ABSTRACT
SODANO, DANIEL JOSEPH. A Sensitivity Analysis of Utility-Scale Solar Photovoltaic and

Energy Storage Capacity Values. (Under the Direction of Drs. Joseph DeCarolis and Jeremiah
Johnson).

Ensuring utility-scale solar and energy storage systems operate cost-optimally to provide
maximum electric grid benefit is increasingly important as deployment of these resources
continues to grow. Electricity supply must be sufficient to meet peak demand, a role traditionally
undertaken by inefficient natural gas peaking plants. The capacity value, used to evaluate a
generator’s ability to meet peak demand, is high for most thermal generators because these
generators are dispatchable and are typically unavailable only during periodic shutdowns. Since
solar photovoltaic (PV) systems depend on variable solar irradiance, utilities and capacity
markets often assign low capacity values to solar projects. Further, solar PV systems can alter the
load profile of a grid system, potentially shifting peak net load to hours with little or no solar
generation. Energy storage can mitigate some of the challenges associated with solar generation
variability, but is limited by system capacity and discharge duration. In this thesis, | develop a
model using loss of load probability (LOLP) and effective load carrying capability (ELCC)
methods to calculate the capacity value of solar PV and energy storage. Through a series of
Monte Carlo simulations, I demonstrate the sensitivity of solar PV capacity credit to the share of
solar installed capacity. Then, using Temoa, an open-source energy model developed at NC
State, | determine the cost-optimal charge and discharge pattern for energy storage under several
different design considerations. The calculated capacity credits for solar PV and batteries are
contingent on their installed capacities as well as the underlying grid mix. I use Duke Energy’s
balancing territory in North and South Carolina as a case study because the high amount of
installed solar PV but low amount of energy storage makes for a unique grid system, and could

represent near future grid systems for other regions. This grid system is also interesting because



the growth in solar generation shifted the hours of peak net load in Duke’s territory from
predominately summer hours to a winter season peaking system, though the respective season
peaks remain close. The proximity of winter and summer peak load magnitude makes this grid
system a valuable test case for assessing solar and storage capacity values. My study determined
that the first MW of solar PV within Duke’s territory provided capacity value equal to 44% of its
nameplate capacity, while 3.5 GW of solar PV, roughly the amount of solar installed in Duke’s
territory in 2018, held a capacity credit of 36%. These results are well above Duke’s current
assumed capacity credit values. There are strong correlations between solar penetration and
capacity value as well as storage duration and resource reliability, as having additional
generating capacity on the grid presents more opportunities to meet demand. | observed an
increase in capacity credit for energy storage with higher penetrations of PV on the system; the
capacity credit of a 2 GW, four-hour duration storage system steadily increased from 41% to
87% as 1 MW to 13 GW of solar PV were added to the grid. This increase was caused by the
shortened durations of net load peaks, which could be more easily served by energy storage.
However, larger storage systems held lower capacity values: when considering a grid with 3 GW
of solar, an 80 MW storage system had a capacity credit 1.27 times higher than a 2 GW system.
Such analysis is timely as utilities aiming to replace their aging peaking plants consider energy

storage as part of a low carbon pathway.
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1. INTRODUCTION

Scientific consensus clearly reflects the importance of reducing anthropogenic carbon
emissions to alleviate the adverse effects of climate change on humanity and the environment
(IPCC, 2018; DOE, 2015). Global decarbonization of the electricity sector, coupled with
increased electrification of energy services, is one viable pathway to deep decarbonization. As a
result, scientists, engineers, politicians, and environmental groups, among others, have advocated
for policies that would reduce carbon dioxide emissions and increase energy efficiency in the
United States. Research and development, financial incentives, and state-wide goals and
mandates have resulted in the rapid deployment of clean energy technologies such as solar and
wind power, as well as the widespread implementation of more energy efficient devices (IEA,
2019). Low or zero carbon emission electricity generation technologies have primarily served to
replace generation from aging, carbon-intensive energy infrastructure in the United States. As
variable energy resources (VERS), carbon sequestration technologies, and electric vehicle fleets
have emerged, it has become clear that in order to meet the ambitious climate and energy goals
that states and countries are setting, solar photovoltaic (PV) technology in particular will likely

play a large role.
1.1 Meeting Electricity Demand

Electricity supply must match electricity demand at all times to ensure the electric grid
runs properly. This requires consistent, precise planning from grid system operators, as both
electricity demand and available electricity supply are constantly changing. In addition,
electricity storage is not widely available on the grid, adding a level of uncertainty to the
planning process (Ott, 2003; DEC, 2018). U.S. electricity market rules were designed for large,

centralized baseload power plants and flexible, dispatchable power plants. These plants



dominated the electricity sector for decades and are relatively reliable, making short- and long-
term power system planning somewhat simpler (DOE, 2017).

Grid operators must plan to ensure there is enough available generation capacity to meet
peak electricity demand. In the United States, during times of peak demand, power plants that are
not often utilized must come online. These “peaking plants” tend to have relatively low capital
costs compared to other generation resources and are flexible enough to ramp up energy output
in minutes. However, they tend to incur high operational costs ($/kWh) as a result of using older,
less efficient technology, and run for less than 10% of the year on average (John, 2014).
Furthermore, these are highly polluting plants on a grid system, using either natural gas in simple
cycle combustion turbine technology or, in some cases, fuel oil (EIA, 2019a). To reduce the
construction and operation of peaking plants, utility-scale solar and energy storage assets have

been commissioned to provide this necessary peaking capacity instead (Spector, 2019).
1.2 Variable Energy Reliability

VERs such as solar and wind power provide several grid benefits, including near zero
operational costs, decentralization of generation assets, and increasing grid mix diversity; all of
these provide increased energy security and resiliency by reducing the reliance on certain fuels.
They also provide health and environmental benefits attributable to lower life-cycle emissions
compared to fossil fuel energy generation (Buonocore et al, 2016). However, all of these benefits
come with new challenges presented in power system planning (DOE, 2017). Given that
generation from VERs is driven by meteorological factors and are non-dispatchable, increasing
penetration levels of VERs has resulted in short-term operating constraints. This amplifies power
system planning uncertainty on nearly all time scales. Thus, research to understand and quantify

the value of VERs on electric grids is both useful and urgent (Ryan, 2016).



Capacity expansion energy models are often used to determine the least cost mix of
generating capacity over multi-decadal time periods, making them a common tool among
utilities, system planners, and researchers. When choosing new assets in a capacity expansion
framework, planners must consider the reliability and effectiveness of a generator in meeting
peak demand. The capability of a generating unit to contribute to meeting peak electricity
demand is quantified as that unit’s “capacity value,” and is typically reported as a share of the
unit’s nameplate capacity (%) or its effective power capacity (MW). The percentage value is
sometimes referred to as the “capacity credit” allocated to that unit; in this study | will use the
terms “capacity credit” and “capacity value” interchangeably.

No unit has a capacity value that is 100% of its nameplate capacity, since there is always
a chance that the unit will fail during a critical time when it is needed. Most thermal generation
resources are dispatchable and have infrequent outages, so the capacity value they provide is
fairly high, as the probability that the unit will fail at a critical time is low (NERC, 2011).
Incremental VER capacity value, however, varies greatly depending on grid mix, the penetration
of the given technology, and the correspondence between the resource and the system demand
(Jilin, 2017). In addition, there is no consensus on the best method to determine capacity value

for VERs (Dent, 2016).
1.3 Net Load and Energy Storage

Solar photovoltaic (PV) systems, as well as other VERS, effectively change the shape of a
grid’s demand profile because they generate electricity according to the availability of their
respective resource (e.g., solar irradiance, wind speed). Given the variable nature of solar and
wind production, system operators typically treat these resources as negative load, subtracting

them from demand to find the net load profile or net load curve, which in turn must be met with



dispatchable generators. In the summer, solar insolation mostly aligns with high demand hours,
and thus can participate in “peak shaving,” which reduces of the magnitude of peak demand on
the grid. The California Independent System Operator (CAISO), which has over 3.6 GW of solar
on its grid system (CAISO, 2020), has experienced a peak net load shift to summer evenings
when solar insolation wanes, creating diminishing returns in terms of peak shaving value as more
solar PV is deployed (CAISO, 2016). Conversely, winter peak demand occurs early in the
morning in CAISO when solar insolation is considerably weaker. It would indeed be difficult to
make a compelling case for standalone VERSs to reliably meet peak demand during these times,
as even in ideal conditions, peak net load will shift towards hours when solar generation is low.
Fortunately, the rapidly declining investment costs of battery energy storage systems
(Schmidt, 2017; IRENA, 2017) have motivated an abundance of research focused on maximizing
the operational value of using VERS and storage systems in tandem. Energy storage can alter the
net load profile of a grid system and, to an extent, can be dispatched to meet peak demand. The
concurrent shift in net load from solar and storage assets can make solar PV more valuable as a
peak shaving technology. Lithium-ion battery chemistries in particular have experienced
considerable declines in capital costs, with lower life cycle costs than mature energy storage
systems such as lead acid batteries or flywheels, and without the geographic restrictions of
compressed air energy storage or pumped storage hydro plants (Zakeri, 2015; Lazard, 2018). It is
because of these favorable qualities that | chose to study lithium ion battery energy storage

systems and how they interact with solar PV.
1.3 North Carolina as a Case Study

The grid system owned and operated by Duke Energy Carolinas (DEC) and Duke Energy

