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Executive Summary

The electricity grid is undergoing unprecedented transitions such as the integration of high levels of
variable renewable energy, increase in electricity demand from data centers and electric vehicles,
introduction of demand response measures, and the increasing duration and frequency of extreme
weather events. As US wholesale electricity markets assess the contribution of different generation
technologies to grid reliability — known as ‘capacity accreditation’ — it is important to ensure that the
capacity accreditation methodology considers these transitions, so as to ensure that generators are
valued fairly for their true contributions to reliability. This has led to capacity accreditation reforms
occurring in most US electricity markets — of which we explore four in this study, namely, PJM, ISO-
NE, MISO, and SPP. Specifically, given our client’s battery storage development business, we focus
our research on the impact of these reforms on the contribution of battery storage assets to reliability
ie their ‘capacity value’. To do so, we first conduct a literature review to explore the state-of-play of
the reforms in the chosen markets and develop an Excel-based tool to illustrate the impact of these
methodological reforms on the capacity value of batteries. We then adapt the University of
Michigan’s python-based ASSETRA power systems resource adequacy model to emulate PIM’s new
capacity accreditation methodology. Using this model, we forecast the capacity value of 100 MW-4
hour duration battery storage assets in PJM over the next 20 years.

Based on our study, we find that with the new reforms, capacity values of batteries across all markets
decrease compared to previous accreditation processes. Furthermore, from the literature review,
Excel tool, and Python modeling, we find that as more batteries of the same duration class are added
to the system, their capacity values decline. In PJM, this is because of the shift to the ‘marginal ELCC’
method which renders a lower capacity value for each additional unit of the same duration class
added to the system because its ability to provide additional reliability during the same outage
duration reduces. In MISO, we saw that in the high-risk tier 2 periods, an increase in the availability
of one resource reduces the capacity value of competing resources. We also observe that longer
duration outages lead to lower capacity values for batteries as they provide reliability for only a
fraction of the outage duration. By this logic, long-duration batteries perform better during outages,
leading to higher capacity values —a trend we noticed across all markets through the literature review
and Excel tool. However, higher duration batteries entail higher costs so identifying the right time to
switch from short to long duration batteries is essential. The Customer Average Interruption Duration
Index (CAIDI) is one metric that can be used to assess the length of outages in a market; ie for markets
with CAIDI values greater than 4 hours (in our case — ISONE, PJM, and MISQ), Lightshift could
consider investing in 6-hour batteries, while for SPP, they can continue with 4-hour batteries as the
CAIDI <4 hours.

Lastly, our Python modeling highlighted that VRE levels lower than 30% do not impact the capacity
value of batteries. However, literature suggests that the higher the share of VRE in the system, the
higher would be the capacity value of batteries who add reliability to the variability of solar and wind
energy. Thus, considering that 37% of SPP’s installed capacity constitutes wind energy, it could be



explored as a potential market for battery investments. However, in SPP, Lightshift must consider
whether the batteries will be connected to Firm or Non-Firm Transmission Service, since Firm
Transmission Service-connected Batteries will be dispatched first as per the new methodology.

This study offers a scoping of the landscape of capacity accreditation reforms in 4 US electricity
markets and an initial version of the python model for PJM —which is the only market that has finished
the reform process. As next steps, the model could be updated to include a module that optimizes
the expected unserved energy across all hours by dispatching batteries accordingly which would
increase its robustness and could also be adapted for the other markets as their reforms reach
completion. Thus, Lightshift could run the model for different battery duration classes to identify the
tipping point where the capacity value of short-duration batteries starts falling and that of long-
duration batteries start rising which is when Lightshift energy can potentially consider investing in
long-duration batteries. Based on the modeling-based tipping point, a financial analysis could then
be conducted to understand the present value of different investment strategies. As the market
reforms reach completion, analyses could also be done on which battery services Lightshift should
prioritize in which markets so as to maximize their revenue generation from the market.
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1 Introduction
1.1 About the Client

Lightshift Energy is a utility-scale energy storage development company based in Arlington,
Virginia. They own, operate and are a community partner for battery storage solutions for
clients ranging from utilities and large electric consumers to municipalities and rural electric
cooperatives. Their aim is to bring cost-efficient and adaptable energy storage solutions to
meet existing and future grid demands and ensure reliability, affordability, and sustainability
in the communities that they serve. Lightshift typically develops projects of capacities
ranging up to 250 Megawatts (MW) in North America, and offers a range of solutions
including firm dispatchable capacity, transmission support, distribution support, large
electric consumer services (Lightshift Energy, n.d.).

1.2 Objective

Lightshift Energy is interested in better understanding the capacity accreditation reforms
occurring in different US wholesale electricity markets and their impact on the capacity
value of battery storage assets over the next twenty years. This will help inform Lightshift’s
market strategy such as which battery duration class to focus on in which market. The
markets of interest for this study are Midcontinent Independent System Operator (MISO),
PJM Interconnection LLC (PJM), ISO New England (ISO-NE) and Southwest Power Pool,
Incorporated (SPP) which constitute 41% of the United States’ population.

‘Capacity value’ is one of the key metrics to ascertain the value of an energy asset. Capacity
value (measured in Megawatts [MW]) reflects the contribution of a power plant/battery
storage asset to meet demand reliably at any given point. In general, system operators in the
United states conduct grid planning to comply with a reliability requirement of 1-in-10 Loss
of Load Expectation (LOLE) (Pfeifenberger et al. 2013). However, the methodology to
ascertain capacity values that contribute to the achievement of the LOLE target differs
across markets to reflect their unique context and market frameworks.

The methodology to calculate capacity values of generation assets is currently under reform
in most US wholesale electricity markets, prompted by several macro trends in the
electricity sector:

1. The transition from dispatchable fossil fuel and firm nuclear-powered generators to
variable sources of clean renewable energy like solar and wind energy.
2. Anincrease in load from the rise in data centers and transport electrification.



Changes in load curves due to changing weather patterns, including the shift of seasonal
peak loads from summer to winter.

The changing probability, frequency and duration of extreme weather events that lead to
outages.

Thus, in this study, we aim to achieve three objectives:

1.

Conduct a literature review of the current state of play of the capacity accreditation
reforms vis-a-vis their policies and procedures in the four chosen wholesale electricity
markets (PJM, ISONE, MISO, and SPP) (Figure 1). Thus, evaluating the implications of their
current and newly proposed methodology on battery storage assets.

Develop a power systems model to forecast the capacity values of battery storage assets
over the next 20 years in one market i.e. PJM.

Based on the qualitative and modeling results, provide insights on when Lightshift should
focus on developing which class of battery assets in which market over the coming years.

Figure 1: Map of US Electricity Markets

Source: (Sustainable FERC Project, n.d.-a)



2 Introduction to Capacity Accreditation

In this chapter we lay the foundation of our literature review by discussing the three key
terminologies, namely, capacity markets, capacity accreditation and capacity value. We
also discuss the need for a change in the markets’ accreditation methodologies established
currently.

2.1 What are Capacity Markets

Capacity markets are mechanisms used in the electricity sector to ensure that sufficient
power generation resources are available to meet peak demand and maintain grid reliability.
While different capacity markets are structured differently, broadly, they allow for power
plant operators to be compensated for their commitment to make generating capacity
available when needed. This involves predicting future electricity needs and securing
commitments from power generators to meet these needs. If a generator commits to
providing capacity but fails to deliver, they may face significant penalties. These markets
help to prevent power shortages and stabilize the grid by ensuring that there is always
enough generation capability on standby to meet the highest level, or ‘peak’ demand
(Cramton, Ockenfels, and Stoft 2013).

In the United States, different Regional Transmission Organizations (RTOs) and Independent
System Operators (ISOs) operate their own capacity markets with varying rules and
structures. For example, PJM, ISONE, and New York Independent System Operator (NYISO)
have well-established capacity markets that differ in terms of auction formats, demand
curves, and the length of commitment periods. Each marketis designed to reflect the unique
reliability needs and regulatory environments of their respective regions (National Governors
Association, n.d.).

2.2 Whatis Capacity Value

Capacity Value, also known as Capacity Credit, quantifies the capacity in Kilowatt (kW),
Megawatt (MW) or Gigawatt (GW) that a resource can reliably provide to meet grid demand.
The methods for determining this value vary depending on the market and the resource type
involved. In Chapter 4, we will explore the detailed methodologies used to determine
capacity values in the current and reformed capacity accreditation of four markets, namely,
ISO-NE, PJM, MISO, and SPP. However, the key thing to note is that the capacity value of an
asset will be lower than its nameplate capacity as its calculation will include unplanned
outages, planned outages for maintenance, weather-based variability (for solar and wind),
duration of availability (important for batteries), etc. The methodology of how these
considerations are factored into the calculation of the capacity value (called capacity
accreditation) is thus crucial to determine the final capacity value of that resource class



which in turn determines 1) the value and compensation for the asset in a capacity market
and 2) its effective contribution to grid reliability and stability. For Lightshift Energy,
understanding the capacity value of their energy storage assets will be critical to
demonstrate to their off-takers how much reliable power Lightshift can provide as compared
to other resources.

2.3 What is Capacity Accreditation

Capacity accreditation, or qualification, is the process that determines the amount of power
a generation resource can reliably contribute to the grid. Rather than being a simple pass/fail
determination, this process assighs each resource a specific capacity value based on its
technical capabilities and historical availability during peak times. Factors such as
maintenance schedules, forced outage rates, and the inherent variability of certain resource
types like wind and solar are considered in this assessment. Capacity accreditation ensures
that each resource is compensated based on its expected contribution to system reliability,
rather than just its installed capacity (EPRI 2024). This prevents the procurement of
unreliable power, thus safeguarding grid stability and reliability.

Different US electricity markets handle capacity accreditation uniquely, tailored to their
specific operational and regulatory requirements. For instance, PJM uses a method that
involves detailed performance assessments of the asset based on each hour of the year and
the corresponding temperature bin that hour falls under and imposes penalties on
participating plants for non-performance. ISONE, on the other hand, employs a seasonal
rating system that adjusts capacity values based on expected seasonal performance, while
NYISO utilizes a granular approach that considers the specific attributes of each resource,
such asramp-up times and downtime, to assess their reliability during peak demand periods
(Edmond 2023). Each market’s approach reflects its strategy for balancing supply and
demand under conditions specific to that market to ensure continuous power for
consumers.

2.4 Need for Change in Regime

The evolving landscape of U.S. energy markets necessitates ongoing revisions to capacity
accreditation methodologies. These changes are driven by a variety of factors that are
changing how electricity markets operate and how they meet the reliability needs of the grid.
Key drivers for these changes include:

Changes in the Resource Mix and Capturing Resource Variability: Federal and state
policies increasingly favor non-fossil fuel resources, driving a significant transformation in
the grid's resource mix. Technological advancements and cost reductions in solar, wind, and
battery technologies are accelerating this shift. Historically, capacity markets such as those



in ISO-NE were designed with an expectation of adding more gas-fired facilities, which
offered predictable and stable capacity contributions. However, the influx of variable energy
resources like wind and solar introduces new challenges. These resources deliver
fluctuating levels of power production because of the intermittency of solar and wind
resource availability, which in turn are impacted by the season, hour of the day, temperature,
and other weather-related factors. This is a significant divergence from the stable outputs of
traditional gas assets (Schatzki, Cavicchi, and Ross 2024).

In response to this change in the resource mix, market operators like MISO and PJM are
recognizing the need to better capture resource variability into their capacity accreditation
methodologies. This adaptation is crucial for accurately reflecting the real-time
contributions of intermittent renewable resources to grid reliability. By updating these
methodologies, market operators ensure that capacity markets are equipped to manage the
dynamic and diverse mix of modern energy resources while maintaining essential grid
stability.

Accounting for weather events: The rise in extreme weather events has driven U.S. energy
markets to prioritize weather considerations within capacity accreditation processes. MISO
uses a probabilistic model to determine resource class-level accreditation using Critical
hours, which include Loss of Load (LOL) hours and hours when grid margins are low. This is
essential for evaluating the resilience of power systems against high-stress weather
conditions. This focus ensures that energy systems are robust enough to handle sudden
increases in demand or decreases in supply during severe weather. By emphasizing the
importance of these critical hours, markets like MISO, PJM, and ISO-NE aim to guarantee
that their grids can maintain stability and reliability when facing the unpredictable
challenges posed by climate change and extreme weather patterns.

Seasonality of Peak Loads: Traditionally demand peaks were observed in the summer and
thus annual auctions in capacity markets like ISO-NE were designed to ensure resource
adequacy based on peak load in summer months. However, peak loads have been shifting
from summer to winter months. For example, the polar vortex of January 2014 caused forced
outages of up to 22% in PJM (PJM 2014) and up to 15 forced outages in ISO-NE in one
afternoon. This occurred not only because of the spiked demand for electricity, but also a
shortage of natural gas, fueled by higher demand for residential heating along with lower
supply because NG pipes were compromised by the cold weather (ISO-NE 2014).
Furthermore, the resource mix is shifting to higher levels of solar and wind energy resources
which may be unavailable during peak winter hours, which would exacerbate reliability
during winter months. This change in the resource adequacy offered by different



technologies in different seasons thus necessitates a shift to seasonal capacity markets
(Schatzki, Cavicchi, and Ross 2024).

Standardization of Accreditation Methodologies Across Resources: PJIM and MISO have
reformed their capacity accreditation methodologies to establish a uniform approach
across thermal, wind, and solar resources, replacing the previously fragmented methods
that assigned different evaluation criteria to each resource type (MISO 2024a). The shiftto a
standardized methodology enhances transparency, ensures equitable evaluation, and
improves the accuracy of capacity accreditation by accounting for resource contributions
under the same framework. This consistency simplifies regulatory processes, reduces
operational complexity, and provides clearer investment signals for resource development.



