renewable Energy Cost / High Natural Gas Price pathway 

(LOWRECOST); and 5) a High Renewable Energy Cost / Low Natural Gas Price pathway 

(HIGHRECOST). These technology pathways were chosen heuristically based on a desire to 

achieve cross-scenario diversity and to highlight specific emerging technologies. Each pathway 

was then simulated in detail, using the CAPOW model to explore the evolving vulnerability of the 

West Coast power system to hydrometeorological uncertainty and extremes. In the remainder of 

this paper, we refer to each combination of pathway/stage as a “scenario”. We explore 35 unique 

scenarios in all (5 ReEDS pathways x 7 stages (2020, 2025 … 2050)). 

In order to separate the role of altered technology mix from any confounding effects related 

to population growth or climate change over the period 2020-2050, each scenario’s generation mix 
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was mapped to weather-adjusted 2016 load levels as a preprocessing step. Using the state level 

ReEDS model output, capacity additions (in MW) of wind, solar, and battery storage were scaled 

back so that the ratio of installed capacity of each technology to average annual load in the 

CAPOW model is the same as in each ReEDS scenario. We then scale state level projects down 

to the balancing authority level.  

We ignore future plant retirements, so any thermal power plant online today is essentially 

assumed to be available in 2050. In our modeling, technology pathways differ only in terms of rate 

and amount of installed renewable energy capacity, battery capacity, and electric vehicle charge 

load added to the 2016 grid. This assumption limits our ability to discuss simulation results in 

terms of commonly used reliability metrics (e.g. loss of load probability), since under most 

pathways our modeled systems have excess capacity. However, we do report alternative reliability 

metrics that may be valuable to system planners, such as the amount of dispatchable natural gas 

generation needed to avoid loss of load. Figure 2 shows capacity additions of clean technologies 

under each scenario for the CAISO system. A similar figure for the Mid-C market can be found in 

the Appendix (Figure A.1). 
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Figure 2: Capacity mix changes over time for each technology pathway in the CAISO system. 

For this study, we updated the original version of CAPOW to include representations of 

battery storage and electric vehicles. Battery storage was added to the mixed integer linear program 

in the form of a new type of generator with a single aggregate capacity for each of the 4 modeled 

zones in CAISO and a single aggregate capacity for the Mid-C market. Operational constraints on 

the batteries link and control the state of charge (SoC), energy balance across time (including 

battery efficiency losses) [23], [24], [31], [34], and charging and discharging rates (assumed to be 

20% and 80% of the battery’s total capacity, respectively) [24], [31]. Battery operations directly 

affect the larger system power balance constraint, with the battery’s discharge added to supply and 

the battery’s charge added to load. 
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Electric vehicles were exogenously defined (associated loads are outside the control of the 

optimization). We combine projections of the number of electric vehicles in use with pre-specified 

charging profiles per vehicle to get aggregate electric vehicle load for each zone in CAPOW. The 

number of electric vehicles in use was estimated using data available from NREL’s 2018 

Electrification Futures Study [21], which gives electric vehicle projections to 2050 under both a 

business-as-usual reference case and a high adoption case [38]. The high electric vehicle (EV) 

pathway utilizes this high adoption case, while the other four pathways use reference electric 

vehicle levels. Because the NREL Electrification Futures data estimated national electric vehicle 

adoption, it was necessary to scale to the state level. For simplicity, we assumed that the proportion 

of total electric vehicles that each state adopted was equal to its proportion of the national 

population. We used state population projection data from the University of Virginia [39] to 

calculate the number of electric vehicles adopted in each state through 2050 and scaled this result 

back to only include the balancing authorities included within CAPOW, similar to how wind and 

solar capacities were scaled. Figure 2 (bottom right panel) shows the load added to the system due 

to the inclusion of electric vehicle adoption under the high electric vehicle adoption (EV) pathway. 

The time-varying load that charging electric vehicles add to the grid was simplified with 

several assumptions. An aggregate 24-hour load profile giving the amount of power (in 

kW/vehicle) demanded at each hour of the day was adapted from [40] and can be found in the 

Appendix (Figure A.4). This profile was assumed to not vary seasonally or interannually. Also, 

our approach does not include any representation of controlled charging or any two-way, dynamic 

interaction between the grid and the aggregate electric vehicle charging profile. 

Multiplying the hourly profile by the number of electric vehicles gives the additional load 

that must be met by the system. The added load from electric vehicles was then scaled, similar to 
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additions of renewable energy and batteries. We calculated the ratio of electric vehicle load in each 

hour to the average annual load simulated by the ReEDS model for each technology pathway, and 

the absolute value of electric vehicle load in CAPOW was adjusted to the same ratio, using 

weather-adjusted 2016 load. 

Synthetic Weather Generation 

Air temperatures, streamflow, wind speeds, and solar irradiance are the main drivers of 

uncertainty in the CAPOW model, driving stochastic model inputs such as electricity demand and 

the availability of wind, solar, and hydropower. However, available records of 

hydrometeorological data are generally not long enough to capture the full range of plausible, 

multivariate extremes. Instead, we rely on a 1000-year “synthetic” dataset of hydrometeorological 

conditions across the West Coast to explore the sensitivity of the grid to weather under different 

future technology pathways. 

This study makes use of the same 1000-year synthetic dataset of air temperatures, 

streamflow, wind speeds, and solar irradiance described in [41], which has been shown to closely 

reproduce observed statistical properties in weather and streamflow variables while also covering 

a wider range of conditions and plausible extremes. This synthetic dataset covers 17 

meteorological observation stations in the NOAA GHCN database [42], [43] (mostly airports in 

major cities as well as areas with large installments of wind power); 6 sites from the National 

Renewable Energy Laboratory (NREL) National Solar Radiation Database (NSRDB); and 108 

streamflow gages throughout the Pacific Northwest [44] and California [45]. 