Progress (DEP), which covers most of North and South Carolina, makes for a unique and



interesting case study. North Carolina saw a huge influx of solar PV capacity in the 2010s,
becoming the state with the second highest installed solar PV capacity in 2016 (SEIA, 2017).
Solar has continued to see development through 2019, with 864 MW installed in North Carolina
in 2019 (SEIA, 2020). Installed costs of solar generation systems have decreased dramatically
throughout the decade (Bolinger, 2019) and have bolstered widespread national deployment of
solar PV (EIA, 2019). Incentives and policies, such as an Investment Tax Credit and favorable
terms under the Public Utility Regulatory Policies Act (PURPA), were the cornerstones of
growth in North Carolina (Sukunta, 2016). PURPA is a federal law that allows third-party
qualifying facilities (QF) to generate renewable energy that can be sold at the utility’s avoided
cost, i.e., the cost the utility would have incurred had it not purchased the electricity from a QF
(FERC, 2019). Though enacted in 1978, this policy has played an important role in recent years
as a financially attractive option for small power producers looking to utilize solar technology
(UtilityDive, 2017). Sukunta (2016) illustrates the effect that policy had on North Carolina’s
solar investments: over 90% of projects (in terms of total installed capacity) were commissioned
by QFs.

This policy-driven growth has created ambiguity related to the grid operational value of
these residential- and utility-scale systems, as these systems were not brought online as the result
of market or grid value alone. With the potential for continued solar growth, determining that
value has become increasingly important, illustrated by the way DEC and DEP have adjusted
their methodology for calculating capacity value for solar PV. In DEC’s 2014 Integrated
Resource Plan (IRP), solar PV’s capacity value is a single number: 46% of nameplate capacity
(DEC, 2014). In the 2016 and 2017 IRPs, DEC reports solar PV’s capacity value as two

numbers: 46% of nameplate capacity in the summer and 5% of nameplate capacity in the winter



(DEC, 2016; DEC, 2017). In their 2018 IRP, an entire chapter of the report is dedicated to the
capacity value of solar, including 3 tables and 30 different values depending on the season and
amount of solar on their grid system (DEC, 2018). In this IRP, they assign less than 3% annual
capacity values to new solar added onto their system. All values from the two IRPs are shown in
Figure Al in the Appendix.

With every new IRP, the capacity value of solar PV decreased, and this can be primarily
attributed to Duke’s recategorization of their grid systems as winter peaking. Previously, the
grids were considered summer peaking systems (DEC, 2014; DEP, 2014), then recategorized as
dual-peaking systems (DEC, 2016; DEP, 2016), which meant the summer peak and the winter
peak had a negligible difference in magnitude. This shift stems from increasing solar PV
deployments that have lowered summer afternoon and early evening net load while doing little to
shave winter morning peaks (EIA, 2019a). After this shift, the net demand annual peak hour is in
January and February as opposed to July and August, according to DEP (2018). This shift is
illustrated in Figure A2 in the Appendix. Given that the difference between winter and summer
demand in Duke’s territory is only 102 MW, there is potential for solar capacity value to increase

if new energy storage capacity can sufficiently shave winter peaks.
1.4 Near Future Planning in North Carolina

DEP and DEC currently use peaking plants running on natural gas and fuel oil, but many
of these plants are approaching their end of life and will need to be replaced within the next
several years (EIA, 2019a). In their 2018 IRPs, both DEP and DEC plan to replace these
inefficient plants with newer gas turbines with slightly higher efficiency. Duke cites as their
rationale behind this decision the more favorable economics of natural gas technology compared

to the alternatives. This current situation makes North Carolina an even more interesting grid



system to evaluate, as the results could prove important for Duke’s capacity expansion planning
process. Given battery project lifetimes are typically 20 years (DeCarolis, 2018) and solar
projects can have even longer lifetimes (EIA, 2019), and assuming current cost trajectories of
both technologies, a standalone storage or solar plus storage facility installed in 2020 or later
could be more economically favorable than a new gas turbine in the long term.

This thesis investigates the capacity value for solar PV and explores the sensitivity of this
value in a suite of scenarios that vary existing solar penetration levels, lithium-ion energy storage
system capacity, and dispatch duration of the storage systems. For each value, I calculate the
capacity value of additional solar PV capacity using a Loss of Load Probability (LOLP)
approach to determine the Effective Load Carrying Capability (ELCC), a reliability metric that
determines the amount of additional load that can be served on a grid post hoc the addition of the
solar capacity. Capacity value estimations - including the inherent uncertainty, whether it is solar
PV or energy storage - is rarely seen in literature, as | will discuss in the next chapter. My
analysis uses publicly available information and uses an open source energy system optimization
model to evaluate the impact of introducing energy storage, making the entire analysis
replicable. This methodology can be used for other systems as long as the demand data,
generator capacity data, and data on the availability and renewable resource characteristics for
that system are provided.

The remainder of this thesis is structured as follows: Chapter 2 reviews the existing
literature pertaining to valuation methods for solar, energy storage, and solar plus energy storage
systems and identifies gaps in current work. Chapter 3 describes my approach to estimating the
LOLP of Duke Energy’s grid, ELCC values for incremental amounts of solar PV, and

incorporating battery energy storage into the analysis. Chapter 4 discusses the results of my



analysis. Chapter 5 concludes the thesis with a summary of findings, some of the limitations in

the approach, and a discussion of future work.
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2. LITERATURE REVIEW

2.1 Variation in Solar Valuation

Despite their variable output, solar PV systems can and do contribute to meeting peak
power demand. Peak demand often occurs in the middle of the day or early evening, and with
high solar PV capacity, high marginal cost plants can ramp down or completely shut off
production for a few hours, as seen in California (Denholm et al, 2015). At the same time, the
capacity value of standalone solar is difficult to quantify as a point estimate and has no uniform
evaluation method among utilities or energy modelers (Sullivan et al, 2014; Dent, 2016). For
example, the Switch energy model from UC Berkeley simply uses the capacity factor of the
resource at the annual peak hour to determine capacity value (Fripp, 2012). The MIT GenX
model does not allocate capacity value to solar PV at all (Jenkins & Sepulveda, 2017). Some
models quantify capacity value as an opportunity cost, including the grid service “peak capacity
deferral,” which avoids the construction of new peaking plants (Sullivan et al, 2014). Using
multiple years of historical meteorological data can provide a range of generation values for any
given hour, somewhat bounding the hourly capacity factors of the resource (Gami et al, 2017).

