ABSTRACT

SSENGONZ| JETHROKIRABO. EnergySystemsModeling tolmproveElectric Grid
ResourceAdequacyPlanning andResilience (Under the directioof Dr. Jeremiah X. Johnson,
andDr. Joseph F. DeCaro)is

Reliance on energy systems has impacts on economic, environmental, and social well
beingworld-wide. Providing efficient and affordableectricity, howeverhas required more
intentionality as thelectricpower system becomes more complexhis dissertation, explore
three major areas of study within the larger resource adequacy planning and resilience effort:
calculation of the capacity credit metric for key generation sources in the continental United
States, application of a dynamic capacity credit mechattidarger capacity expansion
modeling, and the impact ghryingthe cost ointer-regional transmission infrastructure
investment on longerm capacity expansion outcomes.

Chapter 2 exploresapacity credit calculation for solar, onshore wind and offshore wind
variable renewable technologies, as they offer a pathway to decarbonizing the electric grid. The
capacity credit metric accounts for asitytoenewab
determine that individual generatords contrib
resource penetration level. The capacity credit metric can be understood to be a form of the more
commonly known effective load carng capability (ELCC) metric. As resource penetration
level increaseghe resource contribution to meeting peak load decreases, thus gradually
decreasing system reliability below the standard operating level. The capacity credit calculation
process is computationally intensive and cumbersome, so a rapid approximatiot tnetho
estimate capacity credit using a set of capacity factors during hours of peak demand is presented
as well.

In more recent redife grid operations, capacity credits for renewables such as wind and
solar have been estimated as static vahagmrdless of the magnitude of grid generation reliance
on those resource€apacity credits of renewables, however, are more likely to be inaccurate
with static value designation like that of typical dispatchable plants because of their variable
generation throughout daily and seasonal cycles of a year. Static capacity cigdataesfor
such variable generation canlgi@verestimates and or underestimates pertaining to grid
reliability. Chapter 3appliesdynamic capacity credit values for key resources of solar, onshore

wind, and 4hour battery storage a comprehensive energy systeapacity expansiomodelto



more accurately reflect outcomes that maintain a standard grid reliability level. By referencing
lookup tables of capdty credits for specific penetration levels for these key resourcestam
external capacity credit selection code moduderfacing with the capacity expansion model
assesses penetration level of key resources and allocates a capacity credit for each respective
resource, updating the model inputs with each myopic time period solve to create a dynamic
capacity credit effectVhenobsening results ofbothstaticand dynamicCC scenarios, capacity
credit assumptions afeund tohavematerialimpact on grid firm capacityandfull energy
system costs.

Chapter 4 shifts focus to the impact of iategional transmission infrastructure on
energy system optimization, particularly in the context ofesel electrification. This chapter
utilizes the Temoa model to analyze how ifgional transmission expsion influences
regional generation mixes and electrification pathways in sectors such as industrial,
transportation, and building energy use. While natite| electricity consumption is relatively
insensitive to transmission infrastructure investnoasts, regional shifts in generation mix and
carbon management strategies are observed. The chapter highlights the role of transmission
expansion in shapingpme regionahydrogen investments, particularly in the industrial and
supply sectors, and examines the limited sensitivitptal energy system cost different
transmission futures. These findings underscore the importance of considering transmission
infrastructure when planning for a decarbonized energy future, offering insights into how
transmisgn expansion can influence regional generation choices, electrification pathways, and
carbon management strategies.

This dissertation contributes to the optimization of resource adequacy, grid resilience,
and economic viability in the context wdrying potential actions taken towamscarbonization.
By improving the understanding of capacity credit calculations, dynamic modeling for capacity
expansion, and the role of transmission infrastructure, this work provides actionable insights for

energy system planners striving to balancibélty, cost, and sustainability.
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CHAPTER 17 Introduction

The transition to a lovearbon energy future presents significant challenges, one of the
foremost being the integration of variable renewable energy (VRE) into existing power grids
while maintaining reliability, minimizing costs, and ensuring kkegn sugainability. The
following study addresses three interconnected aspects of this challenge: the quantification of
capacity credit (CC) for VRE technologies, the impact of energy storage and CC on resource
deployment and energy system costs, and the ratgesfregional transmission infrastructure in
influencing electricity consumption. Through these lenses, this work contributes to the growing
body of knowledge aimed at optimizing the electric grid to meet both decarbonization and
reliability goals.

In Chapter 2, we delve into the question: How can we quantify the contribution of
variable renewable energy to resource adequacy? At the heart of this investigation lies the
concept of capacity credit (CC), which measures the ability of an electric genereluding
VRE sources like wind and solar, to meet peak demand and ensure grid reliability. Given the
intermittent nature of wind and solar generation, accurately determining their CC is paramount.
Wind generation, which can peak during-p&ak hoursand solar power, which is driven by
diurnal patterns, both present unique challenges to grid operators seeking to ensure continuous
service during peak demand periods. Different methods to calculate CC, particularly the widely
adopted effective load caing capability (ELCC), are explored and evaluated for their
effectiveness in representing the true value of VRE resources under varying grid contlitions [
Additionally, the study compares these methods with simpler alternatives, offering insights into
how grid planners can best integrate VRE into future energy systems, maximizing grid reliability
while minimizing costs.

Chapter 3 expands the discussion to explore how the capacity credit of VRE, along with
the impact of energy storage, influences loegn resource deployment and overall energy
system costs. The question guiding this chapter is: How does variable renemexighe and
energy storage capacity credit impact ksagn resource deployment and overall energy system
costs? With the growing deployment of wind and solar power, the challenge is not only ensuring
reliability but also optimizing system costs in thedfat a rapidly changing energy landscape.

VRE generation's variable nature complicates its role in power system planning. This chapter
examines the interaction between VRE and energy storage technologies, using ELCC to quantify

1



their contributions to grid reliability and explore the associated costs. By comparing different
capacity credit models, including static and dynamic CC values, this chapter provides a clearer
picture of the tradeffs involved in incorporating VRE and s&me into the grid. It further

discusses how accurate CC values can influence resource planning decisions and energy market
operations, ultimately shaping the letegm trajectory of energy systen.[

Chapter 4 shifts focus to the impact of transmission infrastructure on electricity
consumption, guided by the question: How does irggional transmission infrastructure
investment impact United States electricity consumption? While much attentionemagaie to
optimizing transmission for VRE integration, the broader implications of transmission
investment on national electricity consumption remain underexplored. Effectiveéagtenal
transmission expansion can lower overall system costs, enhathceligbility, and support
largescale decarbonization by facilitating the optimal deployment of VRE reso@jc@sis
chapter examines how integgional transmission infrastructure investment, when combined
with optimal siting and strategic battery storage placement, can mitigate the challenges posed by
the variability of renewable energy. The study also intredwcnovel approach by modeling
electricity demand as an endogenous variable, unlike traditional studies that treat it as
exogenous. This metkology allows for a more dynamic understanding of how transmission
investment interacts with changing electricity consumption patterns, particularly in the context of
growing electrification across sectod. [

Together, these chapters provide a comprehensive exploration of the challenges and
opportunities in the modernizing electric grid. From accurately quantifying the capacity credit of
VRE to understanding the broader implications of transmission investimerfitadings aim to
inform policy and planning decisions that will guide the future of energy systems. By examining
the dynamic interactions between VRE, energy storage, and transmission infrastructure, this
work contributes to the development of stratedieat can support a reliable, ceffiective, and

decarbonized energy future.



CHAPTER 27 An efficient method to estimate renewable energy capacity credit at

increasing regional grid penetration levels

ABSTRACT
The wide scale deployment of variable renewable energy technologies (VRES) offers a

pathway to decarbonize the electric grid. One challenge to reliably operating the grid is ensuring
that sufficient generating capacity is available to meet demand auedl. By determining an

i ndividual generatorods contribution to resour
power is needed, the capacity credit for these resources is estimated. The objective of this study
is to quantify the contribution of VIRto resource adequacy as a function of VRE penetration,
across several regions, technologies, and resources. A computational model was built using the
effective load carrying capability (ELCC) method to calculate capacity credit values for regions
spannig the contiguous United States. As the deployment of VRE increases, we show its
marginal contribution to meeting peak load decreases, which in turn requires additional
generating capacity to maintain reliability. In addition, a rapid approximation method i
demonstrated to estimate solar and wind capacity credit, relying on the capacity factors during
hours of peak net demand. We find that estimates with the lowest error relative to capacity
credits calculated using the ELCC method occur using the avenagwable resource capacity
factors of the top net 10 demand hours, regardless of resource type. Usingspetdid values

for capacity credit can improve losigrm decision making in generation capacity expansion,

cultivating more economical loAgrmresource planning for deep decarbonization.

INTRODUCTION
Capacity credit (CC), sometimes referred to as capacity value, is a metric used to indicate

an electric generatords ability to meet peak
varies daily and seasonally, accurately determining capacity credalisorimeeting reliability
standards and planning for future infrastructure investment.

Quantifying the CC for variable renewable energy technologies (VRES) poses unique
challenges given the @vailable nature of the resources. Wind generation varies across all hours
while solar has a diurnal pattern of generation. Peak wind potential fitggaecurs at night or
in the early morning when load is relatively low. Solar supply tends to have a better fit with a

daily load profile [1]. Both solar and wind power are impacted by location and weather patterns
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[2]. Solar projects can maximize CC by using favorable tilt angles andtaauckyng systems

that yield optimal output [3]. Additionally, the specific type of solar technology used can greatly
impact CC values [4,5]. Concentrated solar power (CSP), tanpbe, often has higher CC than
traditional photovoltaics due to the thermal inertia of CSP plants [6]. Murphy et al. assessed the
role of weather/temperature change events that cause correlated generator outages,
differentiating from current modeling thassumes generator failures to be independent and
invariant to ambient conditions [7].

Attempts to estimate the CC for VRESs have yielded differing values, but accurate
determination is vital to fully understanding how demand in the electric grid can be reliably met.
Balancing cost with grid reliability is key for future resource planningREs are assumed to
provide too little capacity credit, growth of VRE is disincentivized. If given too much credit,
there is an increased risk for generation shortfalls and outages. CCs depend heavily on generator
availability during the load peak perif8]. With more accurate CC calculations, better lowest
cost options to maintain reliable service can be found.

The CC of variable renewables has been defined in literature as the quantity of
conventional resources that could be O6repl ace
system less reliable [9]. The effective load carrying capability (ELCC), which mesasu
equivalent firm capacity provided by a resource to maintain grid reliability, is the most common
approach to determine CC, with some utilities and regulators preferring the use of the ELCC
above other CC methods [10,11]. In Brom[@ylfano et al., ELCalculations were conducted
for solar and wind in the multiegional United States Western Interconnection with the goal of
aiding policymakers and system planners in meeting decarbonization goals [12]. Kim et al. used
ELCC to estimate energy storage @ador system planning [13]. In Sodano et al., ELCC was
used to determine the synergistic effects of solar and energy storage to provide capacity value
[14].

In this study, previous work is expanded on by calculating the capacity credit for a wide
array of solar and wind resources across the contiguous United States at a regional spatial
resolution and under increasing VRE penetrations using the synthetieadlyaged MIT Zero
emissions Electricity system Planning with HourlY operational Resolution (ZEPHYR) dataset
[15]. In addition, the results estimated using the ELCC method are compared to a simple

estimation method that relies on the VRE capacity factaiagihhours of highest net load. Both



approaches could inform capacity expansion models and grid planning in a manner that reflects
the dynamic nature of capacity value for wind and solar power. The advantages of utilizing an

efficient CC method for effective power system planning are disgusse

METHODS

Capacity Credit Calculation Overview

A loss of load probability approach was used to calculate the effective load carrying
capability for multiple solar and wind resources spanning nine regions covering the United
States. First, a Monte Carlo simulation was conducted to estimate the tatrdfugenerator
capacity availability for each region. For given load profiles, the loss of load expectation (LOLE)
was calculated, which is the number of instances demand exceeds available generation in a set
time period. The loss of load probability@LP) was then determined, yielding the mean
average of LOLE values over a set number of runs. Load was then adjusted to achieve the target
reliability, allowing for the quantification of capacity provided by individual generators across
regions. TheELCCws computed thereafter, defined as t1|
can increase while maintaining the same LOLP for the grid with results specific to a particular
resource deployment capacity. For renewables, ELCC is driven by the correspondence of
gereration during high LOLP hours.