3 Approach

In this section, we discuss the research approach used to answer the objectives of this
study. Our approach consists of two phases secondary research on the landscape of the
capacity accreditation reforms of the four markets under study, and primary research using
modeling to forecast capacity values of battery storage assets in one market over the next
twenty years.

3.1 Secondary Research: Literature Review of Capacity
Accreditation Reforms in Four US Wholesale Electricity Markets

The purpose of this phase was to explore and assess the landscape of capacity accreditation
reforms that the four chosen US electricity markets namely ISO-NE, PJM, MISO, and SPP are
currently undergoing. Drawing on literature from a variety of sources including technical
presentations by the RTO/ISOs, regulatory websites and proceedings, white papers, and
academic publications, we summarize the existing methodologies on capacity accreditation
in these four markets. We look at proposed reforms from the lens of methodological and
procedural changes, timelines, etc. We also create simple excel based calculations to
reflect show how the new accreditation formulae influence capacity value. By referring to
the FERC filing, proceedings from stakeholder consultations, op-eds and other comments
made by battery storage companies, we then discuss what these reforms mean for battery
storage assets in each market.

3.2 Primary Research: Power Systems Modeling to Forecast
Capacity Values of Battery Storage Over 20 years in PJM

In this phase of the study, we employ a power systems model to calculate the capacity value
of battery storage assets in PJM from 2025-2045. The model we used is an open-source
Python-based model called ‘ASSETRA’, developed by the Advancing Sustainable Systems
through low-impact Energy Technologies (ASSET) Lab at the University of Michigan (ASSETRA
n.d.). This model builds an energy system by reading data on hourly demand, annual
resource mix (supply), and hourly weather' as inputs, to conduct Monte Carlo based
probabilistic simulations of resource adequacy in each hour of the year?. By calculating
system-wide supply minus demand (in Megawatt-hour [MWAh])® in each hour for each

"Weather data includes solar capacity factor, wind capacity factor, and temperature in each latitude-longitude
combination of the chosen region —in this case, PJM.

2 Monte Carlo simulations are a method to incorporate uncertainty into a model. In this case, the Monte Carlo
trials are conducted to model a random variable representing forced outages which determine whether or not
a generator is dispatched in a given hour.

3 Referred to as “net capacity matrix” in ASSETRA documentation



simulation, the model assesses resource adequacy metrics like Expected Unserved Energy
(EUE) (amongst others)*. We then use this annual system-wide EUE to calculate the
Effective Load Carrying Capacity (ELCC) Class Rating of 4-hr battery class which we then
use to calculate the capacity value of that class in that year.

Based on our findings from the qualitative research and modeling results, we offer
forecasted capacity values of 4-hr battery class in PJM, an analysis of trends and drivers of
these values in future years.

4The definition of EUE and ELCC can be found in the glossary. Other resource adequacy metrics that ASSETRA
offers are Loss of Load Days/Hours/Frequency. However, we do not employ these metrics in this study.



4 Capacity Accreditation Reforms in US Electricity
Markets

In this chapter we discuss the four markets ISO-NE, PJM, MISO and SPP and their current
and proposed capacity accreditation mechanisms. While reforms have already been
implemented in PJM, finalization of capacity accreditation mechanisms in underway in
ISONE, MISO and SPP.

4.1 1SO-NE

ISO-NE is an RTO in the New England area of the United States, its location is depicted in
Figure 2. It is responsible for operating the grid, administration of the markets and planning
the power system in the States of Connecticut, Maine, Massachusetts, New Hampshire,
Rhode Island and Vermont (ISO-NE, n.d.-e). ISO-NE operates the energy markets, capacity
markets and ancillary services market.

Iso
NEW ENGLAND

Figure 2: ISO-NE Area of Operation

Source: (Sustainable FERC Project, n.d.-b)

4.1.1 About the Capacity Market
The capacity market in ISO-NE is known as ‘Forward Capacity Market’ (FCM). The FCM helps

to ensure that ISO-NE has adequate resources available to meet the electricity demand that
may arise in the future and is imperative for reliability.

Forward Capacity Auctions (FCA) are conducted annually to enable ISO-NE to procure
capacity. Capacity through these auctions is procured three years in advance of the Capacity
Commitment Period (CCP). The CCP is the delivery year during which such capacity



resources commit to provide the service. The extent of capacity that resources commit and
clears the auction is the Capacity Supply Obligation (CSO). The resources selected through
the auction are compensated through capacity payments for making the capacity available
(ISO-NE, n.d.-b).

The extent to which a resource may offer itself in the FCA is dependent on the Qualifying
Capacity (QC). This QC is the resource’s accredited capacity also known as ‘capacity value’
in other markets. To bring about improvements in the accreditation process ISO-NE was in
the process of implementing the Resource Capacity Accreditation (RCA) project. The
resource accreditation is thus the FCA QC (Schiro 2024b).

ISONE is bringing in transformative changes in the way it conducts capacity auctions and is
implementing a Capacity Auction Reforms (CAR) project. The CAR project will build on the
work done under the RCA project (Geissler 2024b). Through CAR, ISONE aims to transform
the forward market that operates on an annual basis, to a capacity market with prompt
auctions and seasonal CCP. The prompt auctions will be held just before the CCP and the
CCP will be seasonal to better address the fluctuations occurring in the summer and winter
periods. Moreover, to better reflect how the changing resource mix impacts and provides
resource adequacy capacity accreditation methodologies are also being changed (ISO-NE,
n.d.-a). The two subsections below provide details about the current capacity accreditation
mechanism and the proposed changes.

4.1.2 Current Capacity Value Determination Mechanism

ISO-NE defines QC as “The maximum capacity supply obligation a resource may acquire in
the FCM. For existing generators (nonintermittent and intermittent) the QC is based on a
resource’s average seasonal claimed capability ratings for the most recent five periods
during summer and winter. Other methodologies are used to determine the QC for other
types of resources” (ISO-NE, n.d.-c).

Seasonal Claimed Capability (SCC) is “a generators maximum production or output during
a particular season adjusted for physical and regulatory limitations” (ISO-NE, n.d.-d).

The QC determination process differs for new generation capacity resources and for existing
generating capacity resources and as per the ISO-NE Market Rule 1 Section 1l1.13 the QCs
are considered as follows (ISO-NE 2024):

e For new generating capacity resources other than intermittent power resources,
lower of the summer or winter QC value will be considered. For new generating
capacity resources that are intermittent power resources the summer QC value will
be considered. If the resource is made of individual components QC will be adjusted
to account for the individual components.
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e For new demand capacity resources and new distributed energy capacity resources
other than intermittent power resources, lower of the summer or winter QC value will
be considered.

o For new demand capacity resources, the QC values will depend on the
resource’s estimated demand reduction value.

o For new distributed energy capacity resources, the QC values will depend on
the resource’s estimated net injection capability and estimated demand
reduction value.

e For existing generating capacity resources other than intermittent power resources
the summer and winter QC are determined by calculating the median of the last five
years summer and winter SCC ratings respectively. Only positive ratings are included
in the calculation.

e For existing generating capacity resources that are intermittent, summer QC is the
median of net output Summer Intermittent Reliability Hours which are from 1pm -
6pm for previous five-year summer periods every day from June to September. Winter
QC is the median of net output Winter Intermittent Reliability Hours which are from
5pm - 7pm for, for previous five-year winter periods which is October to May.

e Existing generating capacity resources, existing demand capacity resources, existing
distributed energy capacity resources and existing import capacity resources having
summer QC greater than winter QC must have the FCA QC set at lower of the summer
QC and winter QC. Alternately, if Summer QC is more than Winter QC Existing
generating capacity resources, existing demand capacity resources, and existing
import capacity resources can also offer summer QC through an offer comprised of
separate resources.

Batteries on account of being a storage resources can participate in the FCM as generating
resources or demand capacity resources.

4.1.3 New Capacity Accreditation Mechanism

As the resource mix in ISO-NE changes, it proposes to implement reforms in the capacity
accreditation process to better reflect a resources contribution towards resource adequacy.
The new mechanism is expected to be applied for the 19th FCA which will be held for
procuring capacity resources for Year 2028-29 (Otto and Zhao 2022). ISO-NE proposes to
use the Marginal Reliability Impacts (MRI) based accreditation. The transition will mean a
change from using FCA QC as the capacity offered in the capacity market to FCA Qualified
Marginal Reliability Impact Capacity (QMRIC) as the capacity offered (Otto 2024). The below
mentioned construct provides QMRIC determination details discussed by ISO-NE during
RCA project phase. As ISO-NE transitioned to the CAR project in mid-2024, updated concept
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and design details will be release by ISONE. The Capacity Auction Reforms — Seasonal
Accreditation (CAR-SA) phase concept and design details are expected to be released by
mid-2026 with final design by end of 2026 (Geissler 2024a). The CAR project will build on the
work done under the RCA project (Geissler 2024b). The following is the accreditation
mechanism discussed under the RCA Project.

MRI is determined in hours/year is calculated as the ratio of change in EUE to the change in
QC. Where EUE is the demand in MWh that cannot be met because demand is greater than
supply. The Relative Marginal Reliability Impact (rMRI) is a ratio of the MRI to the MRI under
the perfect scenario. The Annual MRlgerec: is the annual expected RAA MRI hours. The
Seasonal MRlyerect is the seasonal expected RAA MRI hours (Schiro 2024a). Where RAA MRI
hours mean the hours which will experience a loss of load and where the capacity resource
will contribute to reducing the load shed (Zeng 2023). The following are the formulae
proposed to be used in the new accreditation process (Schiro 2024a):

_ AEUE

= ——

AQC

_ Change in expected net energy output during RAA MRI Hours per year

MRI =
Change in FCA QC
MR MRI
T = —
MRIperfect

QMRIC = QC * rMRI

ISONE proposes to have Seasonal QMRIC as resource performance may change with

seasons.

Seasonal QMRIC
= Expected net energy output in each seasonal RAA MRI Hour
Expected number of seasonal RAA MRI Hours

X
Expected number of RAA MRI Hours per year

The Annual QMRIC values would thus be a combination of the winter and summer QMRIC
values. Here summer period is considered from June to September and winter period is
considered from October to May.

Annual QMRIC = Summer QMRIC + Winter QMRIC
The details provided in this section are updated as on February 28, 2025.

To demonstrate how the formulas will be applied for battery assets in ISO-NE, please refer
to the excel workbook ‘CapacityAccreditation_CalculationTool’ to the sheet

12



‘ISONE_BatterySpecific’. Inthis sheet we look at a 12-hour time horizon for a 4-hr battery and
present two examples. These example calculations are based on the detailed design for
battery storage shown inthe NEPOOL Markets Committee Meeting presentation (Otto 2024).

1. Batteryis able to fully charge
2. Batteryis not able to fully charge

We assume loads for these 12 hours, assume battery capacity is 20 MW, and it is a 4Hr
battery. We calculate the impact of loads and resource adequacy on the QMRIC or ‘Capacity
Value’.

We observe thatif there is sufficient duration available for the battery to fully charge between
two RAA MRI events then the battery will get a higher Capacity Value assigned to it. But if the
duration of the eventis long or if the battery is unable to charge between the two events, then
the capacity value will be lower. In the two examples we demonstrate, we observe that the
battery gets a capacity value of 20MW in the first example and Capacity Value of 11.11 MW
in the second example. The RAA MRI event duration that ISONE models while allocating the
Capacity Value for the assets will be the predominant factor of influence in the Capacity
Value allocation.

Our current two examples do not consider the seasonality impacts as the examples are
intended to demonstrate the calculations. However, to view the impact of the seasons on an
asset (non-battery specific) please refer to the excel workbook
‘CapacityAccreditation_CalculationTool’ to the sheet ISONE’. The example presented in this
sheet does not factor in hourly load or charge/discharge capability but demonstrates the
calculation involved in combining the winter and summer QMRIC values.

One conclusion that we can draw from our examples is that if RAA MRI events exceed the
duration of the battery and the time difference between two consecutive events is not
sufficient to allow the battery to recharge fully, then the QMRIC value or Capacity Value of
the battery will be lower that the QC.

4.1.4 Demand Resource Reforms

Presently, no demand resource specific reforms are stated.

4.1.5 Anticipated Impact of Reform on Energy Storage Asset

ISONE modelled the difference in using FCA QC as the accreditation metric in the RAA
process and compared it with using QMRIC as the accreditation metric in the RAA process
and observed a 45.31% decrease in capacity offered under the new regime as compared to
the current regime. It is observed that the duration for which the RAA MRI event occurs
impacts this reduction in the accreditation value (Schiro 2024a).
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4.2 PIM

PJM is an RTO responsible for grid operations, infrastructure planning and administration of
electricity markets in the States or in parts of the States of Delaware, Illinois, Indiana,
Kentucky, Michigan, New Jersey, North Carolina, Ohio, Pennsylvania, Tennessee, Virginia,
West Virginia and the District of Columbia (PJM, n.d.-c). PJM operates the wholesale energy
market, ancillary services market and capacity market. Its location is depicted in Figure 3.

PJM
INTERCONNECTION

Figure 3: PJM Area of Operation

Source: (Sustainable FERC Project, n.d.-d)

4.2.1 About the Capacity Market

PJM’s capacity market is known as the Reliability Pricing Model (RPM). All PIM members
supplying electricity to consumers are required to procure enough capacity to meet the next
three years of consumer demand through auctions. The capacity market enables the
members to procure such capacity in exchange of capacity payments through the ‘pay-for-
performance' model. If the resources are unable to supply electricity during emergencies
high penalty payments are levied (PJM Learning Center, n.d.).