Capacity value estimations and methods vary throughout literature, and while there is a
large range of reported values, all studies exhibit similar trends. Gami et al (2017) calculates the
ELCC values for solar from 10 different locations throughout the United States to be between 10
and 50% of solar PV nameplate capacity. Madaeni et al (2012) estimates that the first 100 MW
of solar PV at 10 different locations in the western United States may have a capacity value
ranging from 52% (Los Angeles, CA; Cheyenne, WY) to as much as 70% (Congress, AZ) of
nameplate capacity. Using the IEEE Reliability Test System (IEEE-RTS) and solar radiation data

from NREL South Table Mountain site in Golden, Colorado, Samadi & Singh (2014) observe
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decreasing solar capacity value as solar deployments increased; they calculate a capacity value of
35% of nameplate capacity for solar at a 5% solar penetration level and a capacity value of 28%
of nameplate capacity at 20% solar penetration. Frew et al (2017) assigns an initial PV capacity
credit of about 45%, but marginal capacity value decreases to nearly 0% on a grid with 40% of
generation from solar. Richardson & Harvey (2015) uses the irradiance and demand data of
Guelph in Ontario, Canada and show a lower initial value of 28% for the first MW of PV but a

slower decline in value, maintaining a 9% capacity value at 50% PV.
2.2 Incorporation of Energy Storage

Energy storage is unique in that it offers dispatchability but is energy limited (i.e., cannot
discharge for an arbitrarily long period of time). Peak demand may last longer than the discharge
duration of the storage system, limiting the storage system’s effectiveness at shaving peak.
Despite this limitation, some studies have observed that peak capacity deferral is one of the most
valuable benefits energy storage can provide to ratepayers (MDER, 2016). NARUC (2019)
found that storage, especially paired with VERSs, can provide grid reliability and peak shaving
benefits that surpass those of either resource alone.

Recent studies have developed and/or reviewed methodologies to assess solar and energy
storage capacity values relative to the penetration of other generation resources, particularly solar
PV (Qiuetal, 2017; NYISO, 2018; Lai & McCulloch, 2017; Richardson & Harvey, 2015;
Alvarez et al, 2017; Denholm & Margolis, 2018). Alvarez et al (2017) analyzes capacity credits
as a function of storage capacity and duration in California, providing data for storage capacity
as a percentage of annual peak demand. Both Alvarez et al (2017) and Denholm & Margolis
(2018) calculate a 100% capacity credit for 3,000 MW of four-hour battery storage and zero PV

penetration in California, though the value declines rapidly as additional storage capacity is
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added. Richardson & Harvey (2015) finds that incorporating energy storage increased solar PV
capacity value at 50% solar penetration from 9% of nameplate capacity to 16%.

While most studies report that storage improves the capacity value of solar, some
literature suggests that higher PV penetration does not necessarily improve the capacity value of
storage. Denholm & Margolis (2018) analyze short duration energy storage for peak deferral as a
technological imperative to California’s rising PV penetration levels and subsequent trend
towards an imbalanced net load curve. The study observes storage capacity value initially
declining as PV penetration increased from 0-5%, but surpassing its initial value at zero solar
after 11% solar penetration; the initial decrease is attributable to PV-lengthened peak loads, but
eventually, PV generation narrowed load peaks, improving the capability of storage to shave the
peaks. This study is important to highlight as it shows that storage and solar assets may need to
be deployed strategically to maximize their capacity value.

Given the energy limited nature of energy storage, storage operators may choose to
allocate capacity to other grid services such as frequency regulation or minimizing emissions in
order to maximize total grid value of the asset. For example, Arbabzadeh (2019) evaluates the
capability to reduce carbon dioxide emissions in Texas and California with energy storage in the
presence of various carbon taxes. In Jentsch et al (2014), the environmental benefit of storage
was assessed in the context of achieving clean energy deployment goals. Ryan et al (2018)
introduces environmental impact sensitivity as a function of coal and natural gas fuel prices, grid
mix, and battery degradation, among other variables. Hittinger & Azevedo (2015) assesses how
perfect versus imperfect information about future demand can change the environmental and
economic impact of storage. Sioshansi (2010) reviews how energy storage systems can enhance

the economic value of variable generation sources, particularly at high renewable penetration
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levels, through energy arbitrage, peak capacity deferral, and curtailment reduction. Berrada et al
(2016) calculates the benefit of storage performing several grid services, including the three
studied in Sioshansi (2010), all at once. Richardson & Harvey (2015) assesses the change in
ramp-up and ramp-down capacity in MW/hour at various solar penetration levels and found that
a grid with 30% solar PV penetration increased the ramp up requirement by 1300 MW/hour and
ramp down requirement by 1600 MW/hour compared to a grid with zero PV; the presence of
four-hour duration storage at the same power capacity as the solar PV additions reduced both of
these ramping values to zero. These results were not considered in their capacity value
assessment, but Richardson & Harvey (2015) conclude that ramping services may be necessary
to include for certain grid systems in order to improve the perceived value of energy storage.
Though some of the studies cited above do not directly tie in to the research presented in
this thesis, they provide noteworthy context for the additional services energy storage can
provide in addition to peak shaving, should peak shaving by itself remain cost-ineffective in the
future. After all, storage system investments in the United States have historically been driven
primarily by policy mandates (Kintner-Meyer, 2014) or for ancillary services such as spinning
reserves and frequency regulation (Hittinger et al, 2012), rather than peak shaving. The net
marginal value of storage (discharge revenue minus charging costs) increases with higher
renewable penetration, which could lead peak shaving services to be primary drivers for storage

deployment in the near future as renewables continue to be deployed (Bistline, 2017).
2.3 Utility Studies

Capacity value assessments are not exclusive to academia, as there are many examples of
utilities and grid operators quantifying the value of energy storage as storage and solar

investments continue apace. Studies such as Indianapolis Power & Light (2018), Hawaiian
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Electric Company (2017), Tucson Electric Power (2016), Portland General Electric (2016), and
many others show that utilities have begun to consider storage in their long-term capacity
planning studies. These utilities have planned or investigated investments in storage as grid
balancing resources, providing ancillary services, ramping support, voltage support, and
frequency regulation. In their 2016 Integrated Resource Plan, Portland General Electric
determined the operational value of energy storage on a test year simulation that considered unit
commitment, ancillary services, and sub-hourly dispatch. The operational value of storage was
considered to be the net change in operational costs for the system. Capacity value was
determined using an ELCC approach and varied with storage discharge duration, though not PV
capacity. The net revenue of energy storage was compared to the net revenue of a conventional
combustion turbine peaking plant. The combustion turbine and energy storage capacities were
adjusted to provide the same system capacity value. Because energy storage resulted in a higher
net cost, it was not further evaluated in their long-term capacity planning. General Electric
modeled energy storage capacity value in the New York Independent System Operator (NYISO)
territory using their MARS energy model (NYISO, 2018), treating storage capacity value as a
function of VER penetration and storage duration. Glendale Water & Power recently canceled a
peaking plant project, opting instead to pursue a solar + energy storage system with a small
backup reciprocating engine for meeting peak demand (GTM, 2019). The municipal utility cited
shifting economics and the pursuit of clean energy goals as reasons for adjusting their investment
plan. Since there is no universally accepted methodological approach and different institutions
have different rationales for storage investments, it is difficult to compare the results of utility

studies to one another.
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2.4 NC Energy Storage Study

North Carolina House Bill 589 mandated a study on the economic feasibility of energy
storage in North Carolina (DeCarolis et al., 2018), and this study had perhaps the biggest
influence on the topic of this thesis. DeCarolis et al. (2018) provides a holistic approach to the
environmental and economic benefits of energy storage weighed against its costs. In the
subsection of their analysis focused on bulk energy time shifting, storage primarily charged using
free utility-scale solar generation and when discharged, displaced coal and natural gas
generation, thereby reducing fuel costs and emissions. Both storage and solar altered the net load
curve of Duke Energy’s grid system and shifted the hours of highest demand in the modeled year
2030. To estimate peak capacity deferral, the study used the capacity credit estimates for stand-
alone energy storage at certain storage durations as calculated by Sioshansi et al (2014). The
effective capacity of the storage system considering this estimated capacity credit was multiplied
by the Cost of New Entry (CONE) of a natural gas combustion turbine, as described in Newell et
al (2018). CONE represents the fixed and capital costs of a natural gas turbine used entirely for
backup services, thus excluding variable costs. The key assumption is that a new combustion
turbine would fill the role of providing peak electricity in the absence of a storage system, so in
the context of this analysis, CONE essentially is the benefit of using storage instead of investing
in new gas turbine capacity. As storage costs decline, the benefit-cost comparison becomes more
favorable, and storage becomes a more cost-competitive option than natural gas for meeting peak
demand sometime before 2030.