The resulting ELCC value was divided by the nameplate capacity to determine the CC of
the resource. Each of these steps is described in greater detail in the subsequent subsections,
guided by the approach and equations defined in Sodano et al. [14].ngavbibis process are
performed in [16,17].

The regional boundaries and input data are consistent with those used in Tools for Energy
Model Optimization and Analysis (Temoa) energy system optimization model, as deployed in
the current Open Energy Outlook (OEO) effort [18]. The nine regions inclalife@ia (CA),

Central (CEN), MidAtlantic (MID AT), North Central (N CEN), Northeast (NE), Northwest

(NW), Southeast (SE), Southwest (SW), and Texas (TX). Types of regional energy clusters
available from the MIT ZEPHYR database vary in amount, as shgwiable 1. Offshore wind
resources are considered in the NE, NW, and CA regions. The wide geographical coverage
follows the multiarea CC approach in [19], assuming that energy is produced and consumed in

each respective region with no associated tranBfarsinterregional transmission.



Table 1.Number of renewable resource clusters by region

Region | Onshore | Solar PV | Offshore
Wind Wind

NE 35 35 1
CA 5 5 1
NW 25 25 1
CEN 35 35 0
MID AT 35 35 0
N CEN 35 35 0
SE 40 40 0
SW 25 25 0
TX 5 5 0

MonteCarlo Simulation for LOLP

To use the LOLP approach to evaluate the probability of a power system failing to meet

load due to lack of available generation capacity, a Monte Carlo simulation is conducted to

estimate the probability distribution of systewide generator availabilitylhe systerwide

available capacity in a given hour is determined as the sum of the available generating capacity

from each plant. The gridide available generating capacity sum for each region is determined

as described in Equation 1.

0
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Equivalent forced outage rates during times of demand (EF@Rdach dispatchable

gener ator
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availability for a given simulation (defined by Equation 2a and 2b). In each simulation, a random

numbern between zero and one is selected to determine the valQefof each existing noen

renewable dispatchable unit, as follows:
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wherebyQ = 1 means a generating plant is online &d& 0 means a generating plant is

offline. The EFORd value represents the probability that the generator will be unavailable due to
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a forced outage or derating during a time when there is demand for this generator. Most forced
outage rates are less than 10%, but some plant types have much higher EFORd values.
Generators with higher forced outage rates typically have lower ELCC valatsge to their
respective rated capacity. These outages require power systems to build adequate reserve
margins to ensure reliability in instances of high demand and or when a considerable share of
generation is under forced outage [20].

Like in studies from [6] and [21], 2018 North American Electric Reliability Corporation
(NERC) EFORd values by generator type are utilized [22]. For all generators above 25 MW in
each region, generator nameplate capacities are obtained from PowerGeriomputstthat
were tailored to be used in the OEO [18]. Projected 2020 hourly demand data from
PowerGenome [23] formulated by data from primary sources such as the U.S. Energy
Information Administration (EIA) is also used [24].

LOLP Calculation and Baseline Adjustment

To determine the ELCC, the LOLP approach was used with the Monte Carlo distribution
data. The cumulative available generation resi@sdre compared to the net load values for
every hour of the year, represented a@defined by Equation 3). If there is an instance wh@re
is less than , the binary variabl® is set to 1 to represent a loss of load event. Otheriiss,
equal to 0.

o OMWERI p
i OEA X E®A 3)

LOLE can be interpreted as the sum of outage hours over the course of a timéYperiod
when demand exceeds generation divided by the total number of hours in that selected time
period [21]. The most common selected time period is the 8760 hours of the year planning

horizon. The resulting quotient is shown in Equations 4a and 4b:

.o on B QL
UUUO,,—Yhsl (4a)
DO0OO /O O (4b)



LOLE is calculated for every iteraticébf the available generation values across all

modeled hours of demand.

The LOLP approach is used to evaluate the probability of a power system failing to meet
load due to lack of available generation capacity in a given time period [21]. LOLP for each trial

"Qcan be described using Equation 5:

™| O

00600 0 0O (5)

The assumed standard desired LOLP for operating utilities in this study is 24 hours of
outage every 10 years (approximately 2.7397%1@hich is a common reliability target in the
United States and in Europe [2,20]. This benchmark reliability is used to establish a reserve
generation margin that seeks to balance the competing goals of reliability and avoiding the
construction of costlgxcess generation capacity. The selected LOLP is only one of several
benchmark reliability targets used in the resoudmgaacy modeling space [7]. As discussed in
Murphy et al., targets can range from one loss of load event every 50 years to nearly one loss of
load event every 5 years. This reliability can be equated to establishing an adequate planning
reserve margin [25]

ELCC and Capacity Credit Calculation
Calculation of LOLP is vital to determining the useful metrics of ELCC and capacity

credit. For all existing time periods in analysis and eachi¢rial

0w, ° Fr 0 0 OMERE p 6)
I OEA Q% E GiA
where "O i are incremental amounts of new VRE capacity, @nds additional fixed load

added to the gritb determine the updated binary variaBle . Before new VRE resource is
accounted for, cumulative available generation of a"tialis compared to the sum of the
existing net load value to the giiid and the fixed load adjustment to reach desired baseline grid
reliability 0 . The 0 includes dispatchable naenewable plants and existing VRE plants that

are treated as negative load. After all existing capacity is accounted for, new renewable resource
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O i is added as a negative load and the additional fixedlioadadded to return the grid

the desired reliability level (as defined by Equation®)s LOLP process is shown in Equation

7a and 7b, an expansion of Equation 5 to includéO i, ando .
n (YA p B ’Q F] ™ R
LOUW + ——-—hZ©E€il 7a
5 Y (7a)
n (Y A p N en w n n n
DLW 3 no, O F L U L (7b)

Incremental amounts of VRE are added to the grid to reduce net load in each hour, thus
potentially decreasing the present LOLP and improving power system reliability. After obtaining
an initial LOLP of a region, the amount of demand that needs to be addebtracted
uniformly across all hours to converge to the desired LOLP is calculated (i.e., to adjust for
overbuilt or underbuilt power systems). The process is used for each region independently [19].
To then calculate the ELCC, additional fixed laads added to every hour at a value that
increases the system outages to the desired LOLP benchmark. rEiselt represents the
ELCC, defined as the amount of additional load the system can reliably serve in response to the
addition of VRE generation. Dividing this value by the nameplate cap&gity of the
technology provides its capacity creditd, as shown in Equation 8

V)

00 Oh— pmmb (8)

A constraint is implemented to ensure that the added VRE does not bring the net demand
below zero. If the VRE generation applied exceeds the demand, the net demarat that
hour is considered to be zero, with additional renewable generation curtailed. These load

balancing constraints are represented in Equations 9 & 10.

O p 0 0O 0 9)

(10)



CC is calculated multiple times for each resource, each time increasing the penetration of
that™O r resource by 1000 MW. To be able to accurately calculate and detect changes in
CC, an0 step size of 10 MW is utilized. These 10 MWare added until the grid LOLP
converges back to the desired reliability standard, thus yielding CC results at a resolution size of
1%. This increment choice balances computational tractability with precision of results.

The ELCC method used to determine CC can yield a full range of operating conditions
but with increased computational cost [8]. Having a method to estimate CC with little
computational time is valuable. As seen in capacity fdeased methods in [6], theise
evidence that average capacity factor has correlation with CC under certain conditions. To
estimate CC with much less computational intensity, curves for the average renewable resource
capacity factor from the top net demand hours for each resoustercine developed in each

region under increasing VRE penetration to compare to the Eleti@ed CC curves.

RESULTS

Statistical Analysis of MorH€arlo trials

A statistical analysis was completed to determine a suitable number of available capacity
simulations that would capture potential extremes of several plants being online or offline in a
given hour. In Sodano et al., 50,000 simulations were used [14]. Sitlikes have relied on
1,000 to 10,000 Monte Carlo runs [26,27] such as in Bromigjano et al. where 5,000 Monte
Carlo runs were used [12]. Here, CCs for thirty 2008/ increments of new VRE are tested for
two case study regions of NE and TX with remggMonte Carlo samples from 5,000 to 100,000.
Figure 1 displays aggregated boxplots for the resource clusters with results compared to those

found under 100,000 Monte Carlo simulations.
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Figure 1. Capacity credit variance by number of Monte Carlo samples for aggregated variak
renewable energy resources in the Northeast and Texas
The results in Figure 1 show that using 10,000 Monte Carlo simulations yields little difference in
results, when compared to 100,000 Monte Carlo simulations, when viewed collectively across
the NE and TX regions. When aggregating data between NE and fiesdayrce type, the
variance in CC is no more than = 0.05 from the reference 100,000 Monte Carlo runs. As such,

for this study, 10,000 Monte Carlo runs were used in the determination of ELCC.

Regional Capacity Credit Curves

The ELCC calculation process is repeated under increasing penetrations of solar and
wind power to provide insights into the incremental capacity credits for VRESs. Figure 2 displays
changes in CC with gradual increase in resource grid penetration, wheteapen level is the
percentage of demand met by the selected VRE resource in every hour over the course of a year.
Several curves start beyond the 0% power penetration level due to existing VRE capacity already
being present. 240 onshore wind resour2d®,solar resources, and 3 offshore wind resources
across nine regions spanning the contiguous United States are evaluated.

An increasing share of VRE consistently leads to decreasing firm capacity contributions.
This result holds true across all regions examined. The curves in Figure 2 display a similar
behavior displayed by CC curves in [2,20]. Heterogeneity is observed magnitude of the
CCs across different renewable resource in each region, highlighting the geographical sensitivity
of the metric.
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Figure 2. Regional capacity credit for new onshore wind, offshore wind, and solar power, as a ful
of penetration levels

Common trends for technologies across the regions were observed. Solar power tends to have
high CC at low penetration levels, but quickly decreases when 10 to 20% of generation is met
with solar, as also shown in [3,28]. Onshore wind capacity typicallissiat at a much lower
CC than solar power but declines at a lower rate when compared to solar. Offshore wind tends to
perform similarly to solar in the tested scenarios. This behavior could possibly be attributed to
sea breezes being fueled by coastalperature gradients, which result in better correspondence
to peak load when compared to onshore wind resources; given the limited input data for the
resource type however, comprehensive takeaways from the performance of offshore wind are
inconclusive. Inceasing VRE penetration decreases the net load peak at hours of that generation,
eventually pushing the new net load peak to hours with little VRE generation, thus decreasing
the capacity credit of the next increments.

Previous studies for utilities and system planners have assumed static VRE CCs [9], but
our results demonstrate that this benefit cannot be assumed to be constant all the time. As found
in [29], it is evident that there is a relationship between CC anetiagion level for all types of
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generation, including nerenewables. In scenarios where baselining is not done, generating units
added to a high LOLP grid will have a higher CC at a given penetration level [8]. For VREs in
particular, the penetration level of the technology will pldgrge role in the magnitude of the
capacity provided by the next increment of the resource [4].

Simple Capacity Credit Estimation Method

The calculation of the ELCC values for each region at each penetration level is a time and
computationally intensive process. In this section, the accuracy of a simple estimation method
that relies solely on VRE generation data and net load data is ekdiageshown in [30] that
capacity factor and capacity value show strong correlation, but only at low wind capacities. Here,
an estimation method that uses the average capacity factor for the hours with the highest net load
is used, under increasing péagions of the resource.

In Figure 3, each panel displays a set of curves that differ in the number of hours of peak
net load considered. When observing the téyar scenario, the average capacity factor would
just be the corresponding capacity factor for the renewable resouheehighest net demand
hour. When observing the top-hBur scenario, the average capacity factor would be the mean
average of capacity factors corresponding to the top 75 demand hours as increments increase. As
the penetration of renewable energy iases, the hours during which the highest net load occurs
changes, eventually shifting to hours during which there is little renewable generation.