In previous work, it was found that 1000 years is an appropriately sized synthetic dataset 

for capturing the distribution of possible outcomes, including “compound” extremes (e.g. low wind 

days during heat waves in drought years) that arise from combinatorial uncertainties in streamflow 
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and weather [41]. However, running each member of this 1000-year stochastic ensemble through 

the UC/ED model for each of the 35 unique future scenarios is prohibitively expensive 

computationally. Instead, the 1000-year dataset was sampled to create a smaller 100-year dataset 

of synthetic weather to explore within each scenario. Each stage of each technology pathway is 

then subjected to a 100-year synthetic weather sample, so that any resulting differences in 

performance across scenarios are due only to differences in the underlying technology mix. 

Although the full 1000-year dataset is a reasonably representative distribution of possible 

hydrometeorological conditions, randomly sampling a small portion of this distribution would 

likely fail to capture the widest range of possible conditions. Therefore, we use a non-random 

sampling technique to expose the model to a more diverse set of conditions across variables. First, 

we select years with minimum, maximum, and 5th/95th percentiles in annual air temperatures, 

streamflow, wind speeds, and solar irradiance, for both California and the Pacific Northwest (32 

years). After these extreme years are chosen, the remaining years in the dataset are filled out via a 

Latin hypercube sampling of the remaining 968 years. Latin hypercube sampling technique (as 

opposed to a random sample) gives us the ability to evenly sample more diverse combinations of 

variables, which may not reveal themselves in random samples due to covariance. 

While the reduced 100-year sample covers the range of possible conditions in the larger 

1000-year dataset (see Figure A.5 in the Appendix), it does so by oversampling the extremes and 

non-randomly sampling the remaining dataset to achieve a greater diversity of outcomes. As a 

consequence, our results should not be viewed in terms of “risk” and/or the joint probability space 

of the hydrometeorological variables considered. Rather, our study provides a rigorous sensitivity 

analysis aimed at assessing possible vulnerabilities of the infrastructure system under a wider range 

of future conditions. 
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UC/ED Time Series Inputs 

The dynamic operating conditions of the UC/ED are driven entirely by 

hydrometeorological inputs, as detailed in [37]. Time series of synthetic wind speeds and solar 

irradiance are used as inputs in multivariate regressions trained on observed data, which generate 

synthetic records of daily wind power and solar power production at each zone in CAPOW. These 

are then downscaled to an hourly time step by conditionally resampling from the historical record. 

Peak daily electricity demand is similarly estimated using multivariate regressions of historical air 

temperatures and wind speeds and then downscaled to an hourly time step. Streamflow data are 

used to simulate daily availability of hydropower in each zone of CAPOW using a combination of 

hydrologic mass balance and parameterized statistical models of hydroelectric dams in several 

major river basins. Daily volumes of hydropower are then dispatched optimally on an hourly basis 

by the optimization process in each UC/ED. Model outputs are thus directly a product of: 1) the 

exogenously defined electricity generation mix from ReEDS; and 2) stochastic weather processes 

that influence dynamic load, and the availability of wind, solar, and hydropower on a daily and 

hourly basis. 

Performance Metrics 

CAPOW tracks the performance of each scenario in terms of system-wide production costs 

(in $US), zonal market prices ($/MWh), greenhouse gas emissions (tons), and the amount of 

additional “firm capacity” needed to avoid loss-of-load (in MW, calculated as the maximum 

amount of electricity produced by “slack” variables in model simulations). Pushing the 100-year 

synthetic weather dataset and each of 35 future grid scenarios through the CAPOW model’s 

UC/ED framework gives 3,500 one-year model runs, each of which is evaluated on a seasonal, 
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daily, and hourly basis. We also identify the frequency and magnitude of “oversupply” events 

across different modeled technology pathways and at each stage in the future. 
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Results and Discussion 

Interannual Variability 

Our analysis of the CAPOW model’s outputs is organized by timescale, beginning with a 

discussion of interannual variability in system performance across the full 3,500 model realizations 

(simulated years). Interannual results here are concerned with yearly averages of the market price 

of electricity, as well as the total CO2 emissions, weather conditions, and electricity dispatched by 

every generator. The results are then interpreted on increasingly more resolved timescales, from 

seasonal phenomena down to hourly events. In discussion of our results, we assume a naming 

convention for each model realization that combines the technology mix (MID, BAT, EV, 

LOWRECOST, HIGHRECOST), future stage (2020, 2025 … 2050), system of interest (CAISO 

or Mid-C), and an integer from 0 to 99, representing a particular synthetic weather year. 

Figure 3 shows results for the 100 synthetic weather years within the BAT technology 

pathway for the CAISO system (refer back to Figure 2 and Figures A.1-A.3 in the Appendix to see 

how the capacity mix changes over time for this pathway in each region). Similar plots for every 

technology pathway and region can be seen in the Appendix (Figures A.6-A.14). The leftmost 

panel of these plots shows a color bar ranking of the 100 weather years based on annual wholesale 

price of electricity. Each column represents a single technology stage (2020, 2025 … 2050); each 

row represents a single weather year, and its performance across multiple future technology stages. 

As a single weather year passes across future technology stages, its ranking in terms of average 

electricity price can change. When this happens, its color is altered to reflect this shift. For 

example, a row that gradually shifts from red to blue would signify a weather year that is a “high 

price” year in 2020 becoming a “low price” year in 2050, due to gradual evolution in the 

technology mix. 
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The panels on the right of Figure 3 are parallel coordinate plots of key power system 

performance metrics and state variables over the 100 weather years under two technology stages: 

2020 (top) and 2050 (bottom). Each colored line represents a single year. The colors of each line 

correspond to its annual price ranking, while its vertical position along each y-axis indicates its 

absolute value in price, CO2 emissions, load, hydropower, etc. Note that minimum and maximum 

values of each column are shown to emphasize absolute differences between 2020 and 2050. 