The Base Residual Auction (BRA) is conducted three years in advance of the delivery year to
procure supply and demand resources. The locational prices are determined, and a variable
resource requirement curve is used to determine the price paid and capacity procured (PJM
Learning Center, n.d.).

4.2.2 Previous Capacity Value Determination Mechanism

PJM’s previous capacity accreditation methodology was built around the Equivalent
Demand Forced Outage Rate (EFORd) framework, which measured a resource's historical
availability by accounting for forced outages (Glazer and Lu 2023). This approach was used
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to determine Unforced Capacity (UCAP), the portion of a resource’s Installed Capacity
(ICAP) that could be reliably counted toward meeting system demand.

Forced Outage Hours

EFORd =
Forced Outage Hours + Service Hours

Here, ‘Forced Outage Hours’ represented the total time a unit was unexpectedly offline when
needed, and ‘Service Hours’ reflected the total time it was available and operational (Glazer
and Lu 2023). The UCAP value of a resource was then determined using the equation:

UCAP = ICAP X (1 — EFORQ)

For thermal resources such as coal, natural gas, and nuclear plants, EFORd was calculated
based on a rolling three-year average of forced outages. This method ensured that a
generator’s past reliability performance influenced its accredited capacity value. However,
a major limitation was that all outages were treated equally, regardless of when they
occurred. A unit’s forced outage during a mild spring day was weighted the same as an
outage during a high-demand winter storm. This lack of differentiation meant that the
methodology did not fully capture the risk of outages occurring during periods of system
stress, such as extreme cold events when gas-fired resources often face fuel supply
constraints.

Intermittent resources such as wind and solar were accredited using a historical capacity
factor-based method, where PJM calculated their average output during the system’s top 8-
10 summer peak demand hours over the past three years. Wind resources were typically
accredited at 13-16% of their nameplate capacity, as their generation often did not coincide
with PJM’s summer peaks. Solar resources received higher accreditation, around 40-50%,
since their output was more aligned with peak demand periods (Bruno 2024). While this
methodology accounted for the historical contribution of renewables, it did not incorporate
system-wide reliability risk assessments. It also failed to dynamically adjust accreditation
based on evolving system conditions, such as the increasing frequency of net load peaks
occurring after sunset as solar penetration grows.

Battery storage resources were accredited based on their duration-limited discharge
capability, meaning a four-hour battery could receive full accreditation, while shorter-
duration batteries were assigned proportionally lower UCAP values (Bruno 2024). However,
this methodology did not consider state-of-charge limitations or the strategic operational
behavior of batteries in real-time market conditions. Batteries that could optimally charge
and discharge to support grid reliability were not distinguished from those with limited
operational flexibility.
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4.2.3 New Capacity Accreditation Mechanism

As the generation mix changes with the energy transition, maintaining resource adequacy
and accurately accounting for resource reliability even in the face of extreme weather events
like Winter Storm Elliot is critical. To better capture performance of resources in hours when
there is risk, PJM proposes to shift from its peak load conditions and average generator
performance-based accreditation approach to a Marginal ELCC approach. Thus, BRA
2025/26 onwards as per the Federal Energy Regulatory Commission (FERC) Docket No
ER24-99-000 the capacity accreditation process will how be based on 'Marginal ELCC
approach' for all resources. This accreditation approach is based on marginal EUE benefit.
EUE is a measure of MWh of load unmet due to insufficient resource adequacy (FERC 2024).

In its new approach PJM will compare expected hourly load on the system with expected
hourly output of the resources under different system conditions to get relative marginal
resource adequacy value of the ELCC Class. PJM will use weather data from June 01, 1993
onwards to model load uncertainty (FERC 2024).

Calculation for the Accredited UCAP will be as follows for Variable and Limited Duration
Resources®
Accredited UCAP
= Effective Nameplate Capacity * ELCC Class Rating
* ELCC Resource Specific Performance Adjustment(RPA)

Calculation for the Accredited UCAP will be as follows for Unlimited Resources
Accredited UCAP = Installed Capacity * ELCC Class Rating * ELCC RPA

To calculate the ELCC Class Ratings first the ‘Portfolio EUE’ which is the baseline EUE will be
determined by entering the Hourly Load Scenarios and Resource Output scenarios in the
ELCC model and iterated till LOLE is 0.1 days/year.

ELCC Class Ratings = EUE improvement on adding incremental quantity of the subject ELCC
Class to the baseline model/ EUE improvement from adding an Unlimited Resource with no
outages to the baseline model

ELCC RPA is based on the weighted average hourly output of the resource. The weights
correspond to Loss of Load Probability in that hour.

The calculated accredited UCAP value is the ‘Capacity Value’. This value will be reevaluated
annually for all resources as their reliability contribution may change year on year.

5 The definition of Effective Nameplate Capacity is provided in the Glossary
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PJM expects that the new accreditation framework will result in greater capacity value for
resources with greater marginal reliability, lower capacity value to resources that will
underperform or not perform during EUE events and every MW capacity bid into the market
has the same reliability and can thus be substituted for one another. The framework is
expected to provide better signals to the markets indicating which type of capacity resource
they should invest in and that the capacity will be available when PJM calls for dispatch
(FERC 2024).

In January 2024 FERC approved the accreditation calculation methodology stated above,
through the ER24-99 docket. Subsequently, PJM has decided to reassess certain aspects of
the methodology. The Effective Load Carrying Capability Senior Task Force at PJM is tasked
with determining design improvements to the Marginal ELCC accreditation methodology.
The following components are under review under design improvements(PJM 2024):

1. Historical look back period and historical load and weather patterns.

2. Use of RPA and ELCC Class Ratings vs Unit specific ELCC accreditation.

3. New resource accreditation using class average values.

4. Using transmission system headroom to accredit non-dispatchable resources.

As on 28 February 2025, the review process is ongoing and in the ‘Design’ phase of the
Stakeholder Process step and the status can be tracked using The current
methodology detailed above is as on 28 February 2025.

To demonstrate a simple calculation of how the formulae presented here work, we assume
a 20 MW battery asset. The ELCC Class rating values are sourced from the 2025/26 Third
Incremental Auctions (PJM, n.d.-a). This calculation is shown in table 1.

Table 1: PJM ELCC Demonstration Calculations

Component Units Value
Nameplate Capacity MW 20
Effective Nameplate Capacity MW 20
ELCC Class Rating (4hr- storage) % 55%
ELCC Class Rating (8hr- storage) % 68%
ELCC Resource Specific Performance Adjustment 0.75
(RPA)

(Catcutations and Outputs |
Accredited Capacity Value 4 hr battery = Effective MW 8.25
Nameplate Capacity*ELCC Class Rating (4hr- storage)

* ELCC RPA
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Accredited Capacity Value 8 hr battery = Effective MW 10.2
Nameplate Capacity*ELCC Class Rating (8hr- storage)
* ELCC RPA

Source: Authors

We are thus able to observe that the storage duration of the asset impacts the Capacity Value
of the asset. To check the sensitivity of the asset to changes in Nameplate Capacity, RPA
values, please refer to the excel workbook ‘CapacityAccreditation_CalculationTool’ to the
sheet ‘PJM’. The form controls on this sheet can be used to toggle the values.

A more detailed model for PJM is built and is presented in Chapter 5.

4.2.4 Demand Resources

The UCAP or Capacity value for demand resources are as shown in the formula below (PJM,
n.d.-b), (FERC 2024). Here Forecast Pool Requirement (FPR) and the Nominated value of
the demand Resource is used.

Demand Resource UCAP = FPR * Nominated Value

Nominated Value calculations depend on whether customer is Firm Service Level Customer
or Guaranteed Load Drop customer. Also, the summer and winter Nominated Value
calculations are different.

Firm Service Level Customer:

Summer Nominated Value
= Peak Load Contribution — Summer Firm Service Level * Loss Factor

Winter Nominated Value
= Winter Peak Load * Zonal Winter Weather Adjustment Factor
x Loss Factor — Winter Firm Service Level * Loss Factor

Guaranteed Load Drop Customer:
Summer Nominated Value will be lower of

Summer Nominated Value
= Summer Guaranteed Load Drop Amount — Load * Loss Factor

Or
Summer Nominated Value = Peak Load Contribution — Load * Loss Factor
Summer Nominated Value

Winter Nominated Value
= Winter Peak Load * Zonal Winter Weather Adjustment Factor
x Loss Factor — Load * Loss Factor
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At present PJM does not use the marginal ELCC methodology for accreditation of Demand
Resources.

4.2.5 Impact of Reform on Energy Storage Assets

PJMs capacity accreditation reform has impacted the ELCC class rating values for all classes
of Energy Storage assets. PJM has 4 types of ELCC classes for energy storage, based on the
duration, namely, ‘4-hr Storage’, ‘6-hr Storage’, ‘8-hr Storage’ and ‘10-hr Storage’. The ELCC
Class Ratings have decreased for Limited Duration Resources in the 2025/26 Third
Incremental Auctions as compared to the 2024/25 auctions. For 2024/25 The ELCC Class
Ratings were 92%, 100%, 100% and 100% for 4, 6, 8 and 10 Hr Storage Classes respectively
(PJIM 2023) . These values have changed to 55%, 65%, 68% and 77% for 4, 6, 8 and 10 Hour
Storage Classes respectively in the 2025/26 Third Incremental Auctions (PJM, n.d.-a). This
decrease ultimately will impact the accredited capacity value and assign a lower value to
the storage assets as compared to the previous auctions.

4.3 MISO

The MISO manages the electricity grid across an expansive area that includes fifteen U.S.
states and the Canadian province of Manitoba. Established to ensure reliable energy supply
and the efficient operation of the electricity market, MISO coordinates, controls, and
monitors the use of electrical power across its territory. As a regional transmission
organization, MISQO's responsibilities include managing electricity transmission
infrastructure, overseeing wholesale electricity markets, and ensuring long-term regional
electricity reliability (FERC 2025b). Its location is depicted in Figure 4.

MIDCONTINENT
150

Figure 4: MISO Area of Operation

Source:(Sustainable FERC Project, n.d.-c)
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4.3.1 About the Capacity Market

Unlike regions with deregulated energy markets, where power prices and capacity
commitments are determined entirely through competitive market dynamics, much of
MISQO’s footprint operates under a regulated, cost-of-service utility model at the retail level.
However, even within this regulated framework, utilities participate in MISO’s wholesale
energy markets by competitively bidding their generation resources.

MISO does not enforce a mandatory capacity market across its entire territory but maintains
annual capacity requirements that all load-serving entities (LSEs) must meet. These
requirements are calculated based on projected loads and reserve margins derived from
annual LOLE studies (MISO, n.d.-b). LSEs must demonstrate their capacity plans to MISO,
which can involve various strategies including participation in MISO’s voluntary Planning
Resource Auction (PRA), bilateral agreements, or self-supply. The PRA, held every April,
serves as a market platform where participants can sell capacity to others who may
anticipate a shortfall (Sustainable FERC Project, n.d.-c).

4.3.2 Current Capacity Value Determination Mechanism

In the MISO market, capacity value refers to the quantification of a resource's ability to
contribute to system reliability during peak demand periods (NREL 2013). This value is
critical for ensuring that the grid can meet demand even during high-risk periods. MISO's
current methodologies for determining the capacity value of resources employ historical
performance data or deterministic data.

MISO's resource accreditation framework has evolved through regulatory reforms aimed at
enhancing resource adequacy practices. In 2021, MISO filed significant changes with the
FERC, which were subsequently implemented in the 2023-2024 Planning Resource Auction
(FERC 2022). These reforms marked a shift from a summer-centric resource adequacy
construct to one that accounts for seasonal variability, recognizing four distinct seasons.
This transition was designed to align capacity accreditation with the changing reliability
needs across different seasons. Additionally, MISO introduced improved availability-based
accreditation for thermal resources, ensuring that capacity accreditation more accurately
reflects resource availability during periods of highest system risk (FERC 2022).

Schedule 53 serves as the foundational methodology for determining capacity accreditation
for thermal resources. It formalizes the calculation of Intermediate Seasonal Accredited
Capacity (ISAC), and the final Seasonal Accredited Capacity (SAC) based on performance
during Resource Adequacy (RA) hours (MISO, n.d.-a). RA hours are categorized into two tiers:
Tier 1 represents normal operating conditions, while Tier 2 captures high-risk periods, such
as declared maximum generation events. The accreditation process under Schedule 53
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heavily weights Tier 2 hours to prioritize resource performance during critical system
conditions.

For thermal resources, capacity accreditation is primarily based on historical performance
data collected over a five-year period. Market participants submit data to MISO through the
North American Electric Reliability Corporation’s (NERC) Generator Availability Data System
(GADS) (NERC 2024). The accreditation process involves calculating the UCAP, which
reflects the resource's reliability by accounting for forced outages. The ISAC is determined
by evaluating the resource's real-time offered availability during both Tier 1 and Tier 2 RA
hours. The SAC is then derived by applying a systemwide conversion ratio to the ISAC,
ensuring consistency across all resources. This approach incentivizes thermal resources to
maintain high availability during critical periods, directly linking accreditation to reliability
performance (MISO, n.d.-a).