Figure 3 compares average capacity factor curves for increasing arrays of top net load
hours for the NE region. As expected, decreasing average capacity factors under higher
penetrations of renewables are observed and a smoothing effect occurs whenunsoaeeho
considered. Note that the hours included in the simple approach are tietlozul hours, which
inherently includes the impact of previously added variable renewables. Under increasing
penetrations of VRES, the highest net load hours often chasdlee VRE generation pushes

some, but not all, hours to lower net loads.
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Figure 3. Average capacity factor for wind and solar power during highest net load under incre
renewable capacity, NE
Similarities in the trends relative to the CC results derived from the ELCC method are seen. To
understand the suitability of a capacity fadbased estimation method, results shown in Figure 3
are compared to the CCs estimated using the full ELCC agprBayure 4 displays the variance
range for multiple cases when using the simple capacity factor method relative to the comparable
results for the ELCC method. A relative error representation of Figure 4 is found in the appendix.
Our results show wind and solar capacity credits can generally be estimated well by using

the capacity factors of the resources in the top 1 to 25 hours of net demand, with mean absolute
error solved for variances below 0.05. This means that when usiegtihmation method for the
top 1 to 25 hours, the resulting estimate will be no greater than £ 0.05. A mean relative error

representation is shown in the appendix.
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Figure 4.Variance of resource clusters capacity factor estimation under a range of peak net
hours, all regions

Results differ by region, but generally the curves with the least error regardless of region or
resource are those where the top 5 to 15 demand hours are used to calculate an average capacity
factor CC estimate as VRE resource is incrementally addedhaegional grid. Across the nine
regions, the estimation method using the top 10 net load hours produced the closest results to the
ELCC method, as determined by the mode of the hours with the lowest error. However, some
regions, like CEN and TX, exhibit@error minima with a greater number of top hours{80

hours).

ResourcéBlending of Wind and Solar

One way to combat decreasing capacity value under increasing penetration of VRES is to
employ resource blending. An example of this is exhibited by Chen et al. [26], through the
diversification of wind farm locations and the interconnection of those sacoress a large
area. The homogenous resource blending of wind resources helps average out wind speed
variance, thus increasing wind peak capacity. This geographic spreading can reduce wind

curtailment and transmission congestion [31]. Heterogenous cesbl@nding can yield benefits
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such as reduced intannual variability in peak net load values [32]. Diversity in VRE can boost
CC values and improve grid reliability [4,33].

To explore the concept of VRE diversity further, some trials of onshore wind and solar
resource blending were performed; related work shows that the two sources complement each
other [1,9,17]. Figure 5 displays capacity credit curves for various blenusrégntage stake.

For every new 1000 MW increment of VRE resource in-@@WWND-PV blend for example,

300 MW would be wind and 700 MW would be solar. Figure 6 displays a comparison-&0a 50
WND-PV blend of representative median cluster wind and sadaurees to the average CC of
those resources for all regions. In every region thBGBDBlend performs better than the
representative median cluster CC average.

In Figure 7, the differences in resource blend mix CCs relative to the-RWDC average of

the representative median clusters are displayed in absolute error plots. To express more detail,

additional example region plots displaying findings in Figur&sate provided in the appendix.
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Figure 5. Capacity credit curves for various WNBV blends by percentage, all regions
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DISCUSSION
Our results show that CC does in fact have decreasing value as the penetration of

renewables increases. VREs are an important component of many least cost decarbonization
plans, but they pose new challenges in maintaining reliable operation of the ged.tk& low
costs of solar and wind power, it is essential to properly attribute capacity value so that power
systems build enoughbut not too mucé clean and firm generation when transitioning to a
decarbonized system. Small underestimates in CC haedplact on system build out, but

large ones can reduce VRE deployment by a significant percentage [28].

When accounting for increasing deployment of singular resource types, the proposed
estimation method using average capacity factors is effective in quickly forecasting CC estimates
when compared to the more computationally intensive ELCC capacity creckisgt
The results from this CC credit study also show that wind and solar resource have impact on
each other when blended/deployed together, in a way that is synergistic; this behavior presents
rationale to account for future VRE deployment by gradual implermentaf several resource
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types collectively, rather than focusing on the implementation of singular resource types. The
proposed average capacity factor estimation method does not account for this resource blending;

an effective estimation method that can account for resourceitdestill needs to be explored.

Study Limitations & Potential for Supplemental Work

One way to mitigate the challenges from the variability of VRESs is by using energy
storage, which is not accounted for in this study. There is a symbiotic effect between the use of
storage and renewables, especially for solar photovoltaics. When uséztotiety provide
more capacity value than the sum of their individual parts [14]. In the past, energy storage has
been utilized for ancillary services, such as spinning reserves and frequency regulation, rather
than peak shaving. However, with shorteradian net load peaks, peak shaving applications are
more viable. The drop in battery prices worldwide over the last three decades has also made the
future of energy storage more favorable [34]. Determining the CC of energy storage can be
difficult however,as it is an energy limited and tirdependent resource. Energy storage that
prevents one LOLE event may have less energy available to mitigate another LOLE event
depending on | oad behavior [35]. Thus, a batt
depends on its prior operation [21]. Energy storage helps with shifting the hours of peak load, or
the deferral of peak capacity. The shorter the discharge duration, the higher the CC of the energy
storage. Batteries are also dependent on the underlgahgix [14]. The economics of
cooperative VRE and energy storage use have been investigated [36], along with strategic
control of energy storage [37].

The impacts of extreme weath@lated risk events and correlated generation plant
failures are also not accounted for in this study. In the Monte Carlo simulations used, the
probability of one particular pltadmst éGasv aa v aiblidhb
more realistic correlated failure simulations should be done. Some application of temperature
dependent forced outage rates (TDFOR), as seen in Murphy et al. [7], would be valuable to
forming more realistic capacity credit curves thia@ found curves that assume all generation
plants to act independently of one another when forming cumulative grid generation.

VRE implementation must also employ resilience strategies, so the grid is as operational

as possible when natural disasters occur [38]. One way of improving resilience is by accounting
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for decentralized single unit generation from residential areas back into the grid for resources
such as solar photovoltaics [39].

The found results from this CC study contribute to the understanding of resilience
planning. In the future, a metric to determine best fit of average capacity factors to the reference
capacity credits should be used, as it is possible that the bestdiitives can still be poorly
fitted to the reference. Also, performing these studies over a longer time period than a year
would be beneficial. The CC calculated in a good wind year could be double the value in a bad
wind year; thus, use of more data isdeable. However, wind data for power generation is often
limited [30].

CONCLUSION
In a time of decarbonization, determining the CC of VREs is vital to fully understanding

how they impact the electric grid. Renewables will continue to be the fastest growing source of
electricity generation through 2050 due to continuing declines indapital costs. VREs are

also supported by federal tax credits and higher-itatd VRE targets across the globe.
Furthermore, CC work is being done on renewable distributed generation (RDG) which has a
low environmental burden. Significant reductiorcarbon emissions occurs when RDG is paired
with demand response (DR) in smart grids [33,40].

ELCC has and will continue to impact policy. ELCC has also been incorporated in utility
commissions and government research [11,35]. In the United States, the Astrapé Strategic
Energy & Risk Valuation Model (SERVM) has been used to perform ELCC analysislifiees
across the country [41]. ELCC analyses are now commonplace with respect to VRE and energy
storage pairings [4,41,42].

Proper treatment of capacity credit is essential, and it is demonstrated in this study that
VRE CC varies greatly by penetration and region. Utility operators anetéomgcapacity
expansion models need to take this into account. Simple methods, ljkeseated

approximation method, could be readily used to improve long term capacity planning.
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CHAPTER 371 The impact of renewable energy and battery storage capacity crédn

long-term capacity expansion

ABSTRACT
The widescale deployment of variable renewable energy offers a pathway to decarbonize

the electric grid. One challenge to reliably operate the grid is ensuring that sufficient generation
is available to meet demand at all hours. The capacity benefitiablearenewables namely

wind and solar power can be characterized using a capacity credit metric. In this study, we
explore the impact of variable renewable energy and energy storage capacity credittermiong
resource deployment and overall enesggtem costs. This study works to improve decision
making and coseffective resource planning for deep decarbonization. We use the Temoa
capacity expansion model to test a range of capacity credit values for onshore wind, solar power,
and battery storagénding that these parameter values can lead to substantial differences in
resource deployment, with generation penetration level differences as |2@é &s onshore

wind, 15% for solar and% for battery storage through 2080 a national scale in npnction

with more distinct differences on regional scaléged capacity credit values that are higher

than the capacity credits dynamically estimated to maintain grid reliability result in a less reliable
grid due to overestimated capacity contributions. A systése constraint to achieve ne¢ro

0 U emissions results in a narrower range of generation outcomes regardless of the applied
capacity credit value. Additionally, we demonstrate that the energy system costs are sensitive to
the capacity credit assumptions, resulting in differences of bilbbdsllars across the study

time horizon.

INTRODUCTION
As the world takes major steps to combat climate change and its impacts, power sector

decarbonization has proven to be a-@f&tctive and scalable approach to greenhouse gas
mitigation [1]. Over the last several decades, harnessing variable renewabige padicularly
wind and solar, has proven to be an effective pathway to help meeatan energy goals [2].
The increasing cost competitiveness of variable renewable energy (VRE) and its increased
deployment [3] requires careful assessment of tHayabi VRES to improve resource adequacy

and offset load at peak hours in power systems [4, 5].
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Though solar and wind power have become mature and widely adopted technologies,
their benefit to the grid can be difficult to determine due to their variable nature stemming from
weather and ambient temperature changes [6, 7]. Design choices can impaghthef
generation and the correspondence of that generation to peak demand. For examyilé, fixed
angles and tracking systems can impact the magnitude and timing of solar output [8], as well as
the choice of specific solar technology [9, 10]. Windeyation is impacted by turbine design,
location, and presence of obstacles [11]. Fluctuating VRE generation can pose challenges to
reliable operations and influence electricity markets [12, 13]. As more renewables are deployed,
the requirements for flexi® generating units and careful planning increase [2, 3]. A framework
is needed to characterize the reliability contribution from VRE generation that reflects the
inherent differences from traditional dispatchable generation.

Capacity credit (CC) is a reliability metric used to represent the benefit that a generation
resource can provide to the grid to help meet peak demand relative to its rated capacity. With
respect to VRE, CC can be defined as the quantity of conventicoairces that could be
6replacedbé by renewable production, without
calculation and allocation of capacity credit is not universally agreed upon, though there is a
growing recognition that accurate represgion is essential for future grid planning and
investment [14]. The approach used in this study is the effective load carrying capability
(ELCC). Commonly used by utility operators and regulators, ELCC measures the equivalent
capacity provided by a resme that would maintain identical levels of grid reliability [4, 15, 16].
While other capacity value methods exist such as equivalent firm capacity (EFC) and expected
energy not served (EENS), ELCC is the most widely deployed [1].

Accurate CC estimation is essential because if solar and wind are given too little capacity
credit, their investment is disincentivized. Conversely, if solar and wind capacity credit is too
high, the risk for generation outages and loss of load incrgasasrally, the more available a
generator is during times of greatest power system need, the higher the CC [17]. CC values are
vital to make more informed decisions for resource planning [5] and establish effective price
mechanisms in electricity markets3]. Most importantly, proper evaluation of VRE
contribution to generation capacity avoids excessive investment [19] and helps ensure more
resilient energy infrastructure [20, 21]. CC values reflect the configuration of a grid system and

as grid infrastruiwire changes, the benefit of VRE resources is affected. Battery storage
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utilization provides positive impacts on VRE CC as it can reduce peak demand at times in which
little VRE generation is available [22], better aligning net load peaks with VRE generation.

In this study, we investigate the impact of using various static (i.e., fixed) and dynamic capacity
credit values for solar photovoltaics, wind power, and batteries ordongregional grid
infrastructure decisions. To do this, we combine a probabitediebility model with high

temporal resolution and a full energy system capacity expansion model for the United States.
This approach offers new insights into the implications of methodological approaches for

capacity credit in mukidecadal energy systemodeling studies.

METHODS

Capacity expansion model

Capacity expansion models project eoptimal power system investments over multi
decadal time horizons and have many input variables that influence model results. Given the
inherent uncertainty with lonterm system planning and the challenge for modetecapture
real world complexity and unpredictability [23], investigating alternative grid deployment
futures can inform future reliability needs [24]. To examine grid planning uncertainty, we utilize
Tools for Energy Modeling Optimization Analysis (Tea)aon high a performance computing
environment [25] to analyze multiple scenarios with varying CC assumptions and emission limit
constraints. At its core, this energy system optimization model minimizes the sy&teroost
of energy supply by optimizindné deployment and use of energy technologies over a specified
time horizon [26]. The objective function used in this study is to minimize the sum of present
values for fixed, variable, and investment costs to meet specifiedsendemands (see Equation
1) for the full national energy system through the 2QR60 time horizor26].