Although the relative ranking of a given weather year may increase in terms of price between 2020 

and 2050, it is possible (perhaps likely) that its absolute value will fall due to the negative pressure 

that low marginal cost renewable energy puts on market prices. 
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Figure 3: Price ranking distribution and parallel coordinates plots for BAT technology pathway in the CAISO system, 
with two weather years (#14 and #71) highlighted. 

In Figures 3-4 we show an example of how individual weather years can switch from 

“good” to “bad” years (and vice versa) across multiple stages of a single technology pathway. 

Figure 3 highlights “BAT CAISO 14” and “BAT CAISO 71” i.e., weather years #14 and #71 in 

the CAISO system, under the low battery storage cost (BAT) technology pathway. The top parallel 

coordinate plot features these weather years at the 2020 technology stage, while the bottom parallel 

coordinate plot features the years at the 2050 stage. Stacked generation plots for these simulation 
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years are shown in Figure 4, offering a finer scale, more mechanistic representation of what is 

happening within each of these two weather years. 

In Figure 3, the price ranking columns at left indicate weather years #14 and #71 with black 

dashed boxes. The ranking of weather year #14 increases as it moves from 2020 to 2050 (color 

becomes progressively less blue and more red), while weather year #71 exhibits the reverse. The 

reason for these differential shifts is explained in the parallel coordinate plots at right and stacked 

generation plots in Figure 4. 

The parallel coordinate plots in Figure 3 show that weather year #71 is associated with 

higher load (caused by elevated late summer temperatures, see Figure 4), which in 2020 cause it 

to experience high prices. But, weather year #71 also experiences high levels of wind power 

production, and above average spring hydropower availability. As the BAT pathway in CAISO 

triples installed wind capacity from 2020 to 2050, increased wind power production interacts with 

abundant hydropower to push more fossil fuel generation out of the market and lower prices during 

spring months, and also helps meet higher summer load (Figure 4). On the other hand, weather 

year #14 is associated with one of the lowest annual wind power production values among the 100 

synthetic weather years tested; as wind power becomes a larger segment of the generation mix, 

weather years #71 and #14 essentially switch places in rank order. 
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Figure 4: Stacked generation plot comparison of weather years #14 and #71 within BAT technology pathway. Similar 
examples for additional weather years are shown in the Appendix (Figures A.15–A.18). 

We also explore whether increasing solar capacity leads to increased price sensitivity to 

irradiance. Figure 5 tracks a single weather year (#6, a year with low irradiance and available solar 

power production) in the CAISO system under two different technology pathways. Stacked 

generation plots for these simulation years are shown in the Appendix (Figure A.19). The two 

technology pathways shown, HIGHRECOST (the highest wind capacity pathway) and 

LOWRECOST (the highest solar capacity pathway), have very similar price rankings in 2020. 

However, the price ranking for weather year #6 under the HIGHRECOST pathway becomes 

steadily higher from 2020 to 2050, while its ranking under the LOWRECOST pathway increases 

through 2035, then declines again, ending with roughly the same price rank in 2050 as in 2020. 

This result is, at first, somewhat confounding. Based on the results shown in Figures 3-4, which 

showed that growing installed wind capacity can increase sensitivity to interannual variability in 

wind speeds, we expected a similar trend with solar.  
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Instead, here we find evidence that the extremely high amounts of solar capacity added 

under the LOWRECOST technology pathway actually dampen the sensitivity of the market to 

interannual fluctuations in irradiance beyond 2040. This is due to significant curtailment 

(oversupply) of solar generation in later technology stages. Figure A.20 in the Appendix shows 

that average daily curtailment of solar generation in the CAISO market grows with increasing 

installed solar capacity, reaching >350GWh per day in spring under the LOWRECOST pathway 

in 2050. At this stage, the market is so oversaturated with solar power during every part of the year 

that a weather year with relatively low irradiance no longer has a significant effect on market 

prices, because there is still so much solar being produced that the market cannot absorb it all. 

 

 

Figure 5: Comparison of HIGHRECOST and LOWRECOST pathways for weather year #6 in the CAISO system. 
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Figure 3 and Figure 5 (along with analogous figures in the Appendix) show that there can 

be significant “re-ranking” of weather years in the CAISO system when it undergoes changes 

specified in the ReEDS technology pathways. Years ranked low in 2020 can become high price 

years in future stages, and vice versa. In general, we find that compared to CAISO, in the Mid-C 

market there is much less potential for weather year price rankings to shift across future stages 

and/or across technology pathways (see Figure A.1 and Figure A.3 in the Appendix). The Mid-C 

system remains dominated by hydropower (or the lack thereof) into the future, and its price 

dynamics therefore remain more firmly tied to interannual fluctuations in streamflow.  

Figure 6 further explores the potential for weather year re-ranking to occur in the CAISO 

system across technology pathways. The y-axis of each panel in Figure 6 shows the change in 

price ranking relative to 2020 for each of the 100 weather years. Each panel in the top row shows 

the trajectory of the 100 weather years through a particular technology pathway, with deviations 

above and below the zero line giving a sense for how the evolving grid could change the 

importance of hydrometeorological conditions in the future (changing “good” years into “bad”, 

and vice versa). 
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Figure 6: (top) Changes in annual price ranking from 2020 for all 3,500 model realizations in the CAISO system 
(simulated years); (bottom) Changes in annual price ranking for two different weather years. 

The bottom two panels in Figure 6 provide another example of how two different weather 

years (#56 and #71) could experience alternative technology pathways differently. Weather year 

#56 (a year with average solar power but below-average levels of wind) increases in price ranking 

over time across most technology pathways. Weather year #71 (the same year highlighted in Figure 

3) decreases in ranking through 2050 in most technology pathways, again due to it being a very 

windy year. A similar plot for the Mid-C market in the Pacific Northwest can be found in the 

Appendix (Figure A.22). 