ISAC = (Availability during Tier T RA Hours x 20%) + (Availability during Tier 2 RA Hours x 80%)

Wind resources in MISO are accredited using the average ELCC method. This methodology
assesses the reliability contribution of wind resources by comparing system performance
with and without the wind resource class in the LOLE model. The process begins with the
calculation of a base system LOLE. Adjustments are made until the system meets the
seasonal LOLE criteria, typically set at one day in ten years. The ELCC is determined by the
difference in load adjustments required to achieve the LOLE target with and without the wind
resource class, normalized by the total registered maximum output of the resource class
(“Resource Accreditation White Paper Version 2.1,” n.d.).

ELCC = (Load Adjustment with Resource - Load Adjustment without Resource) /
Total Registered Capacity of the Resource Class

Solar resource accreditation is determined based on historical average output during
specific peak hours across different seasons. The accreditation process relies on metered
output data from the three most recent planning years. For summer, fall, and spring, the
relevant hours are those ending at 15, 16, and 17 Eastern Standard Time (EST), while for
winter, the focus shifts to hours ending at 8, 9, 19, and 20 EST. Solar resources with less than
30 days of metered data for a given season receive the seasonal class average as their initial
SAC, which is set at 50% for summer, fall, and spring, and 5% for winter. This approach
ensures that new resources without sufficient operational data are still accredited based on
reasonable performance expectations derived from the class average (“Resource
Accreditation White Paper Version 2.1,” n.d.).
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MISQO's current capacity accreditation methodologies reflect an effort to balance historical
performance with system reliability needs. While effective in many respects, these
methodologies are being reevaluated to better capture the dynamic risk profiles associated
with an evolving resource mix, increased penetration of variable renewable resources, and
shifting demand patterns driven by electrification and climate variability.

4.3.3 New Capacity Accreditation Mechanism

In response to these challenges, MISO has initiated a comprehensive reform of its capacity
accreditation framework, slated for implementation by the planning year 2028-2029. The
proposed changes aim to improve the accuracy and resilience of resource accreditation by
incorporating both forward-looking probabilistic analysis and historical performance data.
Central to these reforms is the introduction of the Direct Loss-of-Load (DLOL) Method at the
class level, along with an updated allocation mechanism under Schedule 53 at the unit level
(“Resource Accreditation White Paper Version 2.1,” n.d.). Through this integrated
framework, MISO seeks to improve transparency, promote comparability, and provide a
more robust assessment of capacity across different resource classes.

The DLOL method represents a significant shift from the current reliance on deterministic
historical data and system-wide averages. Instead of accrediting resources based solely on
peak-hour availability, MISO now defines Critical Hours, which include both Loss-of-Load
(LOL) hours (periods when demand exceeds available supply) and low-margin hours, where
the grid operates with minimal reserves (margins below 3% of load). These critical hours are
identified through a probabilistic LOLE model (MISO 2023), which simulates a wide range of
potential system conditions using historical load and weather data. This approach captures
not just the most extreme events but also less severe, yet still high-risk, periods that may
stress the grid.

The rationale behind this shift is to align capacity accreditation more directly with periods of
actual reliability risk. By focusing on when the grid is most vulnerable, the DLOL method
ensures that capacity values reflect a resource’s ability to contribute meaningfully during
times of need, rather than just during periods of high demand. This probabilistic approach
accounts for the fact that system stress can occur under varying conditions—not only during
peak demand but also during unexpected events like extreme weather or generation
outages.

Once critical hours are identified, MISO evaluates the severity of system stress during each
of these hours through the calculation of an Effective Margin. The effective margin
represents the difference between the maximum margin observed during low-risk periods
and the actual margin during each critical hour. Actual margin is defined as the difference
between total available generation (plus net imports) and the system load. This metric
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highlights how close the system was to a shortfall, with smaller margins indicating higher
levels of risk.
Effective Margin = Max Margin — Actual Margin in that hour

To ensure that not all critical hours are treated equally, MISO assigns a probability weight to
each hour, reflecting both the likelihood of similar conditions occurring and the severity of
system stress. This is calculated based on the Load Forecast Error (LFE), which accounts
for uncertainties in predicting system demand.

p(lfe) X Effective Margin
H_p(lfe) x Effective Margin

Weight for each hour =

Here, p(lfe) represents the probability of a specific load forecast error occurring, and H
denotes the total number of critical hours. The numerator reflects the combined effect of
risk severity and likelihood for each hour, and the denominator normalizes the weights
across all critical hours, ensuring they sum to one (“Resource Accreditation White Paper
Version 2.1,” n.d.).

After determining the weights, MISO calculates the UCAP for each resource class. This
represents the accredited capacity, reflecting how much each class of resources can
reliably contribute to system adequacy. The UCAP is derived by multiplying the weight of
each critical hour by the actual generation output of the resource class during that hour, then
summing the results across all critical hours.

H
UCAPuss = (Weighth X Generationclass’h)
h=1
This ensures that resource performance during the most critical and probabilistically
significant hours has the greatest influence on its accredited capacity. Resources that
consistently generate power during high-risk periods receive higher UCAP values, while
those less available during these times are accredited less.

Once the class-level accreditation is determined, Schedule 53 (MISO, n.d.-a) is used to
allocate this capacity value to individual resources within the class. The Schedule 53
framework, which has already been applied to thermal resources, now extends to all non-
emergency resources. This allocation is based on each resource’s real-time availability
during designated Tier 1 (normal operating conditions) and Tier 2 (high-risk periods) RA hours
over the past three years. Resources with higher availability during Tier 2 RA hours receive a
greater share of the class-level Unforced Capacity (UCAP), ensuring that accreditation is
performance-based and reflects system needs.

For a given resource j, its final SAC is calculated as:
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ISAC;

SACL = UCAPClass X m

The new methodology applies universally across all internal non-emergency resource
classes, creating a consistent framework that eliminates discrepancies between resource
types. Unlike the previous ELCC approach used for wind, which aggregated fleet-wide
availability, the DLOL methodology ensures that each resource class is evaluated based on
its actual contribution during periods of system risk. Additionally, the new framework
accounts for interdependencies between resources, capturing synergistic effects that
previous methodologies overlooked.

To illustrate MISO’s accreditation methodology, we developed a simplified sample
calculation in the excel workbook ‘CapacityAccreditation_CalculationTool’. This calculation
demonstrates how storage resources are accredited under the DLOL Method and Schedule
53 allocation framework. It computes the UCAP, ISAC, and final SAC for 4-hour and 8-hour
storage assets, using assumed values for Tier 1 and Tier 2 availability, LFE, and effective
margin calculations. While this model provides a structured approach to understanding
MISQO’s accreditation framework, it simplifies dynamic elements such as real-time system
stress variations, historical performance adjustments, and penalty mechanisms that MISO
applies in actual accreditation.

MISO continues to refine the capacity accreditation framework in preparation for full
implementation by the 2028-2029 Planning Year. To further align accredited capacity with
real-time system reliability needs, MISO has introduced additional adjustments (as of
February 28, 2025). The weighting of RA hours in accreditation calculations has been
increased from 70/30 in Planning Year (PY) 2024/25 to 80/20 in PY 2025/26, placing greater
emphasis on a resource’s performance during high-risk periods (MISO 2025a). This change
strengthens incentives for resources to be consistently available when system stress is
highest, ensuring accreditation values reflect actual contributions to grid reliability.

Additionally, MISO is revising tariff language to allow Provisional Generation Interconnection
Agreement (PGIA) resources to participate in PRAs after undergoing Annual Energy Resource
Interconnection Service (ERIS) studies to determine their deliverability constraints (MISO
2025b). This reform is expected to expand market participation by enabling new generation
resources to receive temporary accreditation while completing their interconnection
process. These updates reinforce MISO’s ongoing efforts to ensure that capacity
accreditation remains risk-based, forward-looking, and responsive to evolving system
dynamics.
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4.3.4 Demand Resource Reforms

MISO is undertaking significant reforms to its Demand Response Resources (DRR) and Load
Modifying Resources (LMRs) to enhance their availability, accreditation, and operational
effectiveness within the capacity market. These reforms aim to better aligh demand
response participation with real-time system needs, ensuring that resources provide
accurate availability data, meet performance expectations, and integrate more seamlessly
into MISO’s unit commitment and dispatch processes (MISO 2025d). A key driver of these
changes is the increased uncertainty in system reliability, stemming from higher load
variability, greater penetration of intermittent renewables, and evolving extreme weather
risks (Konidena 2024). To address these challenges, MISO is refining the way LMRs and DRR
are accredited, deployed, and tested.

One of the most critical changes in MISO’s DRR reform is the introduction of more stringent
accreditation requirements. Previously, LMRs were accredited based on historical
performance, often without clear, forward-looking reliability metrics. Under the new
framework, resources will be accredited based on their availability during Capacity At Risk
Hours and RA Hours, ensuring that only resources capable of reliably reducing load during
system stress periods receive capacity payments. Additionally, MISO is implementing real-
time capacity availability reporting, requiring market participants to submit accurate
availability data based on notification time requirements—a measure aimed at improving
unit commitment decisions during emergencies. The capability of demand resources will
now be explicitly linked to their ability to respond during critical hours, making the
accreditation process more reflective of real-time system needs (MISO 2025d).

Beyond accreditation, MISO is also restructuring participation models for LMRs and DRRs.
The new design simplifies participation by removing dual registrations and clearly
differentiating between economic deployment (DRRs) and emergency-only deployment
(LMRs) options. The LMR category is how split into two types: LMR Type |, which requires a
six-hour notification and must be available during Maximum Generation Warning stages, and
LMR Type I, which requires a 30-minute response time and must be available during
Emergency Energy Alert Stage 2 events (MISO 2025d). This differentiation ensures that
faster-responding resources are reserved for higher-stress emergency situations, increasing
grid flexibility and operational efficiency.

The implementation of these reforms is expected to enhance system reliability and optimize
demand-side participation in MISO’s energy and capacity markets. By tightening
accreditation criteria, enforcing real-time availability requirements, and differentiating
participation models, MISO aims to increase the reliability of demand response resources
while ensuring fair compensation (MISO 2025c). The tariff filings associated with these
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changes are expected to be finalized later this year, with full implementation targeted for
upcoming capacity auctions (MISO 2025d). These reforms represent a major step forward in
integrating demand-side resources more effectively into MISO’s reliability planning,
reducing reliance on uncertain emergency curtailments, and ensuring that DRRs contribute
meaningfully to system adequacy.

4.3.5 Anticipated Impact of Reform on Energy Storage Asset

MISO’s capacity accreditation reforms will significantly impact battery storage by
standardizing how all resource types, including storage, are valued for their contribution to
grid reliability. The transition to the DLOL Method and Schedule 53 allocation replaces static
derating factors with a probabilistic, performance-based framework (“Resource
Accreditation White Paper Version 2.1,” n.d.), ensuring batteries are accredited based on
their actual ability to provide energy during critical hours. This shift is particularly important
as solar penetration increases, making storage essential for shifting excess generation to
high-risk periods.

Additionally, recent reforms in DRR accreditation, including more stringent availability and
performance criteria for LMRs (Konidena 2024), highlight the need for reliable and
responsive assets. As LMRs become primarily emergency-focused, aggregated storage and
hybrid systems can help meet stricter reliability requirements by providing predictable and
rapid response during these critical events. These reforms also improve storage economics
by increasing capacity market revenues, with PRA prices expected to reach net Cost of New
Entry (netCONE) levels in the coming years (Aurora Energy Research 2023). By aligning
storage valuation with real-world reliability contributions, these changes strengthen
investment incentives and position battery storage as a key enabler of MISO’s renewable
transition.

4.4 SPP

The SPP is an RTO headquartered in Little Rock, Arkansas, with 110 members, including 16
investor-owned utilities, 13 municipal systems, 22 generation and transmission
cooperatives, six state agencies, 20 independent power producers, ten power marketers, 13
independent transmission companies, one federal agency, four large retail customers, two
alternative power entities, and three public interest entities. Mandated by the FERC, SPP
operates the electric transmission system (grid) for all or parts of fourteen states in the
Midwest and West, including Arkansas, lowa, Kansas, Louisiana, Minnesota, Missouri,
Texas, and Wyoming (FERC 2025a). Its location is depicted in Figure 5.

SPP reported an accredited generating capacity of 66,145 MW in June 2024. Nearly half of
this generation share is expected to come from natural gas at 46.8 percent, and coal at 32.3

26



percent. The accredited generating capacity represents 8.2 percent for coal and 5.7 percent
for natural gas, respectively. Less than three percent each is anticipated from nuclear and
petroleum, while solar is only projected to generate a mere 0.6 percent. Nevertheless, the
actual energy production shares across the various fuels reveal a completely different
scenario. Of the 283,576 GWh generated in 2023, wind resources accounted for 36.6
percent, with coal and natural gas contributing about 27 percent each (SPP, n.d.-a).

Figure 5: SPP Area of Operation

Source: (Sustainable FERC Project, n.d.-e)

4.4.1 About the Capacity Market

At the time of this writing, SPP does not run a forward capacity market, nor does it provide
capacity as a biddable product onits system (SPP 2018), unlike other RTOs where generators
are paid to commit capacity in advance to meet future demand. Rather, it uses an Open
Access Transmission Tariff (OATT), which requires each Load Responsible Entity (LRE) to
maintain enough capacity to meet its Resource Adequacy Requirement (RAR) for the
summer season. In 2018, the FERC approved SPP’s proposed addition of Attachment AA to
the Tariff to implement a set of resource adequacy policies for the SPP Balancing Authority
Area (BAA) (FERC 2018). Attachment AA (SPP, n.d.-b) contains all the terms and conditions
relevant to the establishment, compliance, and enforcement of the requirement that each
LRE in the SPP Balancing Authority Area (BAA) maintain sufficient capacity to serve its
forecasted load plus planning reserves (i.e., their RAR).