0D QD& Qi 06Gd S0 QNI @O Qd®d GDE 0 Qi WE®RE (1)

In this study, we test the impact of onshore wind, solar photovoltaic (PV), and battery
storage capacity credit values on lelegn investment decisions. In Temoa, costs are directly
impacted by a reserve margin constraint that accounts for the equivatecapacity available
to meet peak |l oad using the sum product of ea

capacity, as shown in Equation 2. A planning reserve margin of 20% is employed.
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The summation in Equation 2 is for all electric generating technologies for every
combination of r (region), p (period), s (season), d (time of day), and t (technology), where
CAPAVL is available installed capacity, GEN is output flow generation, PRMeigldmning
reserve margin, SEG is the fraction of a year associated with each season and time of day
combination, and C2A is a conversion factor from capacity to activity units (GW to PJ/yr).

All scenarios are run myopically whereby the model makes decisions one period at a
time, without knowledge of future time periods. The set of solve years includes 2020, 2025,
2030, 2035, 2040, 2045, and 2050. The myopic approach is more representatakevofid
decisionmaking that is subject to limited knowledge of the future [27], allowing for advances in
technology or changes in policy within every&ar time step while keeping in place decisions
made in previous time periods.

Finer spatial resolutions within the model allow for more detailed results but increase
model complexity and computation time. Coarser resolutions are more computationally tractable,
but can miss important underlying trends. In this study, nine regiomsaateled, consistent with
other studies from the Open Energy Outlook (OEO) initiative [28]. This resolution allows for full
energysystem representation to be modeled with computational time appropriate to assess
numerous scenarios. The regions examineldide California, Central, Midtlantic, North
Central, Northeast, Northwest, Southeast, Southwest, and Texas, and as shown B1Figure

Some studies assert that when comparing the impact of temporal and spatial resolution
for energy system optimization models, temporal resolution should be prioritized compared to
spatial resolution due to the slightly greater influence of temporal resoloni results [29, 30].
Utilizing a temporal resolution of 8760 hours per year would be most favorable to provide
detailed results, but using such a resolution for the full contiguous United States grid in a
detailed energy system optimization model pressignificant computational challenges. To
balance this tradeoff, a finer temporal resolution (i.e., 8760 hours per year) is used to estimate the
dynamic capacity credit values that are, in turn, used in the capacity expansion model. The

energy system ajmization model relies on a coarser 8 representative day characterization (8D)
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with 192 hours covering 4 days of celeeather and 4 days of wanweather per year to

represent a variety of grid conditions, allowing investigation of numerous scenarios.

Modeled scenarios

We consider both Base Case and-Keto emissions scenarios. In the Base Case, only
regional emissions limits reflecting current policies (as of January 2025) are included. Least cost
optimization may result in overall increases or decreases in emidsiohs.NetZero scenario,
the full energy system for the contiguous United States achievesnmet 0 emissions in 2050,

with a linearly decreasing emissions cap beginning in 2025. Bdblists these limits in detail.

Static capacity credit values

First, we consider a selection of fixed capacity credit values for solar and onshore wind,
held constant across all years and VRE penetrations. To create a reference for comparison of
model results impacted by CC assumptions, we run a baseline scenagaheh€C values for
solar and onshore wind resources are set to zero, representing capacity expansion where onshore
wind and solar are assumed to provide no benefit to the grid during peak demand. We consider
the capacity credit value sets of solar C@~J.05, 0.1 0.2, 0.3, 0.5] for solar and onshore wind
CC =10, 0.05, 0.1 0.2, 0.3, 0.5] for onshore wind, based on values within ranges used in prior
studies, such as the California Independent System Operator (CAISO) [32], the Midcontinent
Independent Sstem Operator (MISO) [31], the Southwest Power Pool (SPP) [33] and the
National Renewable Energy Laboratory (NREL) [34]. Offshore wind is given a static capacity
credit of 0.27 consistent with the median offshore wind value in 2028 by Pham et al. from NREL
[36]. All dispatchable resources in the system are given a default capacity credit of 0.9, including
hydroelectric power and pumped storage hydro [35]. Battery storage is assigned a default
capacity credit of 0.9 in the static CC scenarios, consistentiathigher values found in
Sioshansi et al. [66].

Dynamic capacity credit values

Under the dynamic capacity credit scenarios, instead of assuming the same capacity

credit for onshore wind, solar, and batteries through each time period up to 2050, the model
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updates their CC values in a dynamic process using the ELCC, Loss of Load Expectation
(LOLE), and Loss of Load Probability (LOLP) reliability indices consistent with previous work
[14]. This yields CC values for onshore wind, solar, and battery storaga ¢ha function of

their grid penetration levels, as well as the interactive effects between storage and VREs. The
dynamic CC values are based on the penetration level for the given resource from the previous
time period, which more accurately reflectsiticapacity contribution at a given point in time.

To determine the ELCC, the LOLP approach was used in a Monte Carlo simulation to
produce a distribution of available capacity. The cumulative available generation {€3udt®
compared to the net load values for every hour of the year, represeite@eafined by
Equation 3). If there is an instance wh#&sds less thar , the binary variabl®is set to 1 to
represent a loss of load event. Otherwi3as equal to 0.

oW OMERI p
I OEACX EDA @)
LOLE is defined as the sum of outage hours over the course of a time pévieeh demand
exceeds generation divided by the total number of hours in that selected time period shown in
Equations 4a and 4b. The time period of the 8,760 hours is used.

B Q.
000 t)——:§7—-h €1 (4a)
DODO RO D (4b)

LOLE is calculated for every iteratiofdf the available generation values, each representing a
Monte Carlo sample, across all modeled hours of demand. The LOLP evaluates the probability
of a power system failing to meet load due to lack of available generation capacity in a given
time period LOLP is recalculated to reflect current system reliability as new resources are
added. This process is repeated avéonte Carlo simulation trials (as shown in Equation 5),

using 10,000 runs in accordance with prior studies [14].

0606§ 0 0O (5)
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Equation 5 is the basis for the calculation of marginal capacity credits. To calculate marginal
capacity credits, 1000 MW capacity additions of VRE resource are added to each region
reflecting their hourly generation, potentially increasing system retiabilo then bring the
system reliability back to a standard reliability, 10 MW of demand are added in all hours to each
regional demand profile and LOLP is recalculated iteratively with each addition. The assumed
standard LOLP in this study is 24 hoursoatage every 10 years (approximately 2.73907%.
This benchmark reliability commonly held in the United States is used to establish a reserve
generation margin that seeks to balance the competing goals of reliability and avoiding the
construction of costly excess generation capacity [37, 38]. Wheasystbem is brought back to
the desired LOLP, the cumulative sum of demand additions is divided by the 1000 MW capacity
addition to yield the VRE resource marginal capacity credit.

To account for weather variability that drives VRE generation variability, we take a mean
average of subbegional cluster capacity factor data from each region (as seen in Table 1) to
create VRE negative load representatives for each region in the VRéEtgauhlitions to

represent the firm VRE capacity provided in the iterative LOLP calculations.

Table 1. Count of regional resource clusters accounted for in ELCC process

Region Onshore Wind Solar Cluster
Cluster Count Count

California 5 5
Central 35 35
Mid-Atlantic 35 35
North Central 35 35
Northeast 35 35
Northwest 25 25
Southeast 40 40
Southwest 25 25
Texas 5 5

The approach to estimate and use the dynamic capacity credits is detailed in Figure 1,
which relies on hourly data for wind, solar, storage, and load. These credits reflect the capacity
contribution of each resource as a function of its regional penettatiel and are updated
iteratively for each region and model time period. Because electricity demand is endogenized in
the model, we do not know a priori what the penetration of solar and onshore wind will be in the

first time period. To address this cleage, we use a retrospective model year (starting in 2020)

27



using 0% penetration levels for all generation resources. Based on the resulting 2020 solution,
regional penetration levels are calculated and used to determine updated capacity credits for
2025. These dynamic credits are included in the input databasse@hdbr the next capacity
expansion step. This iterative process continues, with each model year using penetration levels
from the previous period to update capacity credits, until the final time step is reached. Because
future penetration levels are urdwn in advance, the method relies on this sequential,

retrospective approach to ensure that capacity credits reflect the evolving grid mix.

! — { Dynamic Capacity Credit Determination

| » Select the CC values from the reference table created using the CC Calculation Process.
Northeast ACC values are then calculated for the next time period solve from the penetration levels
— /,”\ of the most recent time step results

i  Mid-
d Atlantié

3 Y Y Capacity Credit Calculation Process
entral 2 _——3

Monte-Carlo LOLE LoLP
Simulation X Count of demand 3 Mean average of LOLE
creates values > generation values over a set
generation values for each generation value amount of runs

Initial solar, wind,
and battery
capacity credits

Desired LOLP: 2.7397 « 10+

(24 hours of outage every 10 years)
ELCC . .
Calculated VRE Portion of new energy source Capacity Credit
ELCC value (MW) / initial full quantity of
> —
level assumption ACCs for next load introduced that reduces

— 4
time period demand while achieving desired new energy source introduced to the grid
LoLp
Model
Start

Capacity Expansion Model
Solve for the most recent time
period that has not been solved yet —4 Most recent regional VRE penetration levels
within the set [2020, 2025, 2030,
2035, 2040, 2045, 2050]
I Key Outputs (by region and time period)
grid generation (TWh), grid capacity (GW),
Model Finish full energy system cost ($ billions)

0% penetration

Figure 1. Dynamic capacity credit approach for capacity expansion modeling. Stated metrics
are as follows: Capacity Credit (CC), Loss of Load Expectation (LOLE), Loss of Load
Probability (LOLP), Effective Load Carrying Capability (ELCC), Variable Renewable Energy

(VRE).

The capacity contribution from energy storage depends on system characteristics, storage
penetration, and specific storage attributes [24]. Building on the-pMBEStorage capacity
credit methodology developed by Sodano et al [39], we assess how VRibrage pairings
influence capacity expansion decisions. We estimate the capacity credit of battery storage at
various levels (rated storage capacity equal to 5%, 10%, 15%, and 20% of regional peak load
from 2020) with a 4hour discharge duration under ieasing levels of VRE deployment to
develop a tweparameter lookup table of capacity credits. The lookup tables are indexed by the
respective VRE penetration level (solar or onshore wind) and battery capacity (as a percentage of

2020 regional peak loadyhese lookup table values as seeappendix FigureB2-B3 are
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marginal CC values for expected benefit of a new capacity addition dependent on the current
penetration level.

Step functions are fitted to the CC curves to provide penetration level ranges for CC
selection. Because the CC calculation process uses an iterative numerical method to determine if
the desired LOLP is achieved with 10 MW step stfe¢RE capacityfor every 1000 MW
incrementof regional grid loadthe lowest capacity credit value is 1% [14]. Oscillations in the
CC curves, which can occur due to the rounding of results, are eliminated through a constraint
which ensures monotonically decreasing steps. Whdenumerical penetration level boundaries
themselves are not restricted in significant digits to improve binning accuracy, the resulting CC
values for those penetration level bins are rounded to the nearest whole percentage point to
streamline selectioby the Temoa modeln the Temoa modeling process, resource specific CC
is constant for all existing and newly built resource in a myopic period solve. This modeling
reality establishes the need to calculate and apply an average capacity credit (A€C) in th
dynamic process as shown by Equation 6:

0006) T YN n (6)
where is themarginal capacity credior bin "Gnd¥n is theportionof bin"Qying in i .
ACC isevaluatedor onshore wind, solar, and battery at teferenceéattery storage levels (0%,
5%, 10%, 15%, 20% capacity of regional peak load) and then linearly interpolated between these
bracketing battery levels ageded

Battery operations are determined using the System Advisor Model (SAM) from the
National Renewable Energy Laboratory (NREL). SAM is an egmmrce tool which has the
ability to simulate dispatch decisions with various battery power targets for speclicatpps
[40] and additionally has dispatch capability that can simulate hourly-yaatiresource
behavior [41]. We use 876@fY regional net load profiles that account for solar and onshore wind
deployment, deploying the peak shaving dispatch algofdi@jfor standalone batteries to
model dispatch behaviors. The impact of varying battery storage capacity investments is
observed in the load curves in the appendix FgBreB12. Once simulated in SAM, the 8760
hr regional energy storage charging and discharging profiles are included in net load CC

calculation for new solar and wind.
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Other studies have used related methods to estimate capacity credit. The NREL Regional
Energy Deployment System (ReEDS) model applies a duretiorebased ELCC
approximation, calculating seasonal capacity credits evdry@ars from 2020 to 2050 across
134 balancing areas [71]. It uses seven years of data to identify the top 10 net load hours per
season and estimates the reduction in unserved load from adding 1,000 MW of VRE, normalized
to yield marginal and average credits. These top demand hours m&eenre margin constraints
similar to those in Equation z.ouWhi Imetdonrdp wtaan
oversimplify reliability dynamics in some cases. Our 8;6Qr ELCC approach captures full
temporal variability and resource correlaso yielding more accurate capacity credit estimates.
Unlike ReEDS, which investigates the power sector, Temoa covers the full energy system,

revealing the effects of muliectoral electrification, sector coupling, and full system costs.