Two limitations of the HB 589 study include investigating neither the sensitivity of
energy storage capacity value to solar PV penetration nor the capacity credit allocated to storage.

Only one capacity value for solar was used, 5%, and storage capacity value was determined
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solely by duration, not dependent on the level of storage penetration. The study observed an
influence from PV generation on storage discharge but the extent to which the two technologies
impacted each other’s value was beyond the scope of the time-constrained report. This limitation
is the main reason why I chose this topic. Analysis was done with a very low capacity value
given to solar PV, but peak net load is currently on a knife edge between winter and summer
peaking, depending on PV penetration. Energy storage can alter the net load curve to change
when net load peaks in a year. The research presented in DeCarolis et al (2018) is just one
example study with no sensitivity analysis of capacity values, and what makes Duke Energy an

interesting case study is the many other scenarios that could illustrate a wide range of results.
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3. METHODOLOGY

3.1 Methods Overview

To evaluate the capacity value of solar PV and storage systems in Duke’s territory, | used
a Loss of Load Expectation (LOLE) approach. | provide a short summary here and elaborate on
the process in the next few subchapters. Power plants were assigned an Equivalent Forced
Outage Rate - Demand (EFOR-d) value based on data from the North American Electric
Reliability Corporation (NERC, 2019). EFOR-d values denote the probability of a given
generator being unable to generate due to a forced outage or derating when there is otherwise
demand for it to operate. Even if a generator is used once, it has an EFOR-d value, because at
some point, it was needed to meet demand (NERC, 2018). Thus, | assigned an EFOR-d value to
every generator. By conducting a Monte Carlo simulation with 600,000 realizations of generator
availability, I calculated the probability distribution for the grid-wide aggregate available
generating capacity. Coupling this result with system load, | then determined the Loss of Load
Probability (LOLP) of Duke’s grid and how it is affected by standalone solar PV additions. In
addition, Tools for Energy Modeling Optimization and Analysis (Temoa), an open source energy
system optimization model, was used to optimize hourly energy storage charge and discharge
over the course of a year under a series of scenarios with discrete additions of solar PV capacity.
The database used in this model is a modified version of the operational model developed in
DeCarolis (2018). The resultant storage dispatch pattern was subtracted from net load and used
within the Monte Carlo model to determine storage capacity value in the presence of the specific

solar deployment levels.
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3.2 Loss of Load Probability and Effective Load Carrying Capability

The reliability of a grid can be measured by the number of instances in which a loss of
load event occurs over a given time period. This is defined in articles such as Da Silva et al
(1988) as the loss of load expectation (LOLE) of a grid. In my analysis, | evaluate loss of load
events at an hourly temporal resolution. The probability that a loss of load event will occur at any
given hour in a certain time period is the loss of load probability (LOLP) (Da Silva et al, 1988).
Another metric utilized was the Effective Load Carrying Capability (ELCC) of the solar (and
later, storage) capacity addition. ELCC compares the nameplate capacity of a generator to the
additional load that can be served while maintaining the same level of reliability. For example, a
300 MW thermal generator that has an EFOR-d value of 0.1 would be expected to have an ELCC
of approximately 270 MW, or 90% of the nameplate capacity of the generator (though there may
be seasonality to the forced outages that occur which may slightly change this value). An ELCC
approach is common when evaluating the reliability value of non-dispatchable generators, and
usually both ELCC and LOLE are calculated concurrently during reliability analysis.

A database was developed in this study that was used to evaluate the LOLP of Duke
Energy’s territory including Duke Energy Carolinas (DEC) and Duke Energy Progress (DEP).
The database includes the generators and their nameplate capacities in Duke territory based on
EIA 860 data (EIA, 2019a). Hourly demand data in DEC and DEP for 2018 and 2019 are from
combined EIA 923 data for the DEC, Duke Energy Progress East (CPLE), and Duke Energy
Progress West (CPLW) balancing areas (EIA, 2019b). Solar generation data are from EIA 930
(EIA, 2019c), with hourly capacity factors derived by comparing generation to installed capacity

for every month from August 1, 2018 to July 31, 2019.
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EFOR-d values from NERC (2019) were assigned to the firm generators in DEC and
DEP territories. The generator nameplate capacity gi is multiplied by a binary variable e;, which
is introduced to indicate whether gi is available or not. A random number generator was used to
determine the value of e;. If a random number, which ranges from zero to one, exceeded the
value of (1 — EFORA) for a generator, the binary variable e; has a value of one, and the generator
is available at full capacity. Otherwise, the value of e; is zero and g; is considered unavailable.

For all existing power plants in the set, generate a random number r; between 0 and 1:

If , >1— EFOR-dj, thene; =1,
otherwise e; = 0
The subsequent summation across all generators, each with a unique random number and
determinant of availability ej, is the cumulative generation available to meet demand in time
period t, Gt, as described in Equation 1, where [ is the set of existent power generators indexed
by i and T is the set of time periods in the analysis indexed by t. Non-dispatchable generators
(i.e., solar and wind) were treated as negative load, and thus not included in the summation.

Gt = Yier giei, Vt€ET 1)

The cumulative available generation value is compared to the net load values for every
hour of the year, represented as L:. The number of instances in which Gtis lower than Lt
throughout the selected time period T divided by the total number of instances is the LOLE of the
grid during T, with each individual loss of load event denoted by d:.

For all existing time periods in analysis,
If G, <L;,thend; =1,

otherwise d; = 0
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Equations (2a) and (2b) shows the LOLE computation, where p{G; < L.} represents the

probability of the random variable G, been less than the parameter L, over the analysis period.

’11;—1 dt
LOLE ===—, or (2a)
T
LOLE = Z (G, < Ly} (2b)
t=1

Since cumulative generation is based on probability, | added a Monte Carlo simulation
component to test the sensitivity of the cumulative generation value. A Monte Carlo simulation
consisting of 600,000 iterations was conducted, evaluated in 12 separate trials of 50,000
iterations at a time. A histogram showing the distribution of all 600,000 available generation
values is provided in the Appendix as Figure A3. This iteration total ensures a sufficient number
of loss of load events when calculating LOLP. An insufficient number of iterations may not
produce a single loss of load event, and iterations beyond 50,000 are computationally intensive
and offer diminishing returns. The 50,000 resultant cumulative available generation values were
compared to load across all 8,760 hours between August 2018 and July 2019. LOLE was
calculated for every iteration j of the 50,000 available generation values across all 8,760 hours of
demand. Since a typical grid targets a standard LOLP of 0.1 days per year, or a loss of load once
every 10 years (NERC, 2011), in order to maintain this NERC LOLP value, 16 loss of load
events can occur for every 50,000 iterations. Sometimes multiple Gt values in a 50,000-iteration
trial (n) were lower than a single hour in L. This counted as multiple separate loss of load events.
LOLP for each trial k can be described using Equation 3, where n is the number of iterations:

n
1
LOLP, = Ez LOLE; 3)
j=1
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The combined DEP and DEC grid currently has excess available capacity to meet
demand, so the current LOLE was estimated to be zero. Overall, the lowest cumulative available
generation value calculated was 34.3 GW while peak demand is about 33.5 GW. Thus, each trial
had its own minimum cumulative generation value greater than or equal to 34.3 GW. For each of
the 12 trials, an initial fixed load L, was added to every hour to increase the LOLP until it
achieved a 0.1 days/year reliability. This value L, was different for each trial. Then, incremental
amounts of solar capacity Gs were added to the grid, decreasing the LOLP. Finally, additional
fixed load Ls was added to every hour to return the grid to the 0.1 day/year LOLP. To account for
the initial fixed load and solar capacity, LOLP is calculated using Equation 4, which is Equation
3 expanded to include L, Gs, and Ls.