Every year, the LREs submit a workbook to a Transmission Provider for review and validation
to determine, among other things, whether the LRE meets its RAR requirements.

The RAR is a sum function of an LREs summer season net peak demand plus the summer
season net peak demand multiplied by the planning reserve margin (PRM) (SPP 2024b). The
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PRM is 15 percent, except when the LRE’s capacity comprises at least 75 percent hydro-
based generation, then the PRM is 9.89 percent (SPP 2024d).

4.4.2 Current Capacity Value Determination Mechanism

SPP applies different accreditation regimes for conventional resources and variable energy
resources (SPP 2024d).

Conventional Resources

Interms of resource adequacy in SPP, conventional resources include thermal resources (as
defined in Section 7.1.2.1 of SPP Planning Criteria), pumped-storage hydroelectric
resources, and hydroelectric resources with reservoir storage capabilities that are not
subject to hourly river flow limitations.

Capability Test (Every Five Years)

Conventional resources undergo a Capability Test every five years during the Summer
Season to determine their net maximum capability. The test lasts one hour and must be
conducted at Rated Ambient Temperatures within 10 degrees of the American Society of
Heating, Refrigerating, and Air Conditioning Engineers (ASHRAE)-specified design
temperature for the resource location. This process follows the requirements specified in
Section 7.1.2 of the SPP Planning Criteria.

Annual Operational Test

Every year, conventional resources are required under Section 7.1.3 of the SPP Planning
Criteriato complete an Operational Test to demonstrate their functional ability. The test may
be carried outin any season within a 12-month window starting on May 15. Test results must
be submitted via the Workbook submittal process outlined in Attachment AA of the Tariff. If
a unit possesses both Summer and Winter Net Generating Capability, the test must occur at
a minimum of 90% of the Summer Season Net Generating Capability. The Operational Test
must last at least one hour; however, unlike the Capability Test, there are no requirements
for Rated Ambient Temperature.

If a resource successfully provides its maximum net generating capability for at least four
continuous hours during the Operational Test, it is accredited within the resource adequacy
process detailed in Attachment AA (SPP, n.d.-b). The accredited capacity level is determined
based on the Capability Test results.

Accreditation Method for Wind and Solar Resources

Wind and solar resources are accredited using a deterministic method detailed in Section
7.1.6 of the SPP Planning Criteria. The capacity value is determined by calculating the 60th
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percentile of capacity based on the top 3% of monthly peak load hours from three to ten
years of historical data. This method considers the same peak load hours for each historical
year, irrespective of the number of wind and solar resources connected to the power system.

Accreditation Method for Energy Storage Resources (ESRs)

ESRs must meet a minimum continuous duration requirement of four hours to be fully
accredited. Accreditation is determined by the storage duration. For example, a 100 MW (400
MWh) ESR with a four-hour duration is accredited at 100 MW per hour, while a 100 MW (100
MWh) ESR with a one-hour duration is only accredited at 25 MW per hour(SPP 2024e).

Capability Testing for ESRs

ESRs undergo a Capability Test every three years during the summer season. This test
ensures that the ESR can sustain its accredited capacity for the specified duration such as
four hours. The operational performance of the ESR can be used to fulfill this Capability Test
requirement. If the Winter Season Accredited Capacity is higher than summer season, then
capability test will be performed in winter.

Operational Testing for ESRs

This test checks whether the ESR can achieve 100% or more of its accredited capacity.
Failure to clear the operational test leaves the unit with the ability to claim only what the unit
was able to achieve in the operational test.

Limitations in Capacity Accreditation of Conventional Resources

Current methodology accredits conventional resources without assessing historical
performance or reliability. Accreditation relies on net generating capability, which indicates
maximum output but not actual reliability contributions. This method fails to distinguish
resources with different failure rates affected by age or mechanical conditions. For example,
two resources with the same capability may have vastly different reliability. This standard
accreditation can inflate planning reserve margins, unfairly burdening high-performing
resource owners.

Limitations in Capacity Accreditation of Wind, Solar, and ESR

The current methodology fails to account for the increased use of wind, solar, and ESRs in
SPP. As renewable resources grow, their reliability contributions diminish, a concern noted
by FERC. This may overestimate these resources' accredited value, risking system reliability.
Overestimating renewable contributions raises unserved load risks, while underestimating
incurs unnecessary costs.
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4.4.3 Proposed Capacity Accreditation Mechanism

SPP proposed in its filing on February 23, 2024, with the FERC, to implement an ELCC
methodology to accredit individual wind, solar, and ESRs. SPP’s proposed approach
comprises two phases, namely:

The Accreditation Phase

Using a probabilistic analysis, system-wide capacity values would be calculated for all wind,
solar, and ESRs in the SPP footprint. This phase accounts for the capacity contributions with
increasing penetration of these resource types. SPP utilizes a 1 day in 10 years (0.1day/year)
reliability target, which is the same target used in SPP’s LOLE analysis to determine the
adequate planning reserve margin for the SPP BAA(SPP 2024e).

The Allocation Phase

Individual resources are organized into tiers, for the allocation of system-wide capacity
values. The proposed tiered approach is based on the Tariff Attachment AA to ensure that
the accreditation of resources that have firm transmission service (Tier 1) receive prioritized
allocation of ELCC and are not impacted by resources that do not have firm transmission
service (Tier 2).

Proposed ELCC Approach for ESRs

SPP will conduct annual ELCC studies for ESRs. The study will derive an accreditation curve
for each analyzed ESR duration using 40 weather years (data), consistent with the number of
years used in the LOLE study to determine the planning reserve margin. The ELCC allocation
will be tiered, based on whether resources have Firm Point-To-Point Transmission Services.

Resource penetration studies will be done every two years to derive ELCC accreditation
curves for each resource type. The penetration amount will be incremented in block
comprising three duration resources (4-hour, 6-hour, and 8- hour). The results of this study
are made public on SPP website and utilized in the allocation phase, as per the requirement
of Attachment AA of the Tariff.

The allocation of accredited capac”ty w’ll be based on the resource penetration, tier, and
duration curves, using the most recent ELCC study results. Resources in Tier 1 and with
longer durations receive priority allocations.

Sequence of resource preference will be as follows:

Tier1-8hr>Tier1-6hr>Tier1 -4 hrandTier1 -2 hr>Tier2-8hr>Tier2-6hr>Tier2-4
hrand Tier2-2 hr
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Resources that do not meet the hourly duration under study would have a downward
adjustment to the nearest hourly duration. The exception to this rule is that 2-hour ESRs will
receive 50 percent of the accreditation of a similarly situated 4-hour ESRs while accounting
for penetration levels.

A 2022 ELCC Energy Storage Resources (ESR) study published by SPP reported the following
ESR accreditation results for the summer and winter seasons (SPP 2023a).

Summer ELCC Accreditation of 4-hour, 6-hour and 8-hour ESR

Duration\Capacity 1000MW 3000MW 5000MW

4-hour 100% 96% 84%
6-hour 100% 98% 95%
8-hour 100% 97% 96%

Winter ELCC Accreditation of 4-hour, 6-hour and 8-hour ESR

Duration\Capacity 1000MW 3000MW 5000MW

6-hour 83% 79% 58%
8-hour 89% 82% 61%

Source: Group construct based on information from the SPP 2022 ELCC ESR Study Report

Study inputs and assumptions included: standalone batteries; 90% cycling efficiency;
economic arbitrage dispatch; exclusion of demand response; use of 2012 to 2021 weather
data; and exclusion of forced planned and maintenance outages for the batteries (SPP
2023a).

In a 2024 updated ELCC study, SPP varied some of the assumption to include more weather
years from 1980 - 2022, limited penetration levels to T000MW for all storage durations, and
included sensitivity analysis for Demand Response Programs. The results for ESRs are
shown in tables 2 & 3:
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ESR Duration

Table 2: Incremental ELCC for ESR

Incremental Tier

Method

Incremental ELCC for Tier ELCC (%)

each duration (MW)

8-hour Difference in the ESR Summer=1000 Summer =100%
b d ESR 8-
ase case an Winter = 749 Winter = 74.9%
hour case
6-hour Difference in the ESR Summer=944 Summer =
base case and ESR 6- . 94.4%
h Winter = 749
ourcase Winter = 74.9%
4-hour Difference in the ESR Summer =652 Summer =
base case and ESR 4- . 65.2%
Winter =477
hour case

Winter=47.7%

Source: (SPP 2024a)

Table 3: Incremental ELCC for ESR (No DR)

ESR Duration Incremental Tier Incremental ELCC for Tier ELCC (%)
Method each duration (MW)
8-hour Difference in the ESR Summer=974 Summer =
ESR 8- 7.4%
base case and ESR 8 Winter = 763 9 o
hour case .
Winter =76.3%
6-hour Difference in the ESR Summer=974 Summer =
ESR 6- 7.4%
base case and ESR 6 Winter = 763 9 o
hour case .
Winter =76.3%
4-hour Difference in the ESR Summer=887 Summer =
b ESR 4- 7%
ase case and ES Winter = 700 88.7%
hour case

Winter =70.0%

Source: (SPP 2024a)
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Performance-Based Accreditation (PBA) for thermal and other conventional resources

Pursuant to the PBA and the provisions of Section 15.4 of Attachment AA in the Proposed
Tariff, SPP will use a modified EFORd methodology to accredit conventional resources. The
accredited capacity of conventional resources will be determined by multiplying the
resource’s demonstrated net generating capability by the resource’s calculated EFORd. The
EFORd is determined by SPP on an annual basis for all accredited resources with data®
provided by the LRE or Generator Owner (SPP, n.d.-b).

Accredited Capacity = demonstrated net generating capability * (1 — Eford)

SPP will utilize the resource’s demonstrated net generating capability provided by the LRE or
Generator Owner to SPP by June 1 each year. The capability is determined by the gross
maximum output the resource can sustain over a one-hour period, demonstrated by a
capability test, reduced by any power used for unit auxiliaries, and modified for
environmental, seasonal, operational, and fuel limitations. For resources qualified as
internal to the SPP BAA, the resources shall meet the testing requirements in accordance
with the SPP Planning Criteria. Resources qualified as external to the SPP BAA will adhere to
the testing requirements of the BAA where the resource is located.

Adoption of an Accredited Capacity Planning Reserve Margin for Conventional
Resources

In the light of the proposed changes for the accreditation for conventional resources, SPP
proposes an Accredited Capacity PRM as the enforceable planning reserve margin for the
SPP RAR. As determined in Section 4.0 of Attachment AA, the current planning reserve
margin will now be defined as the Base PRM and will serve as the basis for calculating the
Accredited PRM. The process for the determining the Base PRM will not change from what is
set forth in the Tariff and will continue to be specified in the SPP Planning Criteria. The RAR,
however, will now be determined by taking the LRE’s Summer Season Net Peak Demand plus
the Summer Season Net Peak Demand multiplied by the Accredited Capacity PRM’, rather
than the Base PRM (SPP, n.d.-b).

In SPP’s most recent filing with FERC on 23 February 2024, SPP has presented a
mathematical calculation of how ESR resources belonging to various tiers and duration will
be allocated capacity values. SPP has conducted a study where it derived the ELCC
accreditation percentage based on modelling and used these ELCC accreditation
percentage values as a metric in calculating the capacity value of multiple resources of
varying duration and varying Tiers. The SPP ELCC Allocation sheet in the

% Most recent seven years of historical performance data (Proposed Tariff at Attachment AA, Section 15.4(4)
7 Proposed Tariff at Attachment AA, Section 5.1
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CapacityAccreditation_CalculationTool provides this example calculation which is
submitted by SPP to FERC under the Docket: ER24-1317, Accession Number 20240223-
5157(SPP 2024c).

4.4.4 Demand Resource Reforms

SPP is expected to have more than 5000 MW of Demand Response (DR) potential (Walton
2019) and DR Programs and Behind-The-Meter generation can modify the demand that LREs
are required to serve. In a July 31, 2020, filing to FERC, SPP submitted revisions to
Attachment AA of its OATT (Tariff) to further define the requirements applicable to DR
programs and BTM generation for resource adequacy purposes (SPP 2020). Subsequently
the final language for the tariff was submitted in the April 05, 2023 filing and the revised
language was considered effective from February 05, 2022 via the orderissued under Docket
No. ER23-1567-000(SPP 2023b).

The key changes incorporated under these filings are:

e The revisions distinguish BTM Generation and DR Programs by their ability to be
controlled and dispatched by either SPP or the LRE. Non-controllable, non-
dispatchable DR and BTM generations continue to be used by LREs as Peak Demand
modifiers under the previous dispensation of Attachment AA. Only controllable and
dispatchable resources can qualify under the DR Program and BTM Generation and
will be subject to the newly proposed revisions of Attachment AA.

e The revisions to Attachment AA under these filings and orders will consider the
contribution of the qualified DR programs as a load reduction to the reported Peak
Demand of an LRE. The qualified DR Program should be capable of providing
maximum load reduction for four consecutive hours.

e The resources under the DR Programs cannot be used as deliverable capacity or to
meet the PRM of the RAR.

e The qualified BTM Generation is considered as a resource with the ability to provide
capacity to meet the RAR, subject to the testing provisions in Section 7 of Attachment
AA.The BTM generation resource should be able to provide its accredited capacity for
at least four continuous hours (SPP, n.d.-b).

Presently, no new changes are proposed to the Demand Resources Program or BTM
Generation accreditation process(SPP 2024e).

4.4.5 Anticipated Impact of Reform on Energy Storage Asset

The latest ELCC study does not consider assets with a duration of more than 8 hours (SPP
2023a). It also limits penetration levels to 5000MW, although a 2019 ELCC study did account
for penetration levels of up to 8000MW (Astrapé Consulting 2019). Given the rising number
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of energy storage assets, it is reasonable to expand the scope to 8000MW or higher to
account for the increasing penetration of storage assets.