RESULTS & DISCUSSION

Capacity credit of solar, onshore wind, and battery storage

The capacity value of solar and wind power declines as their penetration increases, as
shown for the Texas region in Figure 2. These CC values represent the portion of a resource that
can reliably contribute during periods of peak demand. For instancg 0 @2 for solar means
that 1,000 MW of new solar adds 200 MW of dependable capacity. In Figure 2a, new solar
additions in a region with a low penetration of that resource provide high capacity value,
approaching 0.9. However, as solar penetration tis&8 20% of generation mix, its CC drops
sharply and stabilizes below 0.05. We also observe that increasing penetrations of energy storage
serve to increase the capacity value of solar, albeit with diminishing returns, as demonstrated by
the rightward slit in solar CC values under increasing storage penetrations. This trend is
consistent with the findings of Sodano et al [39]. In contrast, the decline in wind CC with
increasing penetration is more modest, the overall range is narrower, and the etteepefen
winddés capacity value is I imited, as shown in
pattern, increased penetration of this resource pushes the net load peak into evening and pre
dawn hours, quickly reducing its capacity valuan effect ot observed with windWhile the
resulting solar and onshore wind CC values appear to be reasonablesdleelymited
characterization of resource generation diveisityletailed in the Method$he foundational

CC lookup tables represented by Figur@sH3 are created using only a singudaerage
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capacity factor profile for each region that spanky 8760 hours or a single ye&ccounting
for more weather data that dictates VRE generation could yield more refined understanding of

solar and onshore wind CC behavior.

Battery storage also exhibits declining marginal capacity value with increasing
deployment. Figure 3 shows that as regional battery capaekgressed as a share of 2020 peak
loadi increases, its capacity credit decreases. When storage equals 5%loade@lC values
range from 0.8to 0.92 across regions. As storage capacity reaches 20% of peak load, CC can
drop below 0.5 in some regions. While Figure 3 illustrates declining battery capacity credit under
static VRE penetration, the interactive effdm$ween VRES, storage, and capacity credits are
shown in Appendix FigureB2i B3. These multattribute results are used to determine the
values for CC selected for solar, wind, and battery storage in the dynamic scenarios. The model
selected dynamic CC values for onshore wind, solar, and battery storage, as determined by the
penetréions of each of these resources, are shown in Appé&ngiixesB13i B14.

We do model battery behavior as a function of bulk power system storage locationally
near utility scale generation plants and transmission substations as opposed to distributed battery
storage that woulbe localized to individual residential or commercial buildingile
distributed storage can have positive impacts improving grid operatichsaseducing local
grid congestion and the need for more transformer upgrades on a neighborhood or town level,
bulk storage is more suited to address magsiemwide needs pertaining to reserve margin and
frequency response maintenari€er our scope of study, a bulk storage representation of battery
behavior more transparently captures impacts onengnationalgrid planning with less
variables to predict with decentralized battery starage benefits of distributed storage are
more materially observed from the perspective of individual consumers, while the benefits of
bulk storage are more materially observed from the perspective of large grid opertors an

balancing authorities
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Figure 2. (a) Solar capacity credit relative to solar energy penetration for Texas (b) Onshore
wind capacity credit relative to onshore wind energy penetration for Texas
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Figure 3. Regional capacity credit for-Aour battery storage relative to battery penetration
(share of peak load). These results are reflective of existing solar and onshore wind, with
additional results in the appendix.

Power generation under static and dynamic capacity credits for solar photovoltaics, wind power,
and batteries

Our capacity expansion results highlight how varying capacity credit (CC) assumptions
for solar, onshore wind, and battery storage notably influenceténginvestment decisions
through 2050. Comparing different combinations of solar and wind CC vawuesls a broad
range of possible deployment pathways, underscoring the importance of accurate capacity
valuation in system planning.

Figure 4 illustrates the share of power generation by selected technélsgies,
onshore wind, battery storage, and naturaligasross the contiguous United States for both the
Base Case (no national emissions constraint) and thédyetCase (whica c hi eves CO
neutrality by 2050). Across these scenarios, solar, wind, storage, and natural gas show the
greatest sensitivity to CC assumptions. When solar is assigned a higrmsraatatic CC with
zero onshore wind CC (yellow lines, illustrating mpiké scenarios), we generally observe higher
solar deployment when observing numerical results. Similarly, when onshore wind is assigned a
higher norzero static CC with zero solar CC (blue lines), we generally observe higher wind
deployment with some sligloverlap in some yearblationwide, generation shares in the
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dynamic CC scenario (black line) are most similar to thezesa static CC with zero onshore
wind CC scenarios for solar, onshore wind, and battery resolmdég. Base Cassith dynamic
CCs solar generation reachagpeak of approximatel§8% of total generatiowhile onshore

wind generation reaches a peak of approximately 22% of total generation in 2050. In-the Net
Zero Case with dynamic CCs, solar generation reaches a peak of approximately 45% of total
generation while onshore wind generation reaehgsak of approximately 25% of total
generation in 2050rhe NetZero Case shows a narrower range of outcomes, suggesting that the
emissions constraint reduces the influence of CC assumptions on technology deployment,
providing more consistency in system buildout across scenarios. Additionally, the presence of
the progressively declining national emissions constraint in th&Z&let Case forces investment

in solar and onshore wind, even if lower capacity credits entail higher Eostsoth the Base

Case and NeZero Case, the dynamic CC facilitates more rekamasolar and battery storage

with less reliance on onshore wind and natural gas in comparison to the set of static CC

scenarios.
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Figure 4. Base Case (top row) and Ngero Case (bottom row) share of generation for key
resources (from left to right: solar, wind, battery storage, natural gas) in the contiguous United
States

The influence of CC assumptiooan reveal more distinct resuétsaregionalscale
While aggregation smooths out variability at the national scale, regional results reveal sharper
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contrasts in generation mix and investment behavior. Among the modeled regions, Texas serves
as an especially informative case study due to its abundant and diverse renewable resources,
existing wind infrastructure, and strong solar potential.

In Texas, we observe significantly greater variation in generation shares across CC
scenarios than at the national level. Depending on CC assumptions alone, solar generation ranges
from as low as 5% to as high3@% by 2050, while wind varies betwee®2 and 68%. This
sensitivity reflects how closely CC values shape investment decisions. When solar is assumed to
have a higher CC than wind (shown as yellow lines), solar deployment surges, accompanied by
reduced investment in gas and other technologiesvetsely, when wind has the higher CC
(shown in blue), it dominates the generation mix.

Broaderregionaltrends mirrormanyobserved nationdtends Across all scenarios, there
is a clear upward trajectory in renewable deployment through 28s@amic CCs from 2020
2035 drive the most, larggeale investment in solar and battery stor@esr time, generation
share growth for solar and battery storage slows as their capacity credits deBettesyg.
storage plays a reinforcing role,boththe Base Case andet-Zero Case, where its expansion
correlates with higher solar deploymeNaturalgas generation share drops more quickly in the

Net-Zero Case than in the Base Caa®emission constraints are present
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Figure 5. Base Case (top row) and Naero Case (bottom row) share of generation for key
resources (from left to right: solar, wind, battery storage, natural gas) in the Texas region
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The generation share curves for solar and storage track closely inlstoagg 2050
These trends suggest synergistic effects between solar and battery storage, where storage
mitigates solar intermittency and enhances its effective capacity. Similar patterns are observed in
other regions though the magnitude of the effect varies. Waitery storage may support wind
power integration, wind generation appears less sensitive to storage depldymeatfeedback
effects illustrate the interdependence ledwtechnology deployment and capacity valuation.

Full regional results for all generation technologies are provided in Appendix FBLBEB54.

Regional variation also arises from differences in renewable resource quality and baseline
infrastructure. In regions with lowuality wind or solar resources, natural gas remains more
prominent (especially in the Base Case) due to the diminished mMargina of VRE and lack
of a binding emissions constraint. In the eto Case, these regions eventually transition
toward cleaner resources, but the pathway depends on the local mix of costs, retirements, and
CC-driven tradeoffs. This reinforces the imfance of regiorspecific modeling in power system
planning.We do conclude thatgardless of theapacity credit allocation for onshore wind,
solar, and battery storage, the material impactaodel outcomeare less significant in the
presence of national reero emission constraingsd thus VRE capacity crediecomes a more
subduedriver of system behavioFull results, including generation shares by technology and
region across all scenarios, are available in the Appendix.

Because energy storage is a unique resource type that can be utilized to shift the timing of
energy usage, the contributions of generation plants to meeting load can be altered significantly
and create new generation patterns as the energy storage pEngtcatases. While battery
storage has been seen to have impacts most linkedenmiivablegeneration, its increasing
presence can shiftie time frameslispatchable generators decide to sell enerdpydding
marketsto yield the besprofits from a bncing authority or utility perspectivBuch shifts
could lead taalterations in rate structure foonsumes and reserve margin planning for grid
operatorsWhile the current model scope allows for onshore wind, solar, and battery storage CCs
to go up or down de pmatidgpeneyatiennevektlzatchn chaege mur c e 6 s
each time step due to retirements or resource investments of all resource types, the model scope
we use does ndiolistically account foradditional relevant system dynamics.
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There is also a possibility that changes in generation resource mix and magnitude could
lead to changes in customer behati@at are not captured within the scope of our st&dy.
examplethe rise of solaand windgeneration could lead to time of use rates being implemented
in various regions/subregions to minimize potential curtailment while also maximizing carbon

reduction benefits.

Electric sector costs

Assigning different capacity values to generation resources influences not only
technology deployment but also the overall reliability and cost of the electric system. To evaluate
these effects, we use equivalent firm capacity (EFC) as a proxy for sydiainility. EFC is
calcul ated by multiplying each resourceds cap
value determined for each scenario. This EFC metric is calculated and used in the model
planning reserve margin constraint as discuss#tkiMethods This provides a more accurate
estimate of each technologyés contribution to
dispatchable resources are held constant across scenarios, while the dynamic CCs for wind, solar,
and battery storage (shown in AppendiguesB13i B14) reflect how their contribution evolves
with changing grid conditions and resource mixes.

Figure 6 explores the relationship between systede EFC and total electric sector
costs (in net present cost with a 2% discount rate) across all scenarios and years. A clear trend
emerges: within each time period, scenarios with higher EFC valuetbadriore expensive.
This positive relationship suggests that building a more reliablé gne with sufficient
available capacity to meet demantypically incur greater cost. Conversely, less costly
scenarios can achieve savings by underbuilding dsqeand assigning overly optimistic CCs to

resources, which reduces apparent capacity needs but increases reliability risks.

37



1100 + <>

o

21050 1 A‘é A f
Vi

& 1000 A AA Eg

950

900

Equivalent Firm Capacity (GW)
>
>
s» B
2 -
1o
L]
4
Equivalent Firm Capacity (GW)

2200 4

2000

. 1800 1

1200

1000

1600

1400

<>>OO0

Scenario Symbols
Solar CC = 0, Onshore Wind CC = 0
Solar CC = 0.5, Onshore Wind CC = 0.5
Static Onshore Wind, Solar, Battery CC
Dynamic Onshore Wind, Solar, Battery CC

?
¢

og 7

Years
2020
2025
. 2030
2035
2040
N 2045
2050

léO 260 2%0 21‘!0 ZéO
Net Present Cost ($ billions), 2020

250

T T T T
300 350 400 450

Net Present Cost ($ billions), 2020

T
500

T T
550 600

Figure 6. On the left: Base Case electric sector reliability as a function of national cost

in $ billions. On the right: NeZero Case electric sector reliability as a function of national cost

in $ billions.