For all existing time periods in analysis and each trial,

If Gpp + Gs <Ly + Lyy + Ls, thendy, = 1,

otherwise d;, = 0

n
1 T_d!
LOLP, = EZ # or (4a)
j=1
1 n T
LOLP, = ;Z Z p{Gex + Gy < Ly + Ly g + Lg) (4b)
j=1t=1

The ELCC associated with solar generation Gs is Ls, which represents the amount of load
that can be added in tandem with Gs to maintain an LOLP of 16/50,000. This value is used in the
final calculation to arrive at the capacity credit for a solar capacity addition. Dividing Ls by Gs,
which are both in power capacity units, returns the capacity credit (CC) for Gs, as shown in
Equation 5. Depending on the values of Ls and Gs, this equation can be used to find either the

cumulative capacity credit or incremental capacity credit. For cumulative capacity credit, the
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total amount of load that can be served and the total solar capacity on the grid are used in the
equation. For incremental capacity credit, only the Ls and Gs values associated with the next
increment of solar capacity are used.

CC= Ls/Gsx100% ©))
3.3 Incorporation of Energy Storage

Tools for Energy Modeling Optimization and Analysis (Temoa) is used to perform hourly
operational analysis of solar and energy storage systems within the DEP and DEC balancing
territories. Temoa is a bottom-up energy system optimization model developed at NC State that
performs linear optimization to identify the least-cost pathway for energy system development
(Hunter et al., 2013). The model code is open-source and all input data is publicly available. The
energy system representation within Temoa is structured as a network in which technologies are
linked together by a flow of energy commodities. Each technology has a set of engineering-
economic characteristics, such as capital cost, fixed and variable operations and maintenance
costs, and conversion efficiencies. The model also includes a variety of constraints that ensure
realistic energy system performance. Additional information on Temoa development and
operation can be found in Thomas et al (2017), DeCarolis et al (2018), and Hunter et al (2013).

The model objective function is given in Equation 6. The objective function minimizes
the system-wide present cost of energy supply over a user-specified time horizon (one year in
this case) by optimizing the installation and utilization of electricity generation technologies t
built in a certain vintage year v across the system for every time slice d. In this case, d is one
hour:

Obj = min Y, Y, (Capacity[t, v]  CostFixed[t,v] + 387 Activity[d, t, v] *

CostVariable|[t,v]) (6)
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Due to the exponential increase in computational complexity from modeling multiple
years at high temporal resolution (Lara et al, 2018), this analysis includes least-cost operational
dispatch for a single year with hourly resolution. In this database, capacity expansion is
prohibited, and instead solar and storage assets were added parametrically. While Temoa was
originally developed to perform capacity expansion, it has also been used to evaluate dispatch
and has been benchmarked against a unit-commitment and dispatch model (de Queiroz et al.,
2019).

Several constraint sets define energy storage in Temoa. The Temoa energy storage
algorithm works such that energy storage is initialized at a full charge and must be completely
discharged at the end of the year. Storage duration is represented as a fraction of a year, either a
value of (2/8,760) for a two-hour battery or (4/8,760) for a four-hour battery. Roundtrip
efficiency losses are modeled as 15% of nameplate capacity and are counted on charge only.
Storage has explicit constraints preventing the stored energy in a given hour from exceeding the
energy capacity or dropping below zero. The charge and discharge rates cannot exceed power

capacity, nor can throughput.

3.4 Modeled Scenarios

Since the estimated capacity credit is a function of the deployment level, solar capacity
credits were evaluated in the absence of energy storage at 20 different solar PV capacity levels.
Eleven were chosen based on DEC and DEP capacity value results in DEC (2018) and DEP
(2018) and the remaining 9 were chosen to offer a more complete range of values. Adefarati
(2017) concluded that the reliability of solar plus storage is highly dependent on the capacity of
the storage system, so it was important to choose a few different storage capacities. Thus, to

evaluate the capacity credit of lithium-ion battery storage, storage dispatch patterns were
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obtained from Temoa at two storage power capacities, two storage duration limits, and five PV

penetration levels, totaling 20 storage scenarios:

0

0.08 2 3
Storagetrials:lO.Sl(GW)X [4] (hr)X| 5 | (GWSolar)

2 10

13J

The chosen storage durations were based on commonly observed configurations of solar
plus storage projects. Common lithium-ion battery system durations installed in the United States
are two and four hours (GTM, 2018). The storage power capacities were chosen to provide
bounds ranging from relatively modest to highly ambitious storage investments. Sioshansi et al.
(2014), the study used in DeCarolis et al. (2018), calculated storage capacity credits for 80 MW
systems. Thus, an 80 MW battery was modeled in order to benchmark results presented here
with those in the existing literature. Trials with 0 GW solar were conducted to observe how
storage would behave in the absence of solar. Approximately 3 GW of solar were on Duke
Energy’s grid in 2017 and around 5 GW of solar were on the grid at the beginning of 2020.
Trials including of 10 and 13 GW of solar were also conducted to assess how storage would

perform with additional solar capacity beyond currently planned solar investments.
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4. RESULTS AND DISCUSSION

In Section 4.1, 1 discuss the results of the solar capacity credit analysis without energy
storage, and then in Section 4.2 | compare my results with those reported in Duke Energy’s IRPs.
In Section 4.3, | explain how energy storage impacted the net load curves of multiple days with
high demand and provide energy storage capacity credit estimates for the scenarios described in
Chapter 3. Finally, in Section 4.4, | discuss limitations of the analysis and introduce a revised

method to address one of these limitations.
4.1 Solar Capacity Value in the Absence of Energy Storage

Incremental additions of solar generation showed diminishing reliability value, consistent
with what has been observed in the DEC and DEP IRPs as well as other literature mentioned
earlier (Gami et al, 2017; Samadi & Singh, 2014; Frew et al, 2017; Richardson & Harvey, 2015).
Figures 1a and 1b illustrate this trend for the incremental solar capacity credit and cumulative
solar capacity credit, respectively. The box and whisker diagrams represent the average, first and
third quartiles, minimum, and maximum measured capacity credits for each PV addition. The
quartiles are the gray or red boxes, the averages are the colored lines, and the minimum and
maximum values are shown as whiskers. In the context of Equations 4 and 5 which explain the
calculation of LOLP, a diminishing capacity credit means the ratio between load added (Ls) and
solar added (Gs) becomes larger, as less load can be added with each additional investment in

solar. A qualitative illustration of this trend is in the Appendix section as Figure A4.
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nameplate capacity

As noted in Chapter 3, the incremental capacity credit refers to the value assigned to the

next increment of solar capacity added to the system, while the cumulative capacity credit refers

to the value assigned to the aggregated solar capacity up to a specified capacity level. The solar

PV capacity additions used in Duke’s IRPs are included in Figure 1 along with several higher
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capacity levels to examine the impact of continued solar deployment. The hours in which the
solar resource is weak or nonexistent gradually become the hours of highest net load as solar
capacity is increased, which is why additional solar capacity shows diminishing returns.
Increasing solar penetration changes the net load curve in two ways: first, solar pushes high
summer net load into the late afternoon and early evening, when the solar resource declines in
intensity; second, as higher solar generation shaves summer peaks more effectively than winter
peaks, the peak net load hour shifts to the winter, where the solar resource is weaker. In general,
the seasonal shift in net load is more impactful on capacity credit.

The incremental capacity credit was often close to the capacity factor of solar at the
marginal hour for which the LOLP changed from a reliable to unreliable value. When the amount
of additional solar capacity increased but the specific hour where the critical outage occurs did
not change, the incremental solar capacity credit did not significantly change, if at all. In some
cases, the capacity factor at the critical outage hour was higher, a result of an hour with high
demand getting peak shaved to a larger degree than other hours. This effect is illustrated twice in
Figure 1a, from 3.08 to 3.5 GW and from 6.5 to 7 GW which explains why there is a slight
increase in capacity value with an increase in solar capacity.