The Study Scope does not currently include consideration of transmission constraints in the
modeling. This undermines the accuracy of the resulting capacity values from the study as
the modeling methodology fails to consider the actual operating conditions and to
accurately reflect capacity values of different storage assets (Energy Storage Association
2021).

Furthermore, the failure to include transmission constraints does not align with SPP’s tabled
proposal with FERC (SPP 2024e) to implement a tiered accreditation approach based on
whether storage assets had Firm Point-To-Point Transmission Services.

Based on the ELCC studies conducted by SPP we observe that longer duration resources get
higher capacity accreditation than shorter duration resources. Also, as battery penetration
increases the capacity value allocated to the resources decreases. These trends are similar
to our observations in other markets as well.

35



4.5 Comparison of the Four Markets

In this section in table 4, we summarize the key findings of differences across the four
markets under consideration based on the new/proposed regimes implementation.

Table 4: Comparison of Four Market Reforms

Parameter ISONE PJM MISO SPP
New QMIRC Accredited Accredited UCAP ELCC
Capacity UCAP using Direct Methodology
Value Metric Loss-of-Load

(DLOL) Method
Components RAAMRIHours Battery Critical Hours ELCC

which and Battery Duration (LOL + Low- Accreditation
influence Duration which Margin), Load Curves based on
Capacity influences Forecast Error, weather data.
Value ELCC Class Effective Margin,
Rating Schedule 53 for
Unit Allocation

Is the new No Yes Full No
.regime Expected Implemented Implementation FERC Approval is
implemented . i by 2028-29, )

implementation 2025/26 awaited

is for 19th FCA  Third phased rollout by

which will be Incremental 2026

held for Auctions

procuring onwards

capacity

resources for

Year 2028-29
Are the Proposedtobe NotSeasonal Seasonal(Four No capacity
markets Seasonal. distinct seasons  market.
Seasonal Summer (June from 2023-24 Accreditation

to September)
and Winter
(Octoberto
May)

onward)

process is not
Seasonal
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Is Not proposed

No, Demand

Yes, revised DR

Not proposed

accreditation

Accreditation presently Resources accreditation presently
process for do not use with real-time
Demand the marginal  availability
Resources ELCC tracking, RA
changing methodology Hours, and new
LMR
classifications
Key Change from From From Change from net
Methodology Qualified Average deterministic generating
Change Capacity to ELCC ELCC to capability to ELCC
QMRIC method to probabilistic based
Marginal DLOL and accreditation
ELCC Schedule 53 for
method resource-specific

Source: Authors
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5 Model Details and Methodology

In this section, we give a detailed description of how the model is set up, how it calculates
reliability metrics, the modifications we made to the program so that it reflects PJM’s newly
reformed capacity accreditation methodology, how we set up the model including
assumptions and sources of input data, and how to run the model to get requisite results.
The objective of this chapter is to provide Lightshift Energy with the documentation needed
to conduct future analyses using the model beyond the scope of this study.

5.1 Model Interface

e The EnergyUnit object contains information on demand, stochastic generators (wind,
solar, and thermal), and storage generators, defined respectively as three child classes:
StaticUnit, StochasticUnit, and StorageUnit.

o StaticUnit: They are instantiated with fixed hourly capacity profiles that always

contribute that amount. DemandUnit is a static unit with negative capacity.
StochasticUnits: They are composed of hourly capacity profiles and hourly forced
outage rates for generators and are sampled independently in each hour. If an
outage occurs, they provide zero capacity. StochasticUnits are composed of
thermal, wind, and solar generators, and their availability depends on the thermal
outage rate. They are dispatched by lowest marginal cost, to simulate an
economic dispatch.

StorageUnits: They are responsive units, and dispatch according to the
intermediate capacity matrix®, which is the result of the dispatch of
StochasticUnits. A StorageUnit is dispatched to minimize expected unserved
energy. StorageUnits charge if the intermediate net capacity matrix is positive
(supply exceeds demand), and discharge if the intermediate capacity matrix is
negative (demand exceeds supply). StorageUnits are dispatched in order of
highest duration to lowest duration, as defined by PJM’s methodology.

Energy units are instantiated as an xarray® dataset with values for nameplate capacity,
marginal cost, and forced outage rate for each hour in the year.

8 The capacity matrix is a matrix with supply minus demand (in MWh) values in each hour of the year (rows)
and each Monte Carlo simulation (columns) that results from the power dispatch to meet load in each hour.
The intermediate capacity matrix is the excess/shortfall of energy in each hour after demand and generation
resources are dispatched, but before storage is dispatched. The net capacity matrix is the final matrix of
excess/deficient energy in each hour and simulation, after the storage units are also dispatched.

9 Xarray is a python package (https://xarray.dev/) that incorporates N dimensional labeled arrays and
datasets. Datasets with labels in the form of dimensions, coordinates, and attributes are built on NumPy like

arrays.
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The EnergySystemBuilder is composed of multiple energy units (ie the hourly demand
and cumulative system of generators and batteries in the market in the given year). The
object EnergySystem is an instantiation of EnergySystemBuilder and can be saved to the
disc or stored in local memory. EnergySystem objects are then attached to a
ProbabilisticSimulation object.

The ProbabilisticSimulation object specifies the hours in the simulation and the trial
size. The ‘trial size’ is the number of Monte Carlo simulations run for each hour of the year
—done so, to model the uncertainty of generator outages that occur due to temperature
based forced outage rate. The result of the ProbabilisticSimulation object is the net
hourly capacity matrices, which is a two-dimensional matrix equal to the demand minus
capacity under given weather situations for that hour for each Monte Carlo run.

The net capacity matrix is then passed to the ResourceAdequacyMetric object, which
is a function of the net hourly capacity matrix and quantifies resource adequacy such as
Excepted Unserved Energy or Loss of Load Hours/Days/Frequency.

The ResourceAdequacyMetric, ProbabilisticSimulation, and EnergySystem objectcan be
passed to the ResourceContribution object to iteratively find the ELCC of a system.

Figure 6 depicted below showcases the model.

Monte Carlo Demand Resource Capacity
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Figure 6: ASSETRA Model

5.2 Model Inputs

5.2.1 Load Data

The first input to the EnergySystem is demand data. The program accepts this in the form of

hourly load, composed of 8760 hours of projections for non-leap years and 8784 hours for
leap years. This data was sourced from PJM’s resource adequacy planning page and
consisted of 390 load scenarios based on 30 years of weather history (1993-2022) and 13
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weather rotations for each projected year between 2024 and 2045 for each zone in
PIME(“PJM - Load Forecast Development Process,” n.d.). Because the ASSETRA system
requires runs of full years of scenarios, and due to computational constraints, we used the
average of the loads projected across the various weather scenarios for each zone in PJM
and then summed those averaged loads from each zone to get one PIM-wide load value for
each hour of each year from 2025-2045. To match the scenarios provided we scaled the PJM
demand by using a ratio of the peak scenario demand to peak PJM demand such that the
maximum demand in PJM’s scenario matched the projected peak demand in the scenario,
while still following seasonal and hourly trends.

PJM’s methodology calls for 39,000 years of simulations based on 30 weather years, 13 load
scenarios, and 100 alternative resource performance draws. To simplify this, we allowed
usage of weather years between 2012 and 2024 for every year of load projections. While this
is not accurate to PJM’s methodology, it was unrealistic to match the number of scenarios
run by PJM, and our model would have to be heavily modified to allow for binning. Since our
load and weather data are not fully related, our model overestimates the reliability of the
system. This is the largest difference between our methodology and PJM’s. Times of high
peak load and low variable resource availability are not correlated, leading to an
overestimation of reliability.

5.2.2 Resource Mix (Supply) Data

The next inputs to EnergySystem are supply generation mix data.

Historical Supply Mix: For historical data (supply resource mix in 2023), we used the US
Energy Information Administration (EIA) Form 860 and combined it with The Emissions and
Generation Resource Integrated Database (eGRID) data to calculate marginal cost of
generators, necessary for theireconomic dispatch' and to get the location of each generator
(in the form of their latitude-longitude coordinates)''. Marginal cost was calculated as
annual heat input divided by annual generation (both available in eGRID) multiplied by fuel
costs. We treat fuel costs as static values for the sake of simplicity and as we are not
primarily concerned with the actual cost of our dispatch but just the proper order of dispatch
(least marginal cost resources being dispatched first), and used most recent values
whenever possible (“Electric Power Annual - U.S. Energy Information Administration (EIA),”
n.d.). We treated the marginal cost of solar and wind to be zero, and that of nuclear
resources to be $9/MWh such thatitis always dispatched when available. For thermal plants
with no values for annual generation, we set the marginal cost to be $9999/MWh - an

0 Economic dispatch is the stacking of generators from least to highest marginal cost until demand in that
hour is fulfilled. The marginal cost of the last generator that fulfils demand is the market clearing price.
" Location is needed to match the generators to the weather data.
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arbitrarily high value such that they are only dispatched if absolutely necessary. These plants
were often diesel peaker plants that were never called upon.

Future Supply Mix: For the generation mix of future years, we used the two alternative
projections provided by Lightshift Energy. These projections were provided in the form of
installed capacity (MW) of each technology/fuelin each year between 2025-2050. However,
in order to conduct the economic dispatch, the model requires the supply mixto be inputted
in the form of individual generators (rows of the dataset), described with a certain set of
characteristics (columns of the dataset), namely, Technology, Plant Code, Nameplate
Capacity (MW), Latitude, Longitude, Thermal Input, Generation (MWh), Fuel Cost, and
Marginal Cost. Additionally, batteries require Nameplate Energy Capacity (MWh). To
translate the given annual capacity values into this list of generators, we first clubbed
eGRID’s technology types into Lightshift’s given technology classes, summarized in Table 5
below for scenario 1 and Table 6 for scenario 2. We assume that all new batteries are sized
to 100MW, with durations of 4, 6, 8, and 10 hours, save for the last battery which rounds to
the projected total installed capacity. To determine latitude-longitude coordinates, we used
a python package to randomize coordinates within a given polygon for the service area of PJIM
(Silva Carvalho, Pilastri, and Cortez [2022] 2022). This assumes random placement of
generators but is more robust than using singular coordinate values for new plants as we
wish to see varying effects of weather on generation. For gas, biomass and renewable fuels,
the plant heat input is assumed to be the average of the existing generators, and electricity
generation is calculated as the product of the average nameplate capacity and average
capacity factor of existing generators. Fuel costs are assumed to be the same as those used
for 2023 described above, and their marginal cost is calculated as the calculated (average)
plant heat input divided by the calculated (average) generation multiplied by the fuel cost.
For coal, oil, and nuclear, since their capacities are declining over time as old plants are
retired and new ones are not constructed, we remove generators whose summed nameplate
capacities equal to the annual difference value calculated above. Note that the final
capacity of each technology in each future year is close to but not exactly equal to
Lightshift’s given values, since the additional capacity is added in increments equal to the
average size of existing generators, and retirements occur in decrements equal to the size of
existing generators.

Table 5: Recategorization of eGRID Fuels to Match Lightshift’s Fuel Categories in Scenario 1

Lightshift’s Technology Types eGRID’s Technology Types ‘
Solar Solar

Wind Onshore Wind Turbine

Offshore Wind Offshore Wind Turbine

Short-Duration Storage Short-Duration Batteries
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Long-Duration Storage None in PJM as of 2023

Coal Conventional Steam Coal, Petroleum Coke
Oil Petroleum Liquids
Gas Natural Gas Fired Combustion Turbine, Natural Gas Steam

Turbine, Natural Gas Internal Combustion Engine, Natural
Gas Fired Combined Cycle, Other Natural Gas

Nuclear Nuclear

Hydro Conventional Hydro Electric

Biomass Wood/Wood Waste Biomass, Other Waste Biomass
Renewable Fuels Municipal Solid Waste, Landfill Gas

Other Fuels (not provided, but we  All Other, Flywheels, Other Gases
added it)

Table 6: Recategorization of eGRID Fuels to Match Lightshift’s Fuel Categories in Scenario 2

Lightshift’s Technology Types eGRID’s Technology Types ‘

Solar Solar

Wind Onshore Wind Turbine, Offshore Wind Turbine

Battery Storage Short-Duration Batteries (Long-Duration Batteries didn’t
existin PIM in 2023)

Coal Conventional Steam Coal, Petroleum Coke

Natural Gas- Combined Cycle Natural Gas Fired Combined Cycle

(NG-CC)

Natural Gas - Combustion Turbine Natural Gas Fired Combustion Turbine,

(NG-CT)

Oi, Gas and Steam (OGS) Natural Gas Steam Turbine, Natural Gas Internal

Combustion Engine, Other Natural Gas, Petroleum
Liquids, Other Gases

Nuclear Nuclear
Conventional Hydro Conventional Hydro Electric
Hydro Pumped Storage (Pumped Hydro in PJM was 0 in 2023)

Other Fuels (not provided, butwe Municipal Solid Waste, Landfill Gas, Flywheels,
added it to include all other fuel Wood/Wood Waste Biomass, Other Waste Biomass, All
types) Other

5.2.3 Weather Data

Weather data is needed to determine the capacity factors of wind and solar generators, and
temperature dependent outage rates for thermal generators. We decided to sample weather
data from the last 12 years (2012-2023) to limit computational strain. Weather data for each
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day in the past 12 years was downloaded from National Aeronautics and Space
Administration’s (NASA’s) Modern-Era Retrospective Analysis for Research and Applications
(MERRA) data hosted on Earthdata (“MERRA-2,” n.d.). This data was used in conjunction with
a program developed by the same team that developed ASSETRA, which takes weather input
variables and uses National Renewable Energy Laboratory’s (NREL’s) System Advisor Model
(SAM) to estimate hourly wind and solar capacity factors (Bromley-Dulfano [2020] 2024).
Slight changes to the model had to be made to simulate values for February 29", as SAM
would only simulate data across 8760 hours in a year and would not function for leap years.
For simplicity we assumed February 29" would act the same as February 28™". Thus, the final
weather dataset consists of three variables — solar capacity factor, wind capacity factor, and
temperature — for each hour from 2012-2023 for each of the 420 latitude-longitude
coordinates present within the PJM region. This weather data is then matched to each
generator vis-a-vis their latitude-longitude coordinates when building the EnergySystem.