Although there appears to be greater potential for re-ranking among weather years in the 

CAISO system, we nonetheless find that even there, the very highest and lowest ranked price years 

persistently map to extreme values in load (driven by summer air temperatures and cooling needs) 

and hydropower (a function of annual streamflow). For example, in Figure 3 and Figure 5 we see 

that the bottom of each price ranking column is persistently deep blue (and the top is persistently 

red) across each column (stage), regardless of technology pathway considered. In the parallel 
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coordinate plots, the highest price (red) years are associated with high load (caused mostly by hot 

summers) and low hydropower production, with the lowest price (blue) years experiencing the 

opposite. In both CAISO and the Mid-C system (Figures A.10-A.14), five of the six highest-price 

years across all five technology pathways are the same weather years, for both 2020 and 2050. 

These five weather years also rank as the five lowest in hydropower production.  

Thus, despite the potential for future technology pathways to re-rank the importance of 

different weather years, the most extreme years in both the Mid-C system and CAISO could remain 

firmly tied to air temperatures and hydrologic conditions. Even under pathways in which installed 

wind and solar increase by as much as 4x, we find little noticeable difference in the response of 

annual prices to renewable energy production levels. This is in large part due to variability in wind 

and solar power production across weather years being much lower than it is for hydropower as 

well as load in the CAISO system. For the Mid-C system, the variability in hydropower is greater 

still (by a factor of about 3.5), though in this system the variability in available wind power is 

greater than that of load.  

In Figure 7, we show the evolution and gradual dispersion of outcomes across technology 

pathways, in terms of distributions of annual electricity prices (left panel) and coefficient of 

variation (right panel). Note that all uncertainty shown in price distributions is due to variability 

across weather years. Figure A.23 in the Appendix shows similar information in terms of CO2 

emissions. In CAISO (top panels), market prices initially trend downward across all five pathways, 

and continue to decrease in each case except for the high electric vehicle adoption (EV) pathway. 

Referring back to Figure 2, the EV adoption pathway in CAISO significantly increases in electric 

vehicle adoption around 2035, which is when we see average electricity prices begin to rise again 

due to significant added load to the system. The lowest prices in later years are achieved by the 
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HIGHRECOST (highest wind) pathway, followed closely by the LOWRECOST (highest solar) 

pathway. The coefficient of variation is greatest for the HIGHRECOST pathway, suggesting that 

wind-heavy technology pathways could be most sensitive to interannual variability in prices due 

to weather.  

For the Mid-C market in the Pacific Northwest, prices initially increase for four of the 

pathways, but eventually all decrease over time below 2020 levels, even for the EV pathway. The 

lowest prices here are in the LOWRECOST (highest wind and solar) pathway, with the highest 

prices in the HIGHRECOST (lowest wind and solar) pathway. Prices for the EV pathway do not 

increase as drastically as in CAISO, likely due to lower population and therefore fewer electric 

vehicles loading the system.  

Note that the coefficient of variation is roughly an order of magnitude greater for the Mid-

C system than for CAISO, attributable to the significantly higher interannual variability in 

available hydropower due to fluctuations in streamflow. The coefficient of variation also generally 

increases over time for all technology pathways. The technology pathways with the highest 

coefficients of variation in each system are the pathways with the most installed wind capacity in 

2050 (LOWRECOST for the CAISO system and HIGHRECOST for the Mid-C system). This 

again suggests that aside from the dominating influence of hydropower availability, the increased 

uncertainty in wind speeds yields a higher sensitivity in market prices across both systems. 

However, this effect is observed more strongly in CAISO, where hydropower makes up a smaller 

proportion of the overall capacity mix. 
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Figure 7: Boxplots of annual electricity price with coefficient of variation for all technology pathways for the CAISO 
(top) and Mid-C (bottom) systems. 

Seasonality 

We now move to a sub-annual timescale to extract insights not visible through averaged 

annual data. Figure 8 shows seasonality in 24-hour rolling average market prices in the CAISO 
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system for three future stages, with the minimum, median, and maximum across the 100 weather 

years traced in black. A similar figure for the Mid-C market is shown in Figure A.24 in the 

Appendix. Across all pathways, spikes in electricity prices are mainly concentrated in late summer 

and late winter, with the most drastic spikes seen in the EV technology pathway due to physical 

shortfalls or “loss-of-load” events. When CAPOW’s modeled power system lacks sufficient 

generating capacity to meet demand for electricity and reserves in a given hour, a high-cost slack 

variable is triggered to meet the excess load. This represents a system shortfall, and designated 

shortfall hours are assigned a maximum market price of $1000/MWh.  

In general, the intra-annual dynamics of electricity prices remain most strongly influenced 

by seasonality in streamflow and temperatures, even as the grid evolves. However, certain 

technology pathways interact with this seasonal structure to dramatically lower prices or make 

them higher. In the case of the EV technology pathway, for example, added load from electric 

vehicles has the most severe impacts on market prices during late summer, when air temperatures 

(cooling demands) are high and streamflow (hydropower availability) is at an annual minimum. 

On the other hand, the lowest prices occur in the HIGHRECOST (highest wind) technology 

pathway during spring months, when abundant hydropower and wind power availability can cause 

the market to operate at near-zero electricity prices for extended periods. These depressed market 

prices are accompanied by high levels of curtailment (see Figure A.21 in the Appendix). This 

effect can be seen to a lesser extent in the MID and BAT technology pathways.  

Across most technology pathways, the range of possible prices in the CAISO system 

tightens from 2020 to 2035, then in 2050 becomes wider due to oversupply issues and periods of 

scarcity marked by more frequent price spikes, suggesting increased weather-caused volatility in 

market prices on sub-annual timescales. Although we found on an interannual basis that varying 
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levels of renewables did not determine the re-ranking of weather years in terms of average annual 

electricity prices as much as load and hydropower availability, we find here that on sub-annual 

timescales, there is increased variability in price dynamics as a result of the changing technology 

mix. 