Before comparing my results with those drawn from the Duke Energy IRPs, I will discuss
the approach Duke used to evaluate solar capacity value. DEC and DEP provided summer (June,
July, August) and winter (January, February) LOLE weighting values in no-solar scenarios and
at various PV penetrations. They represent the likelihood that a loss of load event will occur in a
particular season with varying amounts of solar on their respective grids. In DEC, loss of load
events in a no-solar scenario occur 59% of the time in summer and 41% in winter. The peak net

load with only 1 MW of solar occurs on a summer afternoon, unchanged from when there is 0
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MW of solar. After the planned solar capacity additions from all four tranches in the DEC 2018
IRP are considered, LOLE occurs 93% of the time in winter and 7% of the time in summer. The
DEP no-solar scenario has a seasonal LOLE weighting of 85% in winter and 15% in summer.
After the planned solar capacity addition from all four tranches in the DEP IRP are considered,
seasonal winter LOLE weighting is over 99%, such that solar capacity value is dictated solely
from the winter capacity contribution.

| found that some values in my analysis were similar to those reported in DEC’s IRP. The
value of the first MW is highest with an average value of 44%, the same value reported in Table
9-C of DEC’s 2018 IRP when only considering summer loss of load events. However, since
DEC allocated a 59% LOLE weight to the summer season and 41% in the winter, and DEC
assigned a 2.5% capacity credit to the first MW of solar in the winter, the resultant weighted
average capacity credit for the first MW of solar is 27.2%. Loss of load events were much more
prevalent in July and August hours in my analysis. For example, at 5 GW of solar, loss of load
occurs in the winter 36% of the time, even though the two highest peak net load hours are in
January. Tables from the 2018 DEC and DEP IRPs detailing their measured capacity values are
provided in the Appendix.

The more evenly distributed loss of load events in this analysis may have contributed to
the consistently higher capacity credit values compared to those presented in the Duke IRPs. As
solar penetration increases, the incremental capacity value of solar decreases, but declined at a
slower rate compared to Duke’s estimates. In my analysis, the average capacity credit is below
10% as solar PV exceeds 7 GW of installed capacity; comparatively, DEC estimates that
capacity credit falls below 10% by 1.52 GW of solar PV. At 8 GW solar, | found that the lowest

incremental solar capacity credits are near 0%. While Duke did not examine this level of solar
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penetration, my results are in line with Duke’s estimate of less than 1% capacity credit for
additions past 7 GW. In general, my estimated capacity values are higher than Duke’s, but an
overall similarity in the declining trend of capacity credit values is observed.

4.2 Uncertainty in Capacity Value

Given that the Duke service territory has several large coal and nuclear power plants with
assumed low forced outage rates, minimum cumulative available generation occurs when several
of these plants are offline at once. This “lumpiness” is acknowledged in literature such as Ryan
(2018), where the conclusion that a grid with a large number of smaller generators would have
different levels of reliability and capacity values than one with fewer, larger generators is true in
this analysis as well.

In the context of my analysis, | observed infrequent but impactful system realizations
where multiple large units were simultaneously unavailable, creating extreme events where a
cumulative generation value was much lower than even the second or third lowest generation
values. These events were so infrequent that they occurred less than once per 50,000 iteration
trial on average. In the trials with one or two extremely low cumulative generation values,
capacity values for solar were higher. My analysis required a total of 16 loss of load events to
occur out of every 50,000 iterations, and load was continuously added after the solar capacity
was installed until the grid reached that level of reliability again. With one or two extremely low
cumulative generation values stemming from the unavailability of multiple large generators,
several hours will experience a loss of load event. Therefore, one extremely low generation value
causes loss of load events across a wider range of hours. Many of the sub-peak, high load hours

were in July and August, so solar capacity values were comparatively higher when cumulative
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generation was low because more loss of load events associated with conventional plants
occurred during these summer hours.

Other times, the lowest cumulative generation values were close to each other, making a
smoother tail in the cumulative generation distribution. In trials without extremely low
cumulative generation values where the “lumpiness” between cumulative generation values was
lower, fewer hours experienced loss of load. This outcome resulted in dual-peaking behavior
(i.e., the magnitude of the peak summer hour and peak winter hour were less than 100 MW
between each other). In these cases, the solar PV capacity value remained relatively low as solar
PV capacity increased. Each of the 12 trials exhibited a relatively wide range in capacity values
at each solar penetration level, mostly the result of the simulated grid experiencing high or low

spreads between minimum generation values.
4.3 Impact and Capacity Credit of Energy Storage

Using Temoa, hourly energy storage and dispatch across a single year was determined for
each storage duration, storage capacity, and PV penetration combination, and the resultant
dispatch pattern was used to determine the capacity credit of storage under those conditions.
Figure A6 in the Appendix section shows a visual representation of storage dispatch behavior
throughout the year in one scenario, where the exact hours storage charged and discharged can
be identified. Figure 2 shows examples of these operational outputs for select days, with demand
(red), net load with 5 GW solar PV (orange), and net load with solar and 2 GW/8 GWh energy
storage (dotted blue). Figures 2a and 2c¢ show January 22, the peak winter day on the combined
DEC and DEP grid system, and Figures 2b and 2d show July 16, a summer day with high

demand. Additional net load curves are provided in the Appendix under Figure A®6.
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Figure 2: Net load on peak winter and summer days with solar generation and a
2GW/8GWh energy storage system. (2a) January 22 with 5 GW solar; (2b) July 16 with 5
GW solar; (2c) January 22 with 10 GW solar; (2d) July 16 with 10 GW solar

The energy storage systems demonstrated consistent charging and discharging patterns
under all combinations of storage capacity and solar penetration, while varying storage duration
yielded slightly different operational behaviors. During peak days, in all cases, energy storage
charged predominately in the middle of the night and discharged during times of peak net load.
Storage reduced overall grid operational costs throughout the year. Higher PV penetrations
narrowed the duration of the net peak loads in both winter and summer, which is particularly

evident in Figure 2c. Because the energy storage systems have a fixed discharge duration, these
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narrower peaks allowed the energy storage systems to reduce the new net peak loads more
effectively.

The capacity value trends of four storage power capacity and duration combinations at
various PV penetrations are shown in Figure 3. Figures 3a and 3b show the results for 500 MW
of storage with two- and four-hour maximum discharge durations, respectively, while Figures 3c
and 3d show comparable results for 2 GW of storage. Since narrowed peaks still last for multiple
hours, longer duration storage is more effective and results in a higher capacity credit allocation
for storage. Shorter duration energy storage is more energy limited and therefore cannot

participate as effectively in peak shaving during multi-hour periods of high demand.
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| ran additional operational model tests at the 5 different PV capacities with 80 MW, 320
MWh storage to allow us to compare my results to Sioshansi et al (2014), which was used in the
North Carolina energy storage report (DeCarolis, 2018). In the 3 GW solar PV cases, the average
capacity credit is 75%, the same as presented in Sioshansi et al (2014). However, it is worth
noting the spread in results, which ranged from 0% to 100%. Similar to solar capacity value, the
storage capacity value is affected by the cumulative generation levels within each trial.
Extremely low cumulative generation values made storage less effective. Generally, if the
difference between the lowest generation value and the second lowest generation value was
small (20 or 70 MW difference), capacity credits were larger (100% and 84%, respectively).
Contrarily, a high deviation between the lowest and second lowest generation values (1.21 or
1.24 GW difference i.e. a lumpier grid) resulted in lower capacity credits (10%). This wide range
is observed for most PV capacities, as shown in Figure 4. In one case, measured capacity credit
was 0%, meaning the 80 MW storage system did not affect the shape of the net load curve, and

in another case, capacity credit was 100%.
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Figure 4: Capacity credit of 80 MW/320MWh energy storage system at five different PV

deployments. Uncertainty is much higher than the other tested storage configurations.
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At PV deployments greater than 10 GW, solar actually began to broaden winter morning
net load peaks. In my analysis, with 10 or 13 GW of PV deployments, overnight and early
morning winter net load exceeds afternoon and evening net load. Instead of winter peaks
occurring between 8 and 10 am, the net peak hours on a typical winter day shift earlier (5-9 am)
in the presence of high penetrations of solar PV. This is a possible reason why there is a slight
decline in capacity credit from 10 GW to 13 GW observed in Figures 3a, 3b, and 4. This topic
will be elaborated upon in the next subchapter.