5.3 Methodology
5.3.1 Reading Input Data

To run ASSETRA for a given weather scenario (weather year) and a given supply scenario
(supply year) the inputs of thermal, wind, solar, and storage generators are needed, in
addition to projected load, capacity factor of solar and wind, and temperature data. To get
solar capacity factors, wind capacity factors, or temperature the location of each plant is
matched with the closest latitude and longitude combination from the weather data to get
hourly profiles. Temperature dependent outage rates based on technology and weather bin
are used to determine hourly forced outage rates across all hours. This is dependent on the
uniform random variable in the Monte Carlo simulation, with a random variable less than the
outage rate causing the unit to be unavailable. For each trial, all inputs other than the
temperature dependent outage rate are static. This includes load data, generator data, and
weather data. To account for capacity factors of resources we used EIA data on monthly
capacity factors by generation type in 2024(“Electric Power Monthly - U.S. Energy
Information Administration (EIA),” n.d.). The capacity factor was multiplied by the
nameplate capacity based on month and technology type to ensure the model does not
over-dispatch.

5.3.2 Reprogramming Methodology to Reflect PJM

Economic Dispatch

ASSETRA’s default dispatch is achieved by dispatching based on the order of units added to
the system. To simulate an actual economic dispatch, we sorted the unit dataset by lowest
marginal cost, such that they are added in order of lowest marginal cost and dispatched in
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that order. This emulates an actual economic dispatch method, with all variable resources
being dispatched first.

Dispatch of storage from highest to lowest duration

Similarly, ASSETRA’s default dispatch of storage is based on the order of units added to the
system. Since PJM dispatches the most reliable storage resources first, we sorted the
storage dataset by duration, such that longest duration resources are added first and
dispatched before short duration resources.

5.3.3 Running the Model to Calculate ELCC Class Ratings

In ASSETRA, the ELCC program defines ELCC as the additional load that can be served from
an additional resource being added to the generation mix while holding EUE constant. This
differs from PJM’s definition of ELCC which is based on the reduction in EUE of the system
from adding an additional resource to the generation. To make sure ASSETRA’s methodology
gave the same outputs as PJM’s methodology, the ELCC class was rewritten with PJM’s
methodology. The updated ELCC class in ASSETRA calculates resource adequacy by adding
extra capacity as a virtual load reduction to compare additions of new capacity with the
resource adequacy metric of choice. The non-responsive units are evaluated first, and then
the responsive (storage) units are evaluated next dependent on the non-responsive units.
Each responsive unit is updated sequentially, unit-by-unit, meaning the marginal effects of
storage units on ELCC are captured. This properly reflects PJM’s marginal ELCC
methodology. The process for ELCC calculation is as follows:

1. For each scenario year and weather year read in data sheets, build and assign ‘base
energy system’ for a given year and scenario. Withhold the battery class under study.

2. Build an ‘additional system’ with just the battery class under study.

3. Create probabilistic simulation with base system, assign to ELCC model with EUE as
the resource adequacy metric.

4. Evaluate ELCC model with base system and additional system for the assigned
probabilistic simulation.

5. Save marginal ELCC.

6. Update ‘base energy system’ with units in ‘additional system’, run probabilistic
simulation to extract necessary data such as the net capacity matrix and generator
performance.

7. Repeat for given battery class.
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Note: While we conduct this process only for batteries in this study, it can be used to
calculate the ELCC class rating of any technology class in PJIM. The methodology was
adapted from PJM’s ELCC Class Rating Methodology, elucidated in (Bruno 2024).

5.3.4 Calculating Capacity Values

In PJM, the capacity value of a resource is called UCAP and is calculated using the following
formula:

UCAP, =RPA, (%) x ICAP, (MW) x ELCC Class Rating (%)
ICAP, = Nameplate Capacity of the unitu

ELCC Class Rating = This is a constant value for each technology class, calculated in the
previous step.

RPA, = Resource Performance Adjustment which is defined in (Bruno 2024) as a factor that
“Reflects each resources’ average historically-observed performance, in those hours and
weather conditions (temperature bins) in which the system experiences reliability risk,
relative to class average historically-observed performance in those same hours and
weather conditions”. The equation for RPA, is as follows

A R, A
RPA, = 2% = 2b,h RonAubn

Ac B Zb,h RbhAcbh

Where Ruh is the relative risk of the unit in a specific temperature-bin and hour. Since we

assume that batteries are notimpacted by temperature, their Rwould be constant across all
bin-hour combinations and in this equation, the risk would thus get cancelled out.

Ao is the availability of the unit u in each hour. We define units as available if they are not
charging or a battery is discharging at less than its nameplate capacity. We determine the
average availability per trial by averaging the availability of all hours. The availability takes the
value zero or one, 1if the unitis available and zero if itis unavailable. The average of this array
represents the average availability across all hours for all trials, which is returned for each
unit.

Acon is the availability of the technology class under study (in this case, long and short
duration batteries separately). Again, we ignore the Rbh since batteries function
independently of weather. We define the availability of the class to be the average of unit
availability Auen for each class of units. This is a singular value that represents how available
on average a unit will be for any given hour.

The RPA, is thus calculated as AJ/A: and is applied to the calculation of the UCAP of each
unit under study.
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5.4 Assumptions

We do not consider the impacts of climate change on weather trends — which would
exacerbate summer and winter peaks. For this study, we use historical weather data
and assume that historical variability in weather patterns will persist in the future.
Since NREL’s SAM does not provide weather estimates for 29" February, we replicate
data from 28™ February for 29" February for the three leap years that fall within the
span of our historical weather dataset (2012, 2016, 2020).

We assume that battery performance is not negatively impacted by temperature.
While building the future supply mix, we randomize locations of generators to capture
effects of weather on a system varied over geography. Randomization occurs during
the creation of the input data sheets.

Battery dispatch is done in a ‘greedy’ manner. The storage units discharge whenever
there is a deficient of capacity, and charge when there is excess capacity. To quantity
storage assets contributions to reliability, charge and discharge could be optimized
to minimize expected unserved energy, by using demand and non-responsive
generator projections.

All batteries are sized to T00MW. Batteries of different sizes serve different purposes,
and the size of storage assets will have an impact on the marginal ELCC.

5.5 Limitations and Caveats

Given the computational intensity of the simulations, the extent to which we can
incorporate simulations that incorporate the uncertainty of weather and generator
outages is limited.

Future demand projections are taken from PJM’s forecasted load growth projections,
while supply mix assumptions were provided by Lightshift. Given that the two are
from sources independent of each other, an investigation is required into whether
they are in line with each other or not.

The methodology of how to calculate the ELCC class rating, RPA, and UCAP are taken
from literature published by PJM. However, considering the lack of very specific
instructions on how to make the calculations, we made assumptions on how those
methodologies translate into mathematical formulae — which could involve some
digressions from how they are truly calculated by PJM.

We use ASSETRA as an economic dispatch model. However, it does not include unit
commitment, least-cost optimization of system-wide energy costs, and does not
include transmission constraints. This limits the accuracy to which our results will
reflect those of PJM’s.
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6 Modeling Results and Discussion

This section discusses the scope of the scenarios that can be run using the developed
model and a snapshot of the type of results that it offers. Note that the model has been
developed to reflect the marginal ELCC methodology employed by PJM.

6.1 Scope of Modeled Scenarios

The full scope of the modeling involves the following scenarios:

Supply scenarios — user-defined

Battery classes (different sizes (MW) of different durations (2, 4, 6, 8, 10 hours))

12 weather scenarios (2012-2023)

Number of Monte Carlo simulations to simulate temperature-dependent thermal
generator outages — user-defined

Future Years for temporal range of forecasts (2025-2045)"?

A key objective of this study was to develop a tool for Lightshift Energy that forecasts the
capacity values of different battery classes given an assumed supply resource mix.

While we run the model for a subset of the scenarios listed above given limited

computational ability, Lightshift Energy can run the model for a much larger set of
scenarios to get desired results.

The subset of scenarios run for the purpose of this study are:

Supply scenario 2 (that involved higher peak loads than scenario 1)

1 battery classes (100 MW of 4-hour duration)

2 weather scenarios (2019 that had the coldest January on record and 2020 acting
as a baseline)

45 Monte Carlo Simulations

Future years: 2033 - 2043

6.2 Results: Annual Battery ELCC Values Compared to Grid Trends

In this section, we compare the trend in our annual average marginal battery ELCC values of

100 MW 4-hour batteries with the trend in various aspects of the grid, that from literature, we

found to be related to battery ELCC values. Itis important to note that this is not a statistical

analysis on the correlation or causality between the two indicators, but rather a visual

2 Note that input data on hourly load in PJM has been processed for 2025-2045. For scenarios to be run for
years beyond that time frame, additional input load data will have to be processed by Lightshift.
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commentary on their general trend and what that means for battery storage development. It
is also important to note that given the limited scope of our model’s functionalities, the
reported results are to be considered as ballpark figures and not precise values. Higher
precision in results would require models with a much higher level of sophistication.

6.2.1 Annual Average Marginal Battery ELCC (%) and Share of Batteries in
Total System Capacity (%)

Annual Average Marginal Battery ELCC (%) and Battery Share
to Total Capacity(%)
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Figure 7: Comparing Annual Average Marginal Battery ELCC with Battery Share

Literature suggests that as more batteries of a certain class (duration) come online, their
ELCC value falls (Schlag et al. 2020). This is because while 4-hour batteries are great at
offering reliability during short-duration peak hours, they are not enough to sustain longer
durations of lower shortfalls (see Figure 8 below). Thus, the marginal ELCC of the same
battery duration class declines as more capacity is added. This can be seen in the graph
above in Figure 7 — while the share of batteries in the system increases from 5% in 2033 to
10% in 2044, the annual average marginal ELCC of 4-hour 100 MW batteries declines from
100% in 2033 to 33% in 2044. This leads to the need for a switch to the next duration class of
batteries, once the ELCC of the current battery duration class reaches low levels — a key
insight for Lightshift Energy’s long-term business strategy.
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Figure 8: Diminishing Value of 4-hr Storage ELCC

Source: (Schlag et al. 2020)

6.2.2 Annual Average Marginal Battery ELCC (%) and Share of Variable
Renewable Energy in Total System Capacity (%)

Annual Average Marginal Battery ELCC (%) and RE Share to

2 .
= Total Capacity (%)
&)
=100 I 30%
o N
> 80 o 25% &
20% £
£ 60 !
@ 15% %
— 40 >
S 10% @
c 20 o, =
c I 5%
< 0 0% 2
2033 | 2034 2035 @ 2036 2037 2038 2039 2040 2041 2042 2043 2044 )
2
mm. Marginal ELCC (%) 100 100 90 75 78 69 54 52 55 54 43 33 'E;
RE Share 23% 23% 24% 24% 25% 26% 26% 27% 27% 28% 28% 28% E
o
Year o
©
=
. wn
mmmm Marginal ELCC (%) RE Share

Figure 9: Comparing Annual Average Marginal Battery ELCC with RE Share

Literature suggests that higher shares of variable renewable energy (solar + wind) (VRE) in
the grid could be conducive to higher battery ELCC values, as batteries support the
integration of VRE by transferring excess generation during hours of high solar/wind
resources (by charging during those hours) to hours of low/no solar/wind generation (by
discharging during those hours), making the net load curve less ‘peaky’ (Specht 2021).
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However, in Figure 9, we observe that from 2033 to 2043, as the share of VRE (solar + wind)
rises from 23% to 28% in the grid, the annual average marginal ELCC of 4-hour 100 MW
batteries declines from 100% to 33%. This could be because of several reasons; for example,
(1) the net load curve caused by VRE leads to the need for firm power for longer than 4 hours
— causing the ELCC values of the 4-hour duration batteries to fall, (2) A 28% share of VRE is
not high enough to warrant the need for the modeled capacity of 4-hour duration batteries
or (3) other factors have a stronger impact on the final ELCC values of batteries. Further
investigation into the duration and magnitude of battery capacity needed in the net load
curve to ensure reliability would help investigate this trend.