 

 

Figure 8: Daily rolling average electricity prices for the CAISO system for each technology pathway in three future 
stages, with the minimum, median, and maximum traced in black. 

Hourly Impacts 

Diurnal patterns of market prices for each season throughout the year can be seen in Figure 

A.25 in the Appendix. In general, these appear deeply affected by the so-called ‘duck curve’, in 

which sub-daily price patterns are dominated by a trough of low prices during daylight hours, 

although there are notable differences across pathways. In particular, the EV scenario shows large 
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increases of late afternoon/early evening load, and a dramatic need for ramping capacity along the 

“neck of the duck”, when solar power production declines just as EV load is increasing. This 

phenomenon may pose specific risks for system reliability, and in fact the EV technology pathway 

in California contains an order of magnitude more supply shortfalls compared to the MID pathway, 

due primarily to the added load stressing the system as shown in Figure 2. This observed increase 

in the system’s susceptibility to failure is expected in our study, as any system experiencing a 

significant increase in load over time without any new generating capacity is likely pre-destined 

to fail. However, there is value in understanding how different hydrometeorological phenomena 

interact with added load dynamics from electric vehicle adoption to create system failures.  

Figure 9 shows the system shortfalls under the EV technology pathway in California as 

heat maps on two timescales (month and hour-of-day) where shortfalls are concentrated. Only 

evening hours are shown in the plots, as earlier hours of the day contain virtually no shortfalls. We 

found that shortfalls (hours in which the high-cost slack variable is triggered) are concentrated in 

the late evening hours (consistent with the duck curve phenomenon) and are most frequent in late 

winter before the seasonal snowmelt, and in late summer months, after seasonal snowmelt when 

very little hydropower is available and air temperatures (cooling demands) remain high. Although 

the late winter shortfalls appear more frequently than in late summer, the severity of summer 

shortfalls is much greater (by a factor of about 2) in terms of the total amount of slack generation 

dispatched to meet demand. The absence of shortfalls in the middle months of the year confirms 

the important role of hydropower generated in California and imported from the Pacific Northwest 

during the annual snowmelt. A similar figure for the Mid-C system is given in Figure A.26 in the 

Appendix. In general, the Mid-C system is also susceptible to shortfalls in the late summer months, 

as well as throughout the winter when temperatures are low. There are fewer shortfalls in the Mid-
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C system, however, with many of the shortfall events occurring during a single stretch of several 

hours during one year. 

 

Figure 9: Heat maps showing shortfalls on two timescales in the CAISO system for EV technology pathway. 

The shortfalls shown in Figure 9 are aggregated from all 100 synthetic weather years run 

through the model for the CAISO system under the EV technology pathway. However, the 

appearance of shortfalls is not evenly distributed among all years. The underlying 

hydrometeorological conditions of a given year and their combined effects on very short timescales 

contribute to the timing and magnitude of shortfall events by increasing load and decreasing the 

output of variable renewable energy. Figure 10 shows the occurrence of supply shortfalls under 

the EV technology pathway in 2050 in the CAISO system. The seven weather years shown are 

responsible for more than 33% of the total number of shortfall events across all 100 weather years 
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in this scenario. The left column of the figure shows the weekly rolling average values of load, 

temperature, hydropower, wind power, and solar power across all 100 weather years in the EV 

technology pathway. The right column of the figure shows anomalies relative to these weekly 

rolling average values for the seven chosen weather years, with the timing of shortfalls marked 

with triangles in each plot. More detailed portraits of each of the seven chosen weather years are 

shown in Figures A.27-A.28 in the Appendix. Also available in the Appendix is a similar series of 

plots for the Mid-C system (Figures A.29-A.31). We find that shortfalls in CAISO under the EV 

2050 scenario often occur during periods of high positive temperature anomalies; in late spring 

and summer, these heat waves often translate to very large temporary increases in electricity 

demand. Two of the weather years shown (#23 and #41) are extreme drought years. Note that 

drought-caused deficits in hydropower primarily affect the market during the snowmelt period. 

While we do see some supply shortfalls caused by an extreme hydropower deficit occurring during 

a heat wave (e.g. weather year #23 in May), hydropower anomalies during late summer (when 

most shortfall events occur) are typically quite small, because late summer months are marked by 

extremely low hydropower availability even under normal circumstances. Thus, while hydrologic 

uncertainty and extremes like drought act as a significant control on annual average prices and 

emissions, they may play a limited role in causing reliability failures. Anomalous levels of wind 

and solar power appear to have less of an effect on system failures, but several compound events 

can be interpreted from Figure 10. For example, the shortfall occurring in May during weather 

year #23 is associated with a large negative wind power anomaly, in addition to a high positive 

temperature anomaly and low hydropower. In contrast, Figures A.29-A.31 show that for the Mid-

C system, the effect of low hydropower anomalies seems to eclipse the effects of load and 

temperature in determining the system’s susceptibility to shortfalls. 
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Figure 10: Time series of anomalies in power system for EV technology pathway in the CAISO system in 2050, with 
shortfalls. 

Analysis of Capacity and Reliability Requirements 

For each instance of the slack variable being triggered, we track the amount of load unable 

to be met by the system in that hour. Over the course of a year, this may happen dozens of times 
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or not at all. In reality, demand response measures and various other tools are used to prevent 

blackouts in minor cases, but a severe shortage of generation capacity will cause a system failure. 

Recently, this occurred in California, when an extreme heat wave caused the system operator to 

trigger rolling blackouts in the summer of 2020 [16]. Figure 11 shows the distribution of maximum 

values recorded for the slack variable in any hour over the 100 weather years for each technology 

pathway and future stage. This value, which represents the largest deficit in generating capacity 

experienced by a given technology pathway in a given year, varies considerably across both 

pathways and future stages. 