Figure 5 highlights the impact of storage discharge on peak net load hours within Duke’s
territory. In Figure 5, the percentages represent the actual storage discharge in the given hour
compared to maximum discharge capability based on the storage system’s power capacity. The
darker bars show net load without storage and the lighter bars show net load including storage.
Figures 5a, 5c¢, and 5e have the eight highest net load hours without storage plotted in descending
order, while Figures 5b, 5d, and 5f have the new eight highest net load hours after considering
storage dispatch. Energy storage with 2 GW of rated capacity and a four hour storage duration
can shift Duke’s grid back to a net load peak in the summer depending on the amount of solar
capacity on the grid. This shift to summer net peaking increases the capacity value of additional
solar, as the solar resource better corresponds to peak net loads in the summer months. As seen
below in Figures 5e and 5f, at 13 GW of PV, the system remained winter peaking, even though
the storage system had nearly 100% capacity value. The takeaway here is that storage and solar

deployments should move in lockstep to maintain high capacity values from both assets.
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after storage (right column). The percentages show the storage discharge in the given hour

compared to maximum discharge capability.
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In some cases, the presence of storage changed the hours of peak net load to ones where
there is little to no storage available to dispatch, similarly to how the presence of solar shifts the
hours of peak net load to hours with weaker solar resource. This is shown in Figures 5¢ and 5d.
At 5 GW PV levels, the eight highest net peak hours in the year — that is, the peak net load hours
once storage has been added to the grid — see little to no actual storage dispatched. An artifact of
the energy-limited nature of storage, it is impossible to achieve a perfectly flat net load curve
(unless there is an astronomical amount of long duration storage capacity on the grid). During
these peak demand hours, PV generation contributed substantially towards reducing peak. In
Figure 5a, the hours 7/17 16:00 and 7/16 16:00 are high demand hours and see high storage
dispatch with zero solar on the grid, but dispatch less capacity when 5 GW of solar is introduced
(15% and 25%, respectively), shown in Figure 5d. Extrapolating from the results in Figure 5, it
may be that, at least for Duke Energy’s grid, relatively modest energy storage capacity additions
would considerably change the capacity value of solar by shifting peak net load towards more

favorable hours for solar technologies.
4.4 Analysis Limitations

It is important to note that LOLP analyses (including this study) can lack certain real-
world operational constraints, which may affect the actual loss of load distribution. The method
utilized here assumes that all available generators are equally able to serve load in all hours. This
implicitly disregards operational constraints such as ramping limits of generators. Such ramping
limits can be a binding constraint while meeting morning winter peaks, which are narrower and
may be less predictable than broader summer peaks. In addition, generator run time and unit

commitment constraints are not considered, which could constrain certain generator’s
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availability. Also, my model assumes perfect foresight of demand at every hour since demand
was an input to the model.

The objective function in Temoa minimizes grid operational costs throughout the year. In
my analysis, Temoa only performed energy arbitrage, charging storage during hours with low
electricity production costs and discharging during hours with high marginal electricity
production costs. This objective mostly aligns with the objective of my analysis, which is to
assess the peak shaving capabilities of energy storage. However, sometimes the storage dispatch
results deviated significantly from what “optimal” peak shaving would look like. The storage
dispatch pattern has to do with the differences in marginal electricity costs throughout the high
demand hours. In scenarios with high solar penetration, hours of peak demand had a lower
marginal electricity cost than other high-demand hours because solar PV, which generates
electricity with zero marginal cost, contributes to meeting demand. Therefore, the overall
marginal cost of electricity is lower, which influenced Temoa to discharge storage during other
hours with high demand. These “other” hours have lower solar insolation and therefore require
electricity from generating units with higher operational costs. Temoa will effectively perform
arbitrage with storage by displacing hours with higher marginal cost electricity, but it does not
always result in neatly clipped demand peaks with flat tops, as the model optimizes when it uses
storage to offset the highest cost electricity.

There were more times when the energy arbitrage objective misaligned with optimal peak
shaving in 13 GW solar scenarios compared to 10 GW solar scenarios, as the additional solar
generation during summer days and summer evenings lowered the electricity price during peak
hours more significantly. Consider the scenarios with 10 GW and 13 GW of solar and 500 MW/2

GWh of storage on July 16™. On the selected day, the 13 GW solar case produces 1.4 GW more
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solar than the 10 GW solar case in the net peak hours. The 10 GW solar case has 1200 MW more
coal and 200 MW more gas generation in those hours. Since these technologies have higher
operational costs than solar, the marginal cost of producing enough electricity to meet demand in
the 10 GW solar case is higher at 5pm when compared to the 13 GW solar PV case. This leads to
more battery discharge during those hours in the 10 GW case, relative to the 13 GW case. This
difference continues over the next four hours until 9pm. During some of this time, it is more
cost-optimal for the battery to discharge, and does so for four hours from 7-11pm. Peak net load
on July 16" occurred at 7pm in the 10 GW and 13 GW scenarios, so storage meets peak net load
in the 10 GW case. In the 13 GW case, solar provides a sufficient amount of generation at 7pm
such that storage does not discharge. As solar generation wanes and disappears, storage
discharges from 8pm-12am, so this system did not shave the peak net load hour as effectively.
Thus, the capacity value is higher at the 10 GW solar penetration level. The net load curves for
both 10 GW and 13 GW of solar with 500 MW/2 GWh of storage are shown below as Figures 6a
and 6b.

For the most part, 2GW/4GWh and 2GW/8GWh storage systems discharge during
periods with both the highest marginal generation costs and highest net peak loads, sufficiently
shaving peak but receiving lower capacity credits. As shown earlier in Figures 3 and 4, a 2 GW
storage capacity resulted in a lower capacity credit at high PV levels compared to a 500 MW
storage capacity. Nearly 100% of a 500 MW system contributed to peak demand economically,
whereas with a 2 GW system, dispatching 100% of its power or energy capacity may not be
necessary. A high stored energy capacity provided energy arbitrage benefits during on- and off-

peak hours, maximizing operational value but not capacity value.
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Marginal electricity costs may also be lower in the middle of the day than in the evening

due to technological constraints such as ramping down of coal plants. In Temoa, coal plants have

ramp up and ramp down rates, reflecting the thermodynamic limits associated with quickly

increasing or decreasing power generation from coal units. This ramp up and down may be

necessary at the beginning and the end of the day as solar generation reduces the need for more

expensive coal power. This ramping may be another reason besides optimized energy arbitrage

as to why storage discharged at irregular times, such as what is illustrated in Figures 6¢ and 6d.
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To better understand the impact of using these operational results, | optimized energy

storage dispatch separate from Temoa to see how the resultant capacity credit changed. In this
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new analysis, a simpler energy storage dispatch pattern was created specifically to perform peak
shaving instead of energy arbitrage. | modifed the energy storage dispatch behavior for four peak
days in the year (one winter and three summer) solely for peak shaving, meaning I chose hours
of lowest net load in the day to charge and highest net load in the day to discharge. Storage
began and ended the day at zero charge, thus leaving the state of charge throughout the rest of
the year unchanged. Because of time limitations, not all hours in the year could be optimized.
However, the most important days to modify are those with peak or near-peak net load, since
those hours have the highest impact on the measured capacity value of storage. Other days would
likely have a diminished to negligible impact on capacity value, analogous to how most days in
the year have a negligible impact on the LOLP of a grid. 1 used the resultant storage dispatch
pattern in the LOLP model for two storage configurations at two solar PV penetrations and
recalculated the capacity credit for these cases.

Select results from this analysis are in Figures 7a and 7b. These figures show examples of
the new net load curves that were created by focusing on peak shaving. Peaks are much flatter in
both the winter day (January 22) and the summer day (August 30). No analysis was performed to
determine how this impacted grid operational costs. Energy storage configurations with high
energy capacity are shown here to more prominently show the resultant differences in net load

with storage.
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capability

Figure 8 shows how this peak shaving optimization impacted the capacity credit of

energy storage in two different scenarios. In the lower storage capacity scenario, the optimization

impacted the average capacity credit significantly. Referring back to Figure 3, which illustrated

storage capacity credit at four different storage capacity / duration configurations, the 500 MW

systems in 3a and 3b showed a decline in allocated capacity credit from 10 GW of solar to 13