In the Base Case, electric sector system costs rise from 2025 to 2030 due to increased

deployment and investment in renewables, but then decline in subsequent periods due to falling

technology costs and the effects of discounting. In contrast, thEdeCase shows a steady

increase in both system cost and EFC from 2030 to 2050. This is primarily driven by the growing

cost of infrastructure
electric sector costs in the N&ero Case i@ approximately three times higher than in the Base
Case, while EF@oubles This highlights the critical role that expanding electrification will play

in a future with decarbonization, as shown by the higher EFC for thédfetCase (Figure 7b)

relative to the Base Case (Figure 7a).

required

t o

me et

The dynamic CC scenarios sometimesd in higher costs than their static CC

ncr e

counterpartsn some years and lower costs than their static CC counterparts in other years. One

reason this occurs is in part to differencethmtreatment of battery storage: while static

scenarios assume a fixed CC of 0.9 for storage, dynamic scenarios assign lower CCs over time as

battery saturation increases and marginal reliability contributions decline. As a result, more

storage (or otherapacity) must be built to meajuavalent reliability standards, driving up

system costdWVhile it yieldshigher system costthe dynamic CC applicatiaeflecs a more

realistic accounting of declining returns for aiinm resources in higinenewables systems.

The dispersion of scenario outcomes increases substantially from 2030 onward. In both
the Base Case and N&ero Case, the solar CC = 0.5 and wind CC = 0.5 scenario almost always
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produces the lowest EFC, due to substantial overestimation of the capacity contribution of these
resources. These scenarios tend to be among the least costly, but only because they underbuild
capacity and risk reliability shortfalls. On the other handréference scenario with solar CC =

0 and wind CC = 0 producesie of the highed€FCsin most yearsreflecting conservative
assumptions that lead to overbuilding capacity but potentially yield a more robust and reliable
grid. Performing even better in rabyears are the dynamic CC EFCs, demonstrating that the
dynamic CC process has effectiveness in maximizing grid reliability in a comparable price range
relative to the static CC scenarios.

These results reveal an important policy and planning insight: decisions about capacity
credit assignment directly affect both costs and reliability. Higher ERQdicative of greater
reliability i require more investment, particularly as decarbonizgaats drive fossil
generation off the grid. But without careful accounting of how different technologies contribute
to capacity, planners risk under overbuilding, either compromising reliability or driving up
unnecessary costs. The increasing spieadenario outcomes over time further underscores the
compounding effects of early assumptions on {tergh system evolution and cost trajectories.

While Figure 6 provides insight into total system costs and reliability, Figure 7 assesses
the cost per unit of electricity generation ($/MWh) against the equivalent firm capacity. Because
the model endogenously determines electricity demand, total generaties across scenarios,
making this normalization useful for understanding system efficiency and reliability tradeoffs.
Within each time period, across both the Base andZBid Cases, a positive relationship
between cost per MWh and EFC is appanezgffirming that more reliable systems are generally
more expensive on a panit basisThe dynamic CC results in Figure 7 consistently perform
well compared to the linear trend that is displayed in many of the static CC scenario result
clusters As time increases, the spread between scenarios increases due to larger varying levels of
VRE deployment that then impact their respective EE&e. in Figure 6, lhe consistent drop in
cost per unit generatian Figure 7for most periods as time moves forwaehde partially
attributed to the 2% discount rate. The noticeable cost per unit generation increase from 2025 to
2030 for the Base Case and 22330 for the NeZero Case is consistent with VRE investment

facilitated by policy such as the Inflation Retlan Act (IRA).
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The NetZero Case exhibits more tightly clustered results through 2040, but shows
increasing spread in 2045 and 2050 as decarbonization constraints intensify. Notably, in dynamic
CC scenarios, the decline in storage capacity credit forces the modebtaditional capacity
(often in the form of solar PV) to backfill lost firm capacity. This occurs even though solar
receives a low CC (e.dhelow0.2 by 2050 in most regions), making itessefficient but
emissionscompliant option (see Figuil4). These resultseinforce the findinghat the
treatment of battery storage CC is a critical driver of {targn system cost and design: static CC
battery storagassumptions obscure the diminishing marginal value of storage as deployment
increases, while dynamic CCs expose the added abltdtery storagaeeded to maintain

reliability under deep decarbonization.

CONCLUSIONS
This study demonstrates that assumptions about the capacity contributions of variable

renewables, particularly onshore wind and solar power, as well as battery storage, have
substantial effects on grid design, operations, and cost. Static capacity ahaekt though still

used in some resource planning, fail to reflect the evolving nature of grid interactions and VRE
saturation. Our use of dynamic CCs, which adjust based on system characteristics, enables a
more realistic assessment of resource adecarayighlights the limitations of simplified

planning assumptions.
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The influence of CC assumptions is most evident in regional resource mixes. Differences
in assigned CC values significantly affect the deployment and dispatch of all resources,
especially onshore wind, solar, battery storage, and natural gas. In cag@batyd nuclear
exhibit less sensitivity to CC assumptions, with their shares of generation and capacity remaining
relatively consistent across scenarios. Under2éed constraints, the influence of CC
assumptions is somewhat muted; wind and solar neultilht regardless of their capacity value
to meet ambitious emissions goals. However, in the Base Case and in unconstrained regional
systems like Texas, CC assumptions lead to much greater variability in capacity and generation
outcomes.

Battery storage emerges as a particularly complex and influential resieyeeding on
how it is accreditedDynamic CCs, reveal how diminishing returns to storage capacity impact
system design, reliability, and cost when compared to high value static battery storage CC (such
as 0.9 CC for storage treated as firm capacity).

Despite the increased complexity and investment required for decarbonization, the net
cost of a more reliable, clean grid is relatively modest. Across the dynamic CC scenarios, the
cost of achieving higher firm capacity through VRE and storage expansiemaatiestly to
overall costs. Scenarios that overestimate the CCs of solar and wind (e.g., the 0.5 CC for solar
and wind case) appear less expensive, but they sacrifice system reliability, as evidenced by
consistently lower equivalent firm capacihile the Base Case dynamic CC scenario allows
for more carbon intensive generation to occur, significant levelse@drbonization result as
solar, battery storage, and onshore wind deployment occur even without the structural support of
emission constraints as seen in the-Rieto Case.

Looking forward, the treatment of CC will remain central to understanding future power
system design, especially as more regions pursue deep decarbonization. Future work could
explore the compounding role of interregional transmission, which may mitgate & the
reliability and curtailment challenges observed here by enabling resource sharing across space
and time. As policymakers and planners navigate the path-ieretincorporating realistic,
systemdependent estimates of resource adequacy wifibeal to ensuring reliable and cest

effective grid transformation.
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CHAPTER 4171 The impact of inter-regional transmissionon United Stateselectricity

consumption

ABSTRACT
Electric grid infrastructure plays a critical role in supporting economic, environmental

and social wellbeing of societies worldwide. Iategional transmission can enable eost

effective energy system operations while facilitating access teduglity, geographically

dispersed renewable resources. While there has been substantial work to characterize the impact
of transmission on power systems and determine optimal transmission deployment, this work has
insufficiently considered how transmission expansiopacts endise electrification. This study
applies the opesource Tools for Energy Model Optimization and Analysis (Temoa) energy
system optimization model to examine the impact of irggronal transmission on futicale

grid deployment planning, wheelectricity consumption is endogenously determined. Our

findings show that while national level electricity consumption for the contiguous United States

is not sensitive to intaregional transmission infrastructure investment costs, regional generation
mixes shift based on the expansion of transmission. Regional approaches to meeting end use
demands in the industrial and supply sectors can shift under different transmission futures,
particularly with respect to Base Case and-Riato hydrogen investmenits the industrial sector

and NetZero hydrogen investments in the supply sector. Transportation and building
electrification are generally less responsive to inégional transmission. National and regional

0 U emissions and management are not sensitive teregésnal transmission futures, but the
resource composition of carbon management totals can shift due to transmission futures. These
findings offer timely insights for grid planners by highlighting hoverregional transmission

can influence regional generation choices, sespecific electrification pathways, and carbon

management strategies.

INTRODUCTION
While much progress has been made investigating optimal planning efdagienal

transmission infrastructure [1, 2], more work remains to understand the impact of transmission
infrastructure on electrification end use. lategional transmission expansican be vital to not
only minimizing overall costs of future power systems but also meeting deep decarbonization

goals. Optimal interregional transmission will strengthen system reliability and lower overall
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consumer costs [3], but largeale transmission planning is inherently complex, requiring multi
level institutional coordination. Acquiring the necessary permitting can be a challenge along with
public opposition to transmission and interconnection ptejhat already can take years to

build [4]. Fortifying the ability of the grid to recover quickly from the increased frequency of
severe natural disasters and cypBysical security threats will improve grid reliability [5] and
stabilize the economics gfid operations [6]. Leastost deep decarbonization pathways rely
heavily on largescale electrification of enrdse services that will put more stress on the grid [7,

8]. If done effectively, however, transmission can play a vital role in ensuring energy supply
security [9].

Variable renewable energy (VRE) sources, such as solar and onshore wind, are key
contributors to generation resource diversity, and much research has been done to observe how
transmission interacts with renewables. Optimal siting of transmission cae r@¢krall costs
[9] and more effectively connect VRE sites that are far away from existing transmission and
consumption centers, increasing the benefits of VRESs. For locations with potential for high VRE
penetration, investments in irtergional transmissn will assist withcaptuig national energy
system financiasavings possible in a fully optimized nationwide transmission thianwould
not be realized if new interegional transmission was not put in pl§t@]. There are also
opportunities for strategic battery siting to complement transmission deployment [4] to further
aid in reducing VRE curtailment [4, 11]. Battery storaga aid withreducing power sector
emissions [12]and alsgrove effectivan managing electric grid inertia which is key to grid
operations [13]. Depending on the amount of transmission infrastructure, regions will have
varying abilities in exportinge@neration to neighboring regions or locations [14, 15].

Various longterm transmission planning studies account for electricity demand
differently. In the Department of Energy National Transmission Planning (NTP) Study,
electricity demand is treated as an exogenous in@gtlaw, moderate, and high demand levels
[3]. The Interconnections Seadtudyelectricity demand also predetermines demand from
historical load patteswithout modeling potential shifts in consumption pattete [The
National Renewable Energy Laboratory (NREL) Electrification FuturedySEFS takes a
systemwide perspective, identifying how growing electricity demand from widespread
electrification drives longerm infrastructure needs, including significant regional transmission

expansionElectrificationis exogenously determined within the EFS modeling framevaarkss
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the building, industrial, and transportation sectith reference, medium, and high scenarios
[17]. While these studies have been effectivgielding planning solutions nationajlgur work
studies the less explored impacts of krgional transmission infrastructureestmenbon
national electricity consumptidhat is endogenously determinackoss sectors with an open

source model

METHODS
TemoaMethodoloqgy

Energy system optimization models (ESOMSs) are useful for simulating grid operations
and investment decisions across a range of future conditions, which can infortarlorgystem
planning [B]. ESOMs have been used to observe the potential effects of proposed ilicy [1
and are helpful in characterizing uncertainty involved with modeling various decarbonization
futures RQ]. This study utilizes the Tools for Energy Modeling Optimization Analysis (Temoa)
energy system optimization model to solve for isfracture investment decisions through 2050.
Though capturing structural and parametric uncertainty can be a persistent challenge in the
energy system modeling spa@d]f Temoa is wehsuited to conduct rigorous uncertainty
analysis given the wide variability in potential integional transmission investment costg|[2
It is designed to operate in high computing environmer3s ydth the ability to determine
various pathways for decarbonization at comparable syleeshcosts [8]. Temoa minimizes
thesystemwide cost of an energy supply by optimizing the deployment and utilization of energy
technologies over a usepecified time horizon f. For the scope of the work in this study, the
objective function can be summarized as minimizing the sum of fixed, variable, and investment
cost as seen in Equation 1. The present cost of energy supply is minimized to meet speeified end

use demand®r the full national energy system through the 28260 time horizor24].