6.2.3 Annual Average Marginal Battery ELCC (%) and Annual Peak Load (MW)

Annual Average Marginal Battery ELCC (%) and Peak Load of
System (MW)
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Figure 10 Comparing Annual Average Marginal Battery ELCC with Annual Peak Load

This relationship is a complex one. On the one hand, as peak demand increases for a short
duration, the ELCC of a 4-hour battery would increase as it provides reliability in this more
vulnerable period. On the other hand, if the higher peak sustains higher levels of non-peak
demand, 4-hour batteries may prove to be insufficient in providing reliability for that entire
duration. In the case of our results, in Figure 10, we see that peak load increases by 18.4%
from 2033 to 2043 while the annual average marginal ELCC of 4-hour batteries declines over
time. As aresult, more researchis needed to explore the relationship between gross/netload
curve shapes and penetration of batteries of a certain class, and how that changes across
battery duration classes.
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6.2.4 Annual Average Marginal Battery ELCC (%) and Different Weather Years

Annual Average Marginal Battery ELCC (%) in the same System
for Different Weather Years
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Figure 11: Comparing Annual Average Marginal Battery ELCC with Different Weather Years

Weather plays an important role in the ELCC of battery storage assets, especially as VRE
increases in the grid. This is because in regions like PJM that include Northern states that
may witness long hours of cloud cover during fall and winter, or very high temperatures (that
reduce power output from solar panels) during summer, the intermittency of solar plants
may increase/overall output may decrease significantly, leading to batteries playing a crucial
role in ensuring reliability. The graph in Figure 11 shows the annual average marginal ELCC
of 4-hour duration 100 MW batteries in the exact same system of demand and supply, but
under two different weather scenarios — 2019, that witnessed a historically cold winter, and
2020, which is representative of average winter temperatures. However, we do not notice a
trend between the two, indicating that more research is needed to explore these variations
ata more granulartemporal scale, to isolate performance for specific hours of the year when
weather impacts are harsh, rather than looking at an annual average value.
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7 Insights and Recommendations

As considerations like changing grid conditions and weather fluctuations become a part of
the capacity accreditation process, the capacity value of storage assets no longer relies
solely on its technical capability but is impacted by phenomena beyond it.

In this section, we offer some insights and recommendations on factors driving the capacity
value of batteries in the different markets based on the literature review and modeling.

1. Capacity values decline over time as more battery capacity of the same duration is
added to the system. From the literature, excel calculations, and modeling results, we
observe that across all four markets, the capacity value of storage assets decline over
time. In the case of PJM, the modeling results show us that the shift from average to
marginal ELCC leads to a decline in the capacity values of the same battery duration
class as more capacityis added over time. In MISO, the Excel model highlights thatduring
high-risk (tier 2) periods, when the availability of one storage resource increases, it
directly reduces the accreditation available for competing resources, highlighting the
competitive and relative nature of MISO's accreditation approach.

2. Longer the duration of outages, lower the capacity value for batteries. All markets are
transitioning to using ELCC as the metric to determine the capacity value of an asset.
ELCC factors in the battery’s ability to be available and supply power in hours that a
resource adequacy event occurs. Since batteries are limited duration resources, once
discharged, a battery cannot provide power until it is recharged.

= |n ISONE, we observe through the CapacityAccreditation_CalculationTool that the
duration of outages and thereby, the ability of the battery to recharge, influences its
capacity value and its availability in outage hours. When batteries can fully charge
between two outage events, batteries get higher capacity value as compared to
batteries that are unable to fully charge between the two events. Longer duration
resources will have the ability to be available for extended periods of the outage. In
case of two short consecutive events, they can be available through the duration of
the two events. Thus, to get a higher ‘QMRIC’ value in ISONE, Lightshift may want to
deploy longer duration resources and may also consider co-locating battery
resources with renewable generation to enable charging their battery.

= |n MISO, we observe from the Excel calculations that accredited capacity (SAC) is
highly sensitive to resource availability during high-risk (Tier 2) periods and longer-
duration batteries consistently receive higher accredited capacities due to their
ability to maintain performance through extended critical events. Therefore,
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Lightshift should prioritize deploying longer-duration storage solutions and focus
operational strategies on maximizing resource availability specifically during Tier 2
(high-risk) conditions. This will help enhance their competitive positioning and
accredited capacity values in the MISO market.

= |n terms of modeling, the weather data, demand data, supply data and
assumptions used are all critical in influencing the results. These would impact the
duration of the resource adequacy event and the probability of whether the battery
will form a part of the dispatch or not. Future modeling must account for changing
probability, duration, and frequency of weather events and conduct sensitivity
analyses on how the capacity values of different battery classes would react to
different durations of outages.

3. Saturation of low-duration batteries leads to a preference for long duration batteries
due to higher capacity values. Since batteries are limited duration resources ie. the
battery cannot provide power once it is discharged/until it is charged, once there are
enough 4-hour batteries to provide reliability for outages less than or equal to 4 hours,
their capacity value drops. As seenin Figure 8, 4-hour batteries perform well during short-
duration peak load hours but fail to provide reliability during longer-duration moderate-
high demand hours. This is why long-duration batteries are preferred as they are able to
act as dispatchable mid merit generation units during those long-duration moderate-
high demand hours. We also notice that in some markets such as PJM, long-duration
batteries get dispatched first which is preferable to a battery storage developer.

4. Longer duration batteries get higher capacity value. We observe a gradient in PJM
where Longer Duration Batteries get Higher Capacity Value. For example, based on our
literature review, we observe that capacity values are decreasing for energy storage
resources due to a change in the capacity accreditation process in PJM’s capacity
market. We also witness this decrease in capacity value in our calculations
demonstrated in section 4.2.3 of this report. In our example calculation we use ELCC
Class Ratings which are an outcome of the Third Incremental BRA. On comparing the
calculation for a 4-hr vs an 8hr battery we observe that the 8-hr battery has a higher
capacity value. Thus, if Lightshift wants to maximize the ‘Capacity Value’ of the energy
storage resource in PJM, it should opt for 8-energy storage resource over a 4-hour energy
storage resource. This will allow the energy storage resources to have ELCC Class Ratings
similar to Gas Combined Cycle and Gas Combustion Turbine units.
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5. Balancingthe cost and capacity value of long-duration batteries is key. CAIDI values
provide an indication of outage duration in the market. While the capacity value of
long-duration batteries is higher than that of short-duration batteries, their capex is also
considerably higher. Thus, the decision to switch to long-duration batteries is a strategic
one based on the cost of the battery and the compensation it can acquire from offering
these higher capacity values. Capacity values in turn, depend on various factors such as
the level of VRE, number of short-duration batteries already installed, changing load
curves, duration and frequency of outages. We see that the average Customer Average
Interruption Duration Index (CAIDI) in states that make up ISONE, PJM and MISO are more
than 4 hours(EIA, n.d.). CAIDI is defined in the glossary. Hence, Lightshift could initially
consider batteries of 6 hours or more in these markets. If the duration of events grows
longer, lower battery durations will get lower capacity values in these markets. At this
stage, Lightshift should switch to longer duration batteries. On the other hand, for states
making up SPP, average CAIDI values are less than 4 hours. Thus, for SPP, Lightshift may
continue with 4-hr batteries.

6. Share of VRE in the grid and the type of transmission services available to the
resource also play a role in capacity values. Amongst the four markets, SPP has the
highest VRE penetration as wind accounts for 37% of installed capacity. In this high VRE
scenario, batteries could play an important role in enhancing the reliability of the grid.
Furthermore, SPP is proposing dividing resources into two Tiers: Tier 1 which would
include resources with Firm Transmission Service and Tier 2 which would include
resources with Non-Firm Transmission Service. Tier 1 is preferred over Tier 2. Thus, a 2-
hour firm transmission-connected battery will get dispatch preference over an 8-hour
Non-Firm Transmission-connected resource. However, the capacity value of a 2-hour
battery is half as much as that of a 4-hour battery. Thus, Lightshift Energy will have to pick
between whether the battery is connected to a Firm or Non-Firm Transmission Service to
decide where it wants to sit in the dispatch stack.
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8 Conclusion and Future Work

8.1 Conclusion

This study explores the capacity accreditation reforms that four US wholesale electricity
markets — PJM, ISONE, MISO, and SPP - are currently undergoing. To do so, we first refer to
ISO/RTO filings and other such documents to map the changes occurring between the old
and newly proposed regimes (for example, by shifting from average to marginal ELCC), and
then explore how the new capacity accreditation methodologies will impact the capacity
value of battery storage assets by developing an Excel tool that simulates these calculations.
We then developed a python-based power systems model to forecast battery capacity
values over the next 20 years in PJM in their new capacity accreditation regime.

We find that across all markets, capacity values of the same battery class decline over time,
as more capacity is brought online. Higher duration batteries fare better than lower-duration
batteries, as they provide more reliability during longer duration outages/ several back-to-
back short duration outages. Given the tradeoff between higher capacity values and higher
capital costs of long-duration batteries, in the longterm, a deeper investigation and financial
analysis of the tipping point of when the compensation from long-duration batteries
outweighs their cost could help Lightshift Energy inform their business strategy in the
medium to long term. However, in the short-term, Customer Average Interruption Duration
Index values are higher than 4 hours in PJM, ISONE, and MISO, indicating that these markets
could benefit from longer duration batteries, whereas in SPP, CAIDI values are lower than 4
hours, indicating that 4-hour duration batteries may suffice.

8.2 Potential for Future Work

While this study takes a first step at discussing the reforms that US wholesale electricity
markets are currently undergoing and modeling their impact on battery capacity values, as
these reforms approach completion, this study could benefit from a phase 2. This would
involve several other analyses that provide Lightshift with insights on when to invest in which
type of battery assets in which markets and offer what type of services, to maximize their
business, community, and environmental goals. This section lays out steps for future work.

1. Update and further improve the model. This can be done by including an optimization
module that minimizes EUE across all hours of the year by dispatching batteries
accordingly. This would increase the robustness of the model.

2. Run the model for different battery duration-capacity combinations in the same

scenario. This would highlight the tipping point when the capacity value of short-duration
batteries (2-hours and 4-hours) start falling and when that of longer-duration batteries (6-
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hour, 8-hour, 10-hour) start rising. This would provide Lightshift Energy insight into when
they should switch their project development to longer-duration batteries and in which
market.

Based on the modeling results, conduct a financial analysis to assess the net present
value of different investment strategies (switch to different battery classes in different
future time periods in different markets) by comparing the revenue that Lightshift
Energy’s battery assets could generate in that strategy based on their calculated capacity
value, and their associated costs.

. Conduct an analysis of how the capacity values in the new capacity accreditation regime

would influence the services that Lightshift Energy’s batteries provide to its customers.
Thus, conduct analysis and offer insights into which services would be most conducive
to which market, based on the nature of their capacity accreditation reforms and
resulting capacity values.

. Conduct a statistical analysis on the relationship between battery ELCC values and the

different drivers for these values (level of VRE, number of batteries in the system, shape
of the load curve, weather impacts) to isolate their impact on battery ELCC values and
offer insights into the status of these drivers in the different markets and their resulting
implications for battery storage development in those markets.
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9 Glossary

CAIDI (Customer Average Interruption Duration Index)

It is average number of minutes it takes to restore non-momentary electric
interruptions.(EIA, n.d.)

EUE (Expected Unserved Energy)

The expected amount of energy demand (in MWh) that cannot be served over a given time
horizon due to insufficient supply. It quantifies the magnitude of shortfalls across all hours
of simulation (EPRI, n.d.).

Effective Nameplate Capacity

PJM defines “Effective Nameplate Capacity” as (i) for each Variable Resource and
Combination Resource, the resource’s Maximum Facility Output; (ii) for each Limited
Duration Resource, the sustained level of output that the unit can provide and maintain over
a continuous period, whereby the duration of that continuous period matches the
characteristic duration of the corresponding ELCC Class, with consideration given to
ambient conditions expected to exist at the time of PJM system peak load, to the extent that
such conditions impact such resource’s capability (PJM 2021).

LOL-D (Loss of Load Duration)

The cumulative duration, typically in hours, during which a system experiences a supply
shortfall over a defined period (EPRI, n.d.).

LOL-E (Loss of Load Expectation)

A probabilistic metric that estimates the expected number of days per year when demand is
projected to exceed available supply, assuming adequate reserve margins and accounting
for generator outages, weather, and demand uncertainty. MISO typically targets a 1 dayin 10
years standard, or 0.1 days/year for summer and 0.01 days/year for off-peak seasons (MISO
2023).

LOL-H (Loss of Load Hours)

The number of hours in a year when electricity demand exceeds available supply, resulting
in potential load shedding. It is measured across peak daily hours (EPRI, n.d.).

LOL-F (Loss of Load Frequency)

The number of distinct events or days in a year during which the system experiences a loss
of load, regardless of the duration (EPRI, n.d.).
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Monte Carlo Simulation

A probabilistic method used in LOLE studies to simulate many possible future system
conditions by randomly sampling weather, load, and generator outage data. It helps estimate
the risk of resource inadequacy under uncertainty (MISO 2018).

ELCC (Effective Load Carrying Capability)

A measure of a resource’s contribution to system reliability. It reflects how much additional
load can be served by the system due to the presence of a resource, while maintaining the
same reliability level (typically measured by LOLE) (MISO 2024Db).

UCAP (Unforced Capacity)

The portion of a resource’s installed capacity that is expected to be reliably available during
peak demand periods, accounting forits historical forced outage rates. UCAP represents the
net dependable capacity a resource can offer after subtracting expected unavailability and
is used to demonstrate compliance with planning reserve requirements in capacity markets
like MISO and PJM (AESO 2017).

Capacity Value

The quantification of a resource's ability to reliably contribute to meeting peak electricity
demand and system adequacy. It serves as the basis for accreditation in capacity markets
(MISO 2024b).

Demand Response

A resource or program that enables electricity consumers to reduce or shift their usage
during periods of high demand, grid stress, or high prices. Demand response helps maintain
system reliability and can participate in energy or capacity markets depending on the market
rules (FERC 2023).

BTM (Behind-the-Meter)

Generation or storage resources that operate on the customer’s side of the utility meter,
primarily to serve on-site load or reduce reliance on the grid. These resources are not directly
visible to grid operators but can influence system demand and reliability planning (NREL
2020).
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