In CAISO, the EV technology pathway triggers the largest slack values, which increase 

into the future. The BAT technology pathway generally has the lowest maximum slack value, and 

for some future years it is not triggered at all. In the Mid-C market, the slack variable is generally 

triggered less often across technology pathways. The EV pathway still contains the most instances 

of shortfall events. 

These values can be used as a first-order preliminary approximation of additional 

dispatchable generating capacity needed to achieve 100% reliability in the system. Figure A.32 

shows for each scenario the ratio of total thermal dispatchable capacity (plus the maximum slack 

value triggered to meet demand) to total wind and solar power capacity. This capacity ratio 

represents the amount of thermal dispatchable capacity required for every unit of wind and solar 

power capacity to ensure reliability in the system. Also shown in Figure A.32 is the same capacity 

ratio calculated for each scenario in the ReEDS model (slack values not included). A similar figure 

for the Mid-C system is given in Figure A.33 in the Appendix. 

We find that in CAISO, the capacity needed in CAPOW to ensure reliability across the 100 

synthetic weather years diverges from the ReEDS values in future technology stages, with the 
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ratios in the CAPOW model becoming higher than ratios suggested by ReEDS for the same 

scenario. This suggests that when ReEDS scenarios are subjected to a 100-year weather sensitivity 

analysis, the amount of thermal dispatchable capacity given in said scenarios leads to regular 

system failures. In the Mid-C system, however, we find the opposite (the required capacity ratio 

is generally lower in CAPOW than in ReEDS, suggesting that ReEDS may be overly conservative 

in assigning dispatchable capacity in that system). 
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Figure 11: Boxplots showing distribution of maximum slack generation dispatched. 
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Conclusion 

In this study, we explore how different grid technology pathways could influence the 

vulnerability of the U.S. West Coast bulk power system to hydrometeorological uncertainty. We 

modeled the operations of the CAISO and Mid-C markets under five different technological 

pathways based on NREL ReEDS standard scenarios at five-year intervals from 2020 to 2050. 

Each combination of technology pathway and future year was run through the CAPOW grid 

operations model using a 100-year synthetic dataset, which was sampled from a larger 1000-year 

record.  

Our results show that in both the CAISO and Mid-C markets, shifts in the underlying grid 

technology mix cause weather years to “re-rank” in terms of average wholesale prices, i.e. “good” 

years can become “bad” years, and vice versa. This re-ranking occurs when the underlying 

hydrometeorological conditions of a given year (e.g., average wind speeds, irradiance) become 

more/less advantageous as the grid changes. There appears to be considerably more potential for 

this phenomenon in the CAISO system compared to the Mid-C. In general, we find higher wind 

scenarios become more sensitive to interannual variability in wind speeds; the same can be true 

with solar, to a point. Our results also suggest that overbuilding solar capacity may eventually 

dampen sensitivity to interannual fluctuations in irradiance due to excessive curtailment. Overall, 

wind heavy scenarios show the greatest interannual variability in prices. Nonetheless, a consistent 

finding across all systems and scenarios tested is that the very highest and lowest ranking years in 

terms of average electricity price remain firmly tied to extremes in hydropower availability 

(streamflow) and load (summer air temperatures). In both CAISO and the Mid-C markets, the 

highest-price years in 2020, across all technology pathways, are a group of years with extremely 

low hydropower production. The same weather years rank as the highest-price years in 2050.  
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We also find that the current seasonal dynamics in market prices on the West Coast, which 

are controlled primarily by spring snowmelt followed by hotter, dry weather in late summer and 

fall, remain largely intact out to 2050. In the CAISO system, the main concentrations of supply 

shortfalls tend to be late summer (the hottest and most dry part of the year) and late winter (just 

before the annual snowmelt adds significant hydropower to the system). Supply shortfalls are most 

frequent under the high electric vehicle adoption pathway, in which a large amount of load is added 

to the system. In the CAISO system, Shortfalls occurred almost entirely in the evening hours of 

the day, after the sun sets and while demand is still high. We also show that the occurrence of these 

failures is clustered in a smaller group of weather years. We found that high positive temperature 

anomalies were present for most shortfalls, suggesting that heat waves during late summer (when 

there is very little hydropower available) are most responsible for system failures. In the Mid-C 

system, supply shortfalls are much more strongly tied to streamflow anomalies. Finally, by 

analyzing the maximum amount of slack generation dispatched for each scenario, we found that 

the ratio of dispatchable thermal capacity to variable renewable energy capacity present in existing 

capacity expansion models like ReEDS may significantly underestimate the amount needed to 

ensure a reliable grid under stationary weather uncertainty. Future work in this area should 

combine the analysis of an evolving technology mix with nonstationary hydrometeorological 

uncertainty (climate change). 
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Appendix A: Supplementary Figures 

 

Figure A.1: Capacity mix changes over time for each technology pathway in the Mid-C system. The LOWRECOST 
pathway grows the most wind power, solar power, and battery storage capacity. 
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Figure A.2: Capacity mixes over time for each technology pathway in the CAISO system. 
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Figure A.3: Capacity mixes over time for each technology pathway in the Mid-C system. 