0D QOE Qi 06Gd S0 QLMNI @O Qd®d D¢ U Qi BEDRE (1)

Scenarios are run in a myopic fashion whereby the model only makes decisions for the
next period. The set of solve years includes 2020, 2025, 2030, 2035, 2040, 2045, and 2050.
Myopic model execution may not optimize resource deployment as effectivepyeafeet

foresight modeling workflow, but the myopic model framework is more representative of shorter
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time frames associated with reabrld decision making [&. Myopic decision making allows
for advances in technology or changes in policy within eveygds time step while keeping in
place decisions made in previous timesteps.

The regional representation in Temoa input database dividing the contiguous United
States (U.S.) into nine regions as described by the Open Energy Outlook (OEOQO) init&tive [2
These regions includgalifornia, Central, MidAtlantic, North Central, Northeast, Northwest,
Southeast, Southwest, and Te&gaseen in appendix Figutd. An eight representative day
temporal resolution is used as the best available option to yield detailed results when considering
computational cost. In our model, the energyesysis characterized by six sectors: supply,

electric, commercial, residential, transport, and industrial.

Focus parameters of fuicale grid study

Inter-regional transmission investment cost is a key sensitivity we tested. We set out to
understand how transmission investment costs can impaetdangyrid planning and
endogenized electricity demand across the whole energy system. The set ohvestaakeint
costs is shown in appendix Tall&, ranging from $800/MWhile to $3500MW-mile [22]. In
addition, we assess two extreme cases: free interregional transmission investment and no
interregional transmission use or investment (includingepisting and future transmission
capacity). These $/Mwhile values are multiplied by regional distance lengths between region
centroids to yield $ million/GWhstalled costsfollowing an approach by PowerGenome, an
opensourcetool useful for organizingnputs for power systems modé¢®y].

In addition to transmission cost, we also considered the system under both a Base Case
and a NeZero Case. The Base Case only includes regional emissions limits consistent with
current policies (as of January 2025) and theZ¢ézb Case adds a nationalissions constraint
that linearly declines to neero between 2025 and 2050, while retaining the existing regional
limits. TableC2 lists these limits in detail.

A dynamic capacity credit (CC) mechanism is applied to all model runs to dictate the CC
of generation resources based on their regional resource penetration level between myopic time
step solves [@, ultimately keeping the grid at a standard reliability for meeting hourly load. The
CC updating process foundationally uses the effective load carrying capability (ELCC), loss of
load expectation (LOLE), and loss of load probability (LOLP) reliabilityriog to capture

45



changes in variable generation benefit to the grid as time progresses and resource changes occur
[29]. With results from model runs, we set to characterize the impacts of transmission on

electrification, power system resource mix, emissions and cost.

RESULTS & DISCUSSION

Impact oftransmissiorcosts omational eectricity consumption

On a national scale, over the-g€ar model time horizon from 202D50, electricity
consumption is insensitive to transmission investment costs. As shown in Figure 1 under both the
Base Case and N&ero Case assumptions, endogenized electricity consumgtross end uses
remains largely constant as transmission investment cost varies. Except for the total electricity
consumption in 2050 under the N&tro Casetransmission available at no installed aestults
in the highest electricity consumptionamery period. This supports the hypothesis that reducing
inter-regional transmission investment costs and increasing the ability to move electricity across
regions enables greater national electrification. However, because-spgiaific costs of
electriaty aresufficiently similarthere are scenarios in which even low transmission costs are
not enough to incentivize more electrification at the national scale.

Electricity consumption is generally insensitive to transmission investment costs across
all sectors at the national level. The transport sector does show steady growth in electricity use
from 2020 to 2050 under both the Base Case and dlet Case scenas. The electric sector
consumption accounts for electricity generated for use in downstream sectors, including losses
from generation, transmission, and battery storage inefficiencies. While tragisptitity
consumption does not appear affectedrgrregional transmission costs, Figure 1 highlights
significant electrification in transportation towards 2050. Electricity consumption in the supply
sector is negligible in the Base Case regardless of transmission availability. In-herdlet
Case, suply sector electricity use increases substantially by 2050, driven mainly by hydrogen
electrolysis and, to a lesser extent, carbon capture and storage (CCS) and hydrogen compression
(see FigureC8), reflecting efforts to decarbonize the most challengintspd the energy

system.

46



National Base Case National Net-Zero Case
Electricity Consumption by Sector Electricity Consumption by Sector

12000 HEE Commercial M Transport B Electric

Il Residential Industrial Supply

Free $800MW-Mile $1.500/MW-Mile $3,500/MW-Mile o
10000

T

8000

6000

Electricity Consumption (TWh)

4000

2000

S o o o
N SV & g

Figure 1. Electricity Consumption by Sector for Base Case andZdst Case (TWh),
transmission investment cost increasing from left to right for each bar group

Impact oftransmissiorcosts oninfrastructure capacity build out and electricity flows

Regardless of transmission cost, some transmission infrastructure investments occur
between key regions. In the Base Case, the key region pairs of investment are Galifornia
NorthwestandSouthwestCalifornia, as observed in TabB3. At the lowest noszero
investment cost of $800/MMhile, approximatelys GW of transmission ibuilt betweerthe
CaliforniaNorthwest paiand16 GW for the SouthwesEalifornia pair. Transmission
infrastructure investment beyond garisting interregional infrastructure bef@@20 is no
longer advantageous at ,$00MW-mile for bothrespective region pairs.

In the NetZero Case, greater opportunities for interregional transmission capacity
buildout emerge, as shown in Taklé. Key regional pairs include Californidorthwest,
Southwesi{California, TexasCentral,SouthwesiCentral,and North CentraCentral. At the
lowest (nonzero) investment cost of $800/MWiile, approximately2 GW are built for the
CaliforniaNorthwest paird0 GW for the Southwesgtalifornia pair,4 GW for the Texaentral
pair, 3 GW for the SouthwesEentral pairand74 GW for the NorthCentratCentral pair.
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Transmission infrastructure investment beyondgxisting interregional infrastructure before
2020 is no longer advantageous aB30MW-mile, $1,880MW-mile, and $1160MW-mile,
$980MW-mile, and $1500/M\Amile for those respective region pairs.

Figures 2a and 2b display the transmission capacity builds for the Base Case-and Net
Zero Cases, excluding scenarios when transmission investment is either free or unavailable. The
presence of NeZero constraints drivedransmission infrastructure capacity expansion for the
North CentralCentral interregional connection, particularly at lower invest costs, whereas no
capacity is added at that cost in the Base Case.

(a) Notable Base Case Inter-regional Transmission Capacity Expansion, 2020-2055 (b) Notable Net-Zero Interregional Transmission Capacity Expansion, 2020-2055
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Figure 2.20202055 Notable Interregional Transmission (a) Base Case Capacity Expansion
(GW), (b) NetZero Case Capacity Expansion (GW), (c) Base Case Electricity Imports (TWh),
(d) NetZero Case Electricity Imports (TWh), (e) Base Case Electricity Exports (THVAEH

Zero Case Electricity Imports (TWh)

Opening up new and adding to existing transmission corridors reduces energy flow
congestion and unlocks cheaper generation and surplus curtailed generation to help meet load in
more constrained neighboring states. Electricity exports and imports teradetaypbnce

transmission investment costs exceed $1,700/MN& and transmission capacity buidt
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levels off. This trend is evident in the import and export plots in Figufe&cwell as in the bar
graphs in Figure 3, which show the magnitude and direction of electricity flows between regional
pairs. In many cases, the N&gro Case exhibits largdows than the Base Case. However, in

some instances, flow direction reverses entirely when transmission investment is free compared
to when it carries a nepero cost. These shifts are largely driven by small regional differences in
electricity generatiogosts, which can lead to significant energy movements when new inter
regional transmission is free. Once transmission costs rise to the firaermlevel of

$800/MW-mile, however, the net benefit of importing or exporting cheaper electricity

diminishes This pattern is especially noticeable for the TeKantral, MidAtlantici Northeast,

andNorth Central Mid-Atlantic pairs.

Base Case Net Cumulative (2020-2055) Electricity Flows Net-Zero Case Net Cumulative (2020-2055) Electricity Flows
~bt——Free
3
Northwest —+ California $800/MW-Mile
Southwest —» Northwest
$1.500MW-Mile
Southeast - North Central
North Central - Mid-Atlantic
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Figure 3. Notable Intefregional Pair Transmission Electricity Flows for Base Case and Net
Zero Case (TWh)ransmission investment cost increasing from top to bottom for each bar

group
In Base Case and N&ero Case (Tabl€5 and TableC6), the biggest electricity

importers are North Central, California, Texasd Southeast. When observing Base Case
exports, the biggest electricity exporters are Northwest, CentralAladtic, and Southwest
(TableC7). The Northeast is a net exporter through 2050, but the quantity is small at
approximately 8 TWh in the Base Case (Tall¥) and370-380TWh in the NetZero Case

(TableC8) for every noreero transmission investment cost scenaibile there is uncertainty
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regarding future interegional transmission investment costs through 2050, our study
demonstrates in part what integional flows are bound to occur regardless of investment cost

variability.

Impact of transmission variatioron regional generation mixes with respect to national
electricity consumption

While we establish that national electricity consumpisnot very sensitive to inter
regional transmission investment costs, significant shifts in generation resource mixes and total
generation do occur on a regional level with varying transmission investment costs, as shown in
Figures 4 and 5. Small deviatiofiem general trends driven by intexgional transmission
investment costs can be attributed to more subtle underlying complex behaviors and feedback

loops in the modeling.
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Figure 4.Base Case Power Sector Electricity Generation by Region (Tivslhmission
investment cost increasing from left to right for each bar group

When transmission investment is free, cheaper electricity generation-effeasively
moved to places with higher generation costs. The differences in regional electricity generation
costs for resources such as onshore wind and solar between neighégiong can help drive
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the flow of electricity interregionally. When observing the Base Case in Figure 4, this trend of
shifted generation is particularly seen between California and the Northwest and Southwest
regions.

California presents a unique case. Under scenarios lacking interregional transmission, the
state must invest heavily in local generation infrastructure. With transmission, however,
California can reduce local investments by importing leeast electricityfrom the neighboring
Northwest and Southwest regions. This reliance on imports underscores thefftizetereen
energy independence and ceffective grid operations. In the Base Case, when interregional
transmission investment is inexpensive, the Noetst generates more coal power between 2025
and 2050, and more onshore wind between 2040 and 2050. Similarly, the Southwest produces
more onshore wind from 2030 to 2050. In contrast, as transmission investment becomes more
expensive in the Base Case, Qalifia increases local solar generation from 2030 to 2050 and

onshore wind generation by 2050.
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Figure 5. NetZero Case Power Sector Electricity Generation by Region (TWh), transmission
investment cost increasing from left to right for each bar group

In the NetZero Case, alternative generation resources such as geothermal, offshore wind,

and biomass become more prevalent. New trends emerge when examining the interplay between
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the Californid Northwest and CalifornigSouthwest region pairs. In the N&tro Case,
electricity exports from the Northwest to California decline as-rggional transmission
investment costs rise, making Northwest generation less sensitive to thissseed-igure 3).
When transmission investment is inexpensive, the Southwest produces more onshore wind and
solar. As transmission costs increase, two notable shifts occur in California: nuclear generation
rises significantly between 2045 and 20BQ@hough battery storage is often proposed as a
solution to enhance grid reliability when transmission expansion is limited [4], its deployment is
notably less sensitive to integgional transmission costs compared to renewables like onshore
wind and solar thadre frequently paired with it.

The rise in renewable generation in both the Base Case arteMeCase when
transmission investment costs are low, along with increaseeregiemal electricity flows
between the CalifornidNorthwest and CaliforniegSouthwest pairs (as shown in Figuje 3
highlights the critical role of transmission in enabling regional decarbonization pathways across
the western contiguous United States. Nationwide, transmission infrastructure helps spatially
decouple generation from demand, supporting more efficigibylment and use of higuality
renewable resources. Regions with generation capacity that exceeds local demand can export

surplus electricity, enhancing national grid reliability while lowering total system costs.