GW of solar. After performing this peak shaving optimization, this capacity credit reduction was

not observed in the 13 GW case. Instead, capacity credit rose 11% (from 87% to 98%) compared

to its original 13 GW value. This is also a 2% increase compared to the 10 GW capacity credit,

which is 96%. However, this revised storage dispatch test had a negligible impact on the 2 GW,
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four-hour duration energy storage system. Only a 3% increase was observed between the Temoa-
optimized scenario and the peak shaving storage dispatch scenario (from 77% to 80%). These
systems already had a positive correlation between PV penetration and capacity credit with the

storage dispatch pattern optimized by Temoa.
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Figure 8: Energy storage capacity credit difference between Temoa optimal dispatch and

peak shaving optimal dispatch. “Opt” refers to peak shaving optimization

Based on the results of these two adjusted optimization scenarios, it is reasonable to
assume the same pattern would be observed for most or all other storage configurations and solar
PV capacity additions, or at the very least, scenarios with four-hour storage duration. Therefore,
the results in this analysis may be conservative, as the storage systems were not fully optimized
for peak shaving. Additional analysis would be required to fully quantify the divergence between

the two optimization methods.
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5. CONCLUSION AND FUTURE WORK

The capacity value of solar depends on a multitude of factors, including the penetration
level of solar PV on the grid, and should not be reported as a single scalar value. Studies on the
capacity value of variable energy resources should include some level of sensitivity analysis or
they may miss key insights. The difference between the capacity values estimated by Duke
Energy Carolinas and Duke Energy Progress and estimated in my study suggest that a review by
Duke Energy on their capacity values may prove worthwhile, especially as they prepare their
2020 Integrated Resource Plan. Since their grid is close to dual-peaking (winter-summer) status,
Duke Energy’s territory, which has less than 2 MW of battery energy storage currently operating
in NC (DeCarolis, 2018), could benefit from energy storage assets installed over the course of
several years in order to improve the value of their utility-scale solar assets. In my analysis,
investing in 2 GW of four-hour energy storage on Duke’s grid with 10 GW of solar PV would
result in a grid system with a peak net load in the summer. This can be achieved within the next
several years, and additional analysis may find that less solar or less storage is necessary to
recreate a summer peak net load grid system to maintain a higher solar capacity value.

Not all energy storage configurations can shift the grid back to a summer peaking system.
The same amount of storage as mentioned earlier (2 GW of four-hour storage) on a 13 GW solar
grid instead of a 10 GW grid is sub-optimal from a peak shaving perspective and therefore would
not be as cost-effective, since both assets provide less value to the grid. Energy storage at some
level is inevitable as more VERs come online on every grid system and waiting to invest in
energy storage may reduce the value of the initial additions. Every grid is dynamic, and utilities
and grid operators must be cognizant of the storage investments they will make relative to PV

penetration levels and how it shifts the net load on the grid.

49



The “lumpiness” of the grid system under analysis is very important when calculating
solar or storage capacity credits. A grid with a large number of smaller generators would have
different levels of reliability and lower solar capacity values than a grid with fewer, larger
generators. The demand profile and resultant net load curve from excluding VER generation are
extremely important when evaluation storage capacity value as well. Because energy storage
systems have a fixed energy capacity and discharge duration, narrower net load peaks are more
favorable for both two- and four-hour duration energy storage systems, as the storage systems
can more effectively reduce those net load peaks.

There are limitations in my work that should be considered by those looking to use the
methodology or results of this analysis. First, while I used real solar generation and load data
from 2018 and 2019, there is no meteorological uncertainty, either in Temoa or the LOLP model.
There is an inherent assumption that solar PV hourly irradiance at every hour is known
throughout trials. It is unclear if this results in an overestimation or an underestimation of
capacity values, but would change the net load curve, given the hourly generation from solar
during peak hours would potentially increase or decrease. The perfect foresight assumption for
electricity demand and generation is not a unique limitation to this analysis. Few studies consider
meteorological uncertainty, assuming static solar PV hourly capacity factors the same way as is
presented here.

A second limitation is that geographical factors are not considered in this analysis. There
is no incorporation of transmission and distribution infrastructure, shading, system location, or
land usage. Again, this is not a unique limitation. Residential, commercial, and industrial scale
solar projects connected to the grid at the distribution level could all have separate capacity

values from utility-scale projects in the same area, and storage may impact capacity value in
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different ways. These limitations highlight the importance of sensitivity analysis when
interpreting capacity value of variable energy resources.

A third important limitation is that, as discussed in Chapter 4.4, Temoa cost-optimizes
storage by minimizing grid operational costs, with no explicit prioritization of using energy
storage for peak demand reduction. This means Temoa will solely use energy storage for energy
arbitrage. This did not perfectly align with peak reduction benefits due to variations in electricity
production costs throughout the day. Sometimes the hours with highest marginal electricity costs
were not the highest net load hours of the day. This could have been caused by more expensive
generators coming online whenever solar resource availability was low or non-existent. It could
have also been caused by coal asset ramping, which is inefficient and increases that asset’s
operational costs, and therefore storage would dispatch during those hours. Regardless of the
cause, the storage capacity credit results would likely be higher if a storage dispatch algorithm
were tuned to prioritize peak shaving, an observation made during my offline storage dispatch
analysis.

Future work topics include altering the objective function of Temoa to focus on peak
shaving. This would yield improved capacity value estimates under specific energy storage
configurations. Future work could further incorporate economic considerations related to the
capacity value of solar and energy storage, such as additional analysis on the impacts of these
resources on annual grid operational costs, and electricity prices. In DeCarolis et al. (2018), the
capacity expansion results were highly sensitive to the assumed capacity values. Further work to
characterize how more accurate capacity credit estimates affect the deployment levels of solar
and storage is warranted. Perhaps the improved accuracy of this aspect of capacity expansion

modeling could offer new insights about pathways towards reliable, low-carbon electric grid
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systems. Finally, it would be interesting to study the environmental impact of using energy
storage and solar for peak shaving, similar to Hittinger & Azevedo (2015), but in the context of
the Duke territory. While solar PV and energy storage are slowly becoming more attractive
assets from an economic standpoint, the moral imperative of reducing anthropogenic greenhouse

gas emissions is also critical to consider.
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Solar Capacity

Solar Capacity

at Each at Each
Penetration Penetration g - s .
o Levil Penetration Level Winter | Summer | Annual
(Incremental (Cumulative
MW) MW)
0 0 DEC - 0 Solar 2.5% 44.7% 27.2%
840 840 DEC ‘T::?Sfif)‘j""g 09% | 33.6% | 111%
680 1,520 DEC — Tranche 1 — Fixed 0.5% 29.5% 6.5%
780 2.300 DEC — Tranche 2 — Fixed 0.4% 23.1% 2.9%
780 3,080 DEC — Tranche 3 — Fixed 0.2% 19.4% 1.6%
420 3.500 DEC — Tranche 4 — Fixed 0.2% 14.6% 1.2%
Solar Capacity | Solar Capacity
at Each at Each
Peule":rou Pﬂlf:g:?on Penetration Level ‘Winter | Summer | Annual
(Incremental (Cumulative
MW) MW)
0 0 DEP - 0 Solar 1.2% 354% 7.2%
DEP - 2950 Existing + o o/ o
2,950 2,950 Transition 0.6% | 124% | 06%
160 3,110 DEP - Tranche 1 —Fixed 0.3% 12.2% 0.3%
180 3,290 DEP - Tranche 2 — Fixed 0.3% 11.6% 0.3%
160 3.450 DEP - Tranche 3 —Fixed 0.2% 8.8% 0.3%
135 3,585 DEP - Tranche 4 — Fixed 0.2% 8.2% 0.3%

Figure Al: Capacity value results from Duke Energy Carolinas (1a) and Duke Energy
Progress (1b)
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Figure A2: Duke Energy territory peak hours before and after the introduction of 5 GW
solar PV. This illustrates how the 2 highest load hours changed from summer to winter,
leading to a re-evaluation of the capacity value of solar (From Duke Energy Carolinas’
2018 IRP and Duke Energy Progress’s 2018 IRP)
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Figure A3: Histogram of all 600,000 cumulative available generation values using a Monte

Carlo simulation. Duke Energy’s grid is overbuilt so load needed to be added to reduce
reliability before LOLP analysis could be conducted.
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Figure A4: Loss of Load Probability Isovalue Curve. As additional generation is
brought online, less additional load can be served to maintain the same level of reliability
on the grid
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Figure A5: Energy storage dispatch pattern for 2GW/8GWh of storage on a grid with 5
GW solar PV. Blue indicates storage charging, which mostly occurred overnight or in the
early morning. Red indicates storage discharging, which mostly occurred winter mornings
and early summer evenings.
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Figure A6: Select Net Load Curves
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