 

Figure A.4: 24-hour aggregate load profile of electric vehicle charging. 
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Figure A.5: Pair plots among the four major hydrometeorological variables (irradiance, air temperature, wind speed, 
and streamflow) for both the CAISO (CA) and Mid-C (NW) systems. Black dots indicate annual values from the full 
1000-year synthetic dataset, while the orange dots show years that were sampled using the Latin hypercube method. 
Each plot shows how extremes for each variable were captured by the sampling method. 
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Figure A.6: Price ranking distribution and parallel coordinates plots for MID technology pathway in the CAISO 
system. 
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Figure A.7: Price ranking distribution and parallel coordinates plots for LOWRECOST technology pathway in the 
CAISO system. 
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Figure A.8: Price ranking distribution and parallel coordinates plots for HIGHRECOST technology pathway in the 
CAISO system. 
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Figure A.9: Price ranking distribution and parallel coordinates plots for EV technology pathway in the CAISO system. 
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Figure A.10: Price ranking distribution and parallel coordinates plots for BAT technology pathway in the Mid-C 
system. In general, the “mixing” effect of price rankings across future stages is less pronounced for the Mid-C market, 
suggesting that the forces driving shifts in market prices are less sensitive to changes in the underlying technology 
mix. 
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Figure A.11: Price ranking distribution and parallel coordinates plots for MID technology pathway in the Mid-C 
system. 
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Figure A.12: Price ranking distribution and parallel coordinates plots for LOWRECOST technology pathway in the 
Mid-C system. 
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Figure A.13: Price ranking distribution and parallel coordinates plots for HIGHRECOST technology pathway in the 
Mid-C system. 
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Figure A.14: Price ranking distribution and parallel coordinates plots for EV technology pathway in the Mid-C 
system. 
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Figure A.15: Price ranking distribution and parallel coordinates plots for MID technology pathway in the CAISO 
system, with two weather years (#48 and #94) highlighted. Year #48 is an example of a weather year that starts in 
2020 as a high price year, and only gets worse in future stages. This plot shows that year #48 is a low wind year with 
below-median values of solar and hydropower as well. Year #94 is an example of a weather year that starts in 2020 
as a lower price year, and becomes even lower in future stages. This plot shows that year #94 is similar in load in 2050 
as year #48, but contains higher levels of wind, solar, and hydropower. 
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Figure A.16: Stacked generation plot comparison of weather years #94 and #48 (see Figure A.15) within MID 
technology pathway, for 2020 and 2050. Weather year #94 shows summer peaks in load, while weather year #48 
shows more sustained high load events into the early autumn. Weather year #48 also dispatches less hydropower in 
the winter months. In both cases, fossil fuel generation decreases over time, and the increasing levels of solar and 
wind power dampen the peaking requirements of dispatchable thermal capacity. This causes an overall drop in prices, 
even though the price ranking changes significantly. 
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Figure A.17: Price ranking distribution and parallel coordinates plots for HIGHRECOST pathway in the CAISO 
system, with two weather years (#6 and #98) highlighted. Year #6 is an example of a weather year that starts in 2020 
as a low price year, and gets worse in future stages. Year #98 begins in 2020 as a median price year and lowers in 
ranking in future stages. These weather years have very similar levels of load and hydropower, while weather year 
#98 contains significantly higher levels of wind and solar power, causing their rankings to switch. 
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Figure A.18: Stacked generation plots comparing weather years #6 and #98 (see Figure A.17) within HIGHRECOST 
technology pathway, for 2020 and 2050. Weather year #98 shows a higher summer peak in load, while weather year 
#48 shows a sustained high level of load in June. Weather year #6 also dispatches less hydropower in the winter 
months, and at the very beginning of the year must meet a very high proportion of its demand with fossil fuel resources. 
In both cases, fossil fuel generation decreases over time, and the increasing levels of solar and wind power dampen 
the peaking requirements of dispatchable thermal capacity. This causes an overall drop in prices, even though the price 
ranking changes significantly. 

 

Figure A.19: Stacked generation plot comparison of weather year #6 (low solar) between HIGHRECOST and 
LOWRECOST technology pathways. The additional solar capacity in the LOWRECOST pathway helps dampen the 
ramping requirements of thermal dispatchable generators, while the intermittent nature of wind keeps the dispatchable 
generation requirements more volatile in the HIGHRECOST pathway. 
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Figure A.20: Average daily curtailment (in GWh) of solar power across future stages in both the CAISO and Mid-C 
systems. In both systems, the LOWRECOST technology pathway has the highest installed solar capacity, which is 
reflected here by an increased level of curtailment. In the Mid-C market, the HIGHRECOST pathway has the lowest 
installed capacity of solar. The difference in magnitude between the systems is due to the large difference in installed 
capacity, while the seasonal shape of the time series show the relative availability of solar power throughout the year. 
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Figure A.21: Average daily curtailment (in GWh) of wind power across future stages in both the CAISO and Mid-C 
systems. In CAISO, the HIGHRECOST technology pathway has the highest installed wind capacity, which is reflected 
here by an increased level of curtailment. In the Mid-C market, the LOWRECOST pathway has the highest installed 
capacity of wind. The difference in magnitude between the systems is partially due to the difference in installed 
capacity, but also because of the influence of hydropower on each system. Both systems peak in curtailment level 
during seasonal snowmelt, but this occurs more drastically in the Mid-C market, which is more heavily influenced by 
seasonal patterns of streamflow. 

 