Inter-regional transmission impacts beyond power system

When observing electricity consumption on a regional level, California experiences some
of the greatest differences between scenarios in both the Base Case-ZedoNgdse (see
FigureC2 andC3), particularly in the industrial sector. With a more pronounced effect between
20452050 in the Base Case and 2045 in theX&b Case, hydrogen demand increases as inter

regional transmission investment cost increases (see Figure 6).
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Figure 6. Industrial Demand for Base Case and ¥eto Case in California (PJ), transmission
investment cost increasing from left to right for each bar group
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The increase imdustrial sectonatural gas consumption from 203840 for the NeZero Case

in California is seemingly counté@ntuitive, but it is possible for this behavior to correspond with
the most cost optimal options to meet national emission li@#&don management in California
stays relatively the same from 203050, but in the key years of 202840 where California
natural gas consumption increases, carbon management in the Northwest, Southwest, North
Central, Central, Texas, and Southe&agtons increasesubstantiallysee Figure C7)The

model decarbonizeggional gridsvhere it is cheapest and aksitlowsfor carbon intensive fuel
usageo increase where it can be nullified by growing carbon managemitn national
emissions constrain{see Table C2)

The relatively limited impact that transmission investment costs hamatmmalcarbon
management noteworthy There argenerallyincreases in carbon management for both the
Base Case and N&ero Case when transmission costs go from zero teeammand noizero to
infinite, but carbon management is essentially the same between $80@iM\0 $3500MW -
mile (see Figur€4). Atmospheric carbon capture, biomass to hydrogen with carbon
capture/storage and bemergy with carbon capture/storage are tti@ary contributors to

national carbon management with significant jumps in each period from 2035 onward in-the Net

53



Zero Case. Base Case national carbon management is solely from the California region where a

statelevel emission cap is in effect.

Inter-regional transmission impacts on power system and energy system cost

Nettotal present value for national efude costs (variable, fixed, and investment costs)
were calculated by resource type in each period (Figure 7). For both the Base CaseZard Net
Case, there is generally a small increase in total national power systeas trasismission
investment cost increaséut on a national scale electricity supply costs can characterized as
relatively insensitive to interegional transmission investment cost. In the Base Case, national
power system costs appear to decrease inteaaehperiod progressing to the réntury except
for a jump in 2030 when there is notable investment in onshore wind, solar, and battery storage
nationally across all scenarios. In the f¥eto Case, national engse cost increases in each time
period pogressing towards 2050. Battery storage investment consistently grows frorfB(8IR25
and offshore wind has growing investment from 2@850. Major investments in biomass are
made in 2040 before dropping slightly in 2045 and 2050. Natural gas investraetgrco
intuitively increases from 2048050 under the NeZero national emissions limit, but this
C4, and carbon management nationally for the industrial sector in Figuk&hen aggregating
cost across the 3@ear time horizon as seen in Figure 8, national power system cost variance is
at approximately $billion for the Base Case ai$31 billion for theNet-Zero Case when
considering more realistic inteegional transmission costs ranging from $800/NMWe to
$3500MW-mile. NetZero Case power system costs are approximately? $dllion more

expensive when compared to the Base Case through 2050.
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Figure 7. National Base Case and Néero Case Power System Costs, transmission investment
cost increasing from left to right for each bar group
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Figure 8. National Base Case and N&ero CaseTlotal Power System Costs, transmission
investment cost increasing from left to right for each bar group

When observing national full energy system costs in Figuadow sensitivity to

transmission infrastructure investment costs persists in the results. The decline in the Base Case
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electric sector costs mimics that of the Base Case power system costs, while the increase in Net

Zero electric sector costs mimics that of the-Kleto Case power system costs.
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Figure 9. National Base Case and Néero Case Power Sector Eftuse Costs, transmission
investment cost increasing from left to right for each bar group

Such behavior shows how costs shift between sectors when the national emissions constraints are
in place or not. The Base Case and-Kieto Case energy systems essentially cost the same

amount from 2022035, and then from 2@onward the NeZero Case energy systems cost

within approximately $500 billion within the 2040, 2045, and 2050 time perfdm a macro

view of energy system costs through 2050, the primary sector driving differences in cost is the
electric sectobetween the Base Case and-Keto Case. It is cleahowever that interregional

investment transmission costs have a minimal influence on impacting national energy system
costs(as seen in Figure 10)
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CONCLUSIONS
This study investigates the critical role of integional transmission investment costs in

long-term energy system optimization, focusing on their impact on electrification, regional
generation mixes, and carbon management strategies. Our findingsthevediile national
electricity consumption remains largely insensitive to transmission investment costs, substantial
shifts in regional generation resource mixes and total generation occur based on the expansion of
transmission infrastructure. Notablggional generation can be optimized through the
movement of cheaper electricity from lowasst regions, reducing the need for local
overbuilding and facilitating more cesffective grid operations. However, the economic
advantages of transmission expansare not uniformly realized at the national scale, as
electricity consumption patterns do not dramatically shift in response to varying transmission
costs.

The presence of inteegional transmission allows for a more diversified and coordinated
energy system, facilitating renewable generation integration from geographically dispersed areas

such as solar and wind. Our results indicate that-neional trasmission enhances the ability
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to decouple generation from demand, enabling electricity exports from surplus regions and
bolstering grid resilience. At the same time, the limited sensitivity of carbon management to
transmission costs suggests that, while transmission infrastructui tsuggpcarbonization
pathways, its role in directly reducing national emissions is somewhat less pronounced.

Interestingly, the incorporation of federal and state emissions policies, alongside more
granular analysis of sutegional transmission costs, could provide deeper insights into how
transmission investments influence regional and national decarbonizatitmgies. The
application of Temoads modeling framework to
planning constraints would further elucidate the #medt alternatives for grid planners
navigating these challenges.

The study also highlights the economic implications of transmission infrastructure. While
national power system costs exhibit relatively low sensitivity to transmission costs, regional
variations and sectapecific electrification pathways, particulartythe industrial and
transportation sectors, remain sensitive to inégional transmission infrastructure. The findings
underscore the necessity of accounting for both the-grontand longerm costs of
transmission infrastructure as grid plannersk ltwooptimize energy systems for future
decarbonization and electrification goals.

Future research could further explore the interplay between transmission costs and the
evolving energy policy landscape, as well as assess the impactmefgsoibal transmission
investment decisions, such as lgoltage lines and substations. The potéftiaTemoa to
model alternative grid configurations under different regulatory frameworks offers a promising
direction for advancing our understanding of

systems.
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CHAPTER 57 Conclusion

This study has explored key aspects of grid optimization in the context of variable
renewable energy (VRE) integration, capacity credit (CC) estimation, energy storage, and inter
regional transmission infrastructure. The following conclusion is organizedhree main parts
corresponding to the findings from Chapters 2, 3, and 4. Each section highlights the chapter's key

findings, their implications, anplotentialdirections for futurevork within this research space

Chapter 2: Capacity Credit Estimation for Variable Renewables

Our results confirm that the capacity credit (CC) of variable renewable energy (VRE)
resources, particularly wind and solar, decreases as their penetration increases. This is a crucial
finding for ensuring that power systems build the right amount of cieangeneration during
the transition to a decarbonized systemsBtudy also found that using average capacity factors
to estimate CC is an effective and computationally efficient method, yielding results comparable
to the more complex effective loadrrying capability (ELCC) approach. Moreover, wind and
solar resources demonstrate a synergistic impact when deployed together, and this resource
blending can enhance overall system reliability. This behavior underscores the need for a more
integrated apmach to VRE deployment, rather than evaluating individual resource types in
isolation.

These findings suggest that renewable energy integration must be carefully balanced with
the correct attribution of CC, ensuring that system planners avoid overbuilding firm generation
while maximizing the potential of VRE resources. The proposed aveaggeity factor method
offers a promising way to estimate CC in a fast,-effgtictive manner for longerm grid
planning, though it does not fully capture the complexities of resource blending. A more nuanced
approach that accounts for this synergy coufthier optimize VRE deployment.

Future research should investigate how energy storage can complement VRE resources,
particularly solar, to enhance system capacity and reliability. Modeling storage as a time
dependent resource, rather than a static one, is essential to capture itpaiemCC.

Additional work is also needed to account for the risks posed by extreme weather events and the
ways correlated generation failures might affect capacity credit. Incorporating temperature
dependent forced outage rates (TDFOR) into simulatiangdrimprove the accuracy of CC

curves. Finally, extending analyses over longer periods would help capture renewable resource
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variability, while further exploration of resource blending could improve CC estimation over

time.

Chapter 3: Dynamic Capacity Credit and Resource Adequacy

This study demonstrates that static CC assum@isngh as fixed values for solar and
windd are insufficient for accurately capturing the evolving interactions within the grid,
particularly as VRE penetration increases. Dynamic CCs, which adjust basestesn sy
characteristics, provide a more realistic view of resource adeaqunadaynprove it Differences in
CC assumptions significantly affect regional generation mixes, especially for onshore wind,
solar, battery storagand natural gasyhile having lessmpact orother common technologies
such agoal and nuclear generation. The results also highlight that battery storage is a critical
resource for grid stability, but it is often treated simplistically in static CC models. By contrast,
dynamic CCs can better capture the diminishing returns @fgaarapacity, shaping system
design, reliability, and overall cost.

These findings suggest that plannewsld benefit from implementingynamic CCs in
grid design to more accurately assess resource adequacy and avoa aneerestimating
capacity needs. Static CC values can lead to unrealistic results, particularly in areas with high
VRE penetration, such as the Southwest and T®adtery storagbas avaluablerole in
supporting the growth of solar deployment. While emission constraints can present more
favorable circumstances for renewables to be deployed, they still project out growth at
significant levels nationally without theim place under businessusual grid operation
conditions.

Future workcould explore how interegional transmissiorotild alleviate curtailment
challenges associated with high VRE penetration, since transmission infrastructure allows
renewable resources to be shared across regions and mitigates reliability issues. Additional
research is needed to evaluate the role of bagterggeand VRE resources under more rigorous
weather variability studywhich would better capture the complex interactions between storage
and WRE resources within larger grid operatiokRsally, incorporating more realistic emissions
constraints into modeling will be essential to fully evaluate how dynamic CCs interact with

decarbonization goals and to design a sustainableeffestive energy system.
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Chapter 4: Intefregional Transmission and Grid Optimization

This study finds that while national electricity consumption remains largely insensitive to
inter-regional transmission investment costs, regional generation mixes and electricity flows shift
substantially with transmission expansion. Insgional transmisen enables more cest
effective grid operations by moving cheaper electricity from lewest regions, thereby
reducing the need for local overbuilding and promoting a more diversified and coordinated
energy system. Although transmission infrastructungports decarbonization by facilitating
renewable integration, its direct impact on national carbon management is limited. Transmission
helps decouple generation from demand but does not significantly reduce national emissions on
its own.

These results highlight the importance of regional optimization when planning
transmission infrastructure. While national power system costs may show low sensitivity to
transmission costs, regional benefitsuch as greater renewable energy integréatiare
significant. Transmission expansion also plays a critical role in integrating geographically
dispersed renewable resources, enhancing grid resilience, and reducing the need for redundant
generation. This insight is vital for policymakers and planners gitoimeet decarbonization
targets without compromising reliability.

Future research could investigate how federal and state policies on emissions and
renewable energy targets interact with ingional transmission investments. Understanding
these dynamics could refine future transmission planning strategies. A maragearalysis of
subregional transmission infrastructure, such asVmitage lines and substations, would also
provide insights into their impact on regional grid operations and help guide more precise
investment. Finally, future work should involve sl@cientists to evaluate the leteym
societal impacts of transmission infrastructure. This includes understanding how communities
perceive and support projects, particularly where private property is sacrificed for the broader

benefit of grid reliabiliy and sustainability.

Closing Thoughts

Each chapter of this study has revealed important aspects of how renewable energy
resources, battery storage, and hmgggional transmission impact the optimization of power

systems. From understanding the capacity credit of VRES to evaluating thetralesafission
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in grid resilience, this research offers valuable insights for both policymakers and grid planners
as they work toward decarbonizing the energy system. Future research should focus on refining
capacity credit estimation methods, improving resilience giegeand exploring the synergy
between interegional transmission and renewable energy policies. These findings contribute to

the ongoing effort to transition to a more sustainable and reliable energy grid.
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