Figure A.22: Changes in annual price ranking from 2020 for all 3,500 model realizations in the Mid-C system 
(simulated years). The range shown here is smaller than it is for CAISO, suggesting that the forces responsible for 
causing shifts in market prices (mainly hydropower availability) continue to dominate this system in future stages. 
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Figure A.23: Boxplots of annual CO2 emissions with coefficient of variation across technology pathways for the 
CAISO (top) and Mid-C (bottom) systems. CO2 emissions in CAISO generally decrease over time in all cases except 
for the EV pathway (similarly to the shift in market prices seen in Figure 7). In later years, CO2 emissions in this 
pathway are even higher than in 2020, due primarily to the system being flooded with additional load and no (modeled) 
mechanism for dynamically controlling the aggregate EV charging profile. The lowest emissions in future years are 
achieved by the HIGHRECOST (highest wind) pathway, while the LOWRECOST (highest solar) pathway has the 
highest emissions when not including the EV pathway. The MID and BAT pathways are similar but lower for BAT. 
In the Mid-C system, CO2 emissions follow the same pattern seen for electricity prices: an initial increase for all 
pathways except for LOWRECOST, followed by a gradual decrease and eventual leveling off. The LOWRECOST 
pathway in the Mid-C system has the highest capacities of both wind and solar power, while the HIGHRECOST 
pathway has the lowest. The coefficient of variation in CAISO is much higher for emissions than for electricity prices, 
but is still lower than that of the Mid-C system. The coefficient of variation generally increases over time in CAISO 
for every technology pathway except for EV, which decreases over time. This suggests that with the additional load, 
the EV pathway becomes less sensitive to weather in terms of CO2 emissions, which is likely due to higher levels of 
dispatchable fossil fuel generation being required to meet the higher demand. The coefficient of variation in 2050 in 
the Mid-C system suggests a similar dynamic. The LOWRECOST (highest wind and solar) pathway becomes the 
most sensitive to weather, while the EV pathway is least. The next lowest coefficient of variation is for the 
HIGHRECOST (lowest wind and solar) pathway. 
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Figure A.24: Daily rolling average electricity prices for the Mid-C system for each technology pathway in three future 
stages, with the minimum, median, and maximum traced in black. The price effect of the seasonal snowmelt is clearly 
seen here, with greatly depressed prices in the late spring. In fact, the median price for several months in 2050 is near-
zero across all technology pathways. Spikes in price seem to decrease over time for the MID, LOWRECOST, and 
BAT technology pathways, while for HIGHRECOST these spikes seem to peak in 2035. For the EV pathway, 
similarly to CAISO, spikes in price become more frequent and severe in the future. The timing of these spikes seems 
consistently to be in late summer across all pathways, while for the EV pathway, there are additional spikes in winter. 
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Figure A.25: Diurnal patterns of electricity prices in the CAISO system across typical days in each season, for each 
technology pathway in three future stages. The shape of the “duck curve” becomes more extreme over time across all 
pathways. The spring and summer in 2050 have the lowest dips in prices, while the summer and autumn have the 
highest peaks. The EV technology pathway has the highest peak evening prices, due to the added electric vehicle 
charging load. The LOWRECOST (highest solar and lowest wind) pathway has the lowest prices during the middle 
of the day when solar power is available, but has the second-highest evening prices when solar power is no longer 
available. 
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Figure A.26: Heat maps showing shortfalls on two timescales in the Mid-C system for EV technology pathway. The 
highest concentrations are in the evening hours, with seasonal concentrations in late summer (when temperatures are 
high and streamflow is lowest) and throughout the winter (when temperatures and streamflows are low). Many of 
these events occur in consecutive hours during the same weather year, and can begin much earlier in the day than in 
CAISO. 
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Figure A.27: Price ranking distribution and parallel coordinates plots for EV technology pathway in the CAISO 
system, with the seven weather years (#23, #41, #9, #99, #91, #62, and #56) responsible for more than one third of all 
shortfalls in 2050 highlighted. Years #23 and #41 are the driest years in the dataset, and year #9 is the second-highest 
load year in 2050. Years #99 and #62 are very low solar years, while year #56 has wind and hydropower levels below 
the median. 
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Figure A.28: Stacked generation plots for the seven weather years (#23, #41, #9, #99, #91, #62, and #56) responsible 
for more than one third of all shortfalls in 2050 in the EV pathway in the CAISO system. Year #99 (bottom) has the 
worst spike in load of these seven years around the beginning of September, while several other years have spikes in 
September. The two driest years (#23 and #41) have much less hydropower dispatched throughout the year. 
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Figure A.29: Time series of anomalies in power system for EV technology pathway in the Mid-C system in 2050, 
with shortfalls. The five weather years shown make up more than 75% of all shortfalls in the EV pathway in 2050 for 
the Mid-C system. Many of these shortfalls occur within a single year in consecutive hours (see Figure A.26) but are 
counted as individual events. Though the number of shortfall events defined in this way is higher in the Mid-C market 
than in CAISO, the total amount of slack generation dispatched in the EV technology pathway in 2050 for CAISO is 
almost triple the amount dispatched in the Mid-C system. All shortfall events shown in this figure happen during 
extreme negative hydropower anomalies, and most in combination with another power system anomaly. For example, 
some of the summer shortfalls also occur during periods of very low wind power or very high temperature, while the 
April shortfalls occur during a period of very low wind, in addition to drought conditions. 
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Figure A.30: Price ranking distribution and parallel coordinates plots for EV technology pathway in the Mid-C system, 
with the five weather years (#73, #23, #87, #71, and #35) responsible for more than 75% of all shortfalls in 2050 
highlighted. Years #73, #23, and #87 are the driest years in the dataset, with years #73 and #23 also having very low 
wind and solar power as well. Year #35 becomes a very high load year in 2050, and year #71 has below-median levels 
of hydropower. 
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Figure A.31: Stacked generation plots for the five weather years (#73, #23, #87, #71, and #35) responsible for more 
than 75% of all shortfalls in 2050 in EV technology pathway in the Mid-C system. The extreme drought years (#73 
and #23) can easily be seen to have much lower levels of hydropower, while the winter spikes in load can be seen 
throughout. 
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Figure A.32: Ratio of thermal dispatchable capacity plus the maximum amount of slack dispatched to total wind and 
solar power capacity for each scenario in the CAISO system in CAPOW. Shown in black are the ratios of thermal 
dispatchable capacity to total wind and solar capacity for each scenario in the ReEDS model. A lower ratio represents 
less dispatchable thermal capacity being required for each unit of wind and solar power capacity to ensure reliability. 
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Figure A.33: Ratio of thermal dispatchable capacity plus the maximum amount of slack dispatched to total wind and 
solar power capacity for each scenario in the Mid-C system in CAPOW. Shown in black are the ratios of thermal 
dispatchable capacity to total wind and solar capacity for each scenario in the ReEDS model. A lower ratio represents 
less dispatchable thermal capacity being required for each unit of wind and solar power capacity to ensure reliability. 


