
ABSTRACT 

SSENGONZI, JETHRO KIRABO. Energy Systems Modeling to Improve Electric Grid 

Resource Adequacy Planning and Resilience. (Under the direction of Dr. Jeremiah X. Johnson, 

and Dr. Joseph F. DeCarolis). 

 

Reliance on energy systems has impacts on economic, environmental, and social well-

being world-wide. Providing efficient and affordable electricity, however, has required more 

intentionality as the electric power system becomes more complex. In this dissertation, I 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 mechanism to larger capacity expansion 

modeling, and the impact of varying the cost of inter-regional transmission infrastructure 

investment on long-term capacity expansion outcomes. 

Chapter 2 explores capacity 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 a renewable generatorôs expected availability and capacity to 

determine that individual generatorôs contribution to resource adequacy as a function of grid 

resource penetration level. The capacity credit metric can be understood to be a form of the more 

commonly known effective load carrying capability (ELCC) metric. As resource penetration 

level increases, the 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 approximation method to 

estimate capacity credit using a set of capacity factors during hours of peak demand is presented 

as well. 

In more recent real-life grid operations, capacity credits for renewables such as wind and 

solar have been estimated as static values, regardless of the magnitude of grid generation reliance 

on those resources. Capacity 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 credit designation for 

such variable generation can yield overestimates and or underestimates pertaining to grid 

reliability. Chapter 3 applies dynamic capacity credit values for key resources of solar, onshore 

wind, and 4-hour battery storage in a comprehensive energy system capacity expansion model to 



more accurately reflect outcomes that maintain a standard grid reliability level. By referencing 

lookup tables of capacity credits for specific penetration levels for these key resources, a custom 

external capacity credit selection code module interfacing 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 effect. When observing results of both static and dynamic CC scenarios, capacity 

credit assumptions are found to have material impacts on grid firm capacity and full energy 

system costs. 

Chapter 4 shifts focus to the impact of inter-regional transmission infrastructure on 

energy system optimization, particularly in the context of end-use electrification. This chapter 

utilizes the Temoa model to analyze how inter-regional transmission expansion influences 

regional generation mixes and electrification pathways in sectors such as industrial, 

transportation, and building energy use. While national-level electricity consumption is relatively 

insensitive to transmission infrastructure investment costs, regional shifts in generation mix and 

carbon management strategies are observed. The chapter highlights the role of transmission 

expansion in shaping some regional hydrogen investments, particularly in the industrial and 

supply sectors, and examines the limited sensitivity of total energy system cost to different 

transmission futures. These findings underscore the importance of considering transmission 

infrastructure when planning for a decarbonized energy future, offering insights into how 

transmission 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 of varying potential actions taken towards decarbonization. 

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 balance reliability, cost, and sustainability. 
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CHAPTER 1 ï Introduction  

The transition to a low-carbon 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 long-term sustainability. 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 role of inter-regional 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 generator, including 

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 off-peak hours, and 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 carrying capability (ELCC), are explored and evaluated for their 

effectiveness in representing the true value of VRE resources under varying grid conditions [1]. 

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 long-term resource deployment and overall energy 

system costs. The question guiding this chapter is: How does variable renewable energy and 

energy storage capacity credit impact long-term 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 the face of 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 
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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 trade-offs involved in incorporating VRE and storage into the grid. It further 

discusses how accurate CC values can influence resource planning decisions and energy market 

operations, ultimately shaping the long-term trajectory of energy systems [2]. 

Chapter 4 shifts focus to the impact of transmission infrastructure on electricity 

consumption, guided by the question: How does inter-regional transmission infrastructure 

investment impact United States electricity consumption? While much attention has been paid to 

optimizing transmission for VRE integration, the broader implications of transmission 

investment on national electricity consumption remain underexplored. Effective inter-regional 

transmission expansion can lower overall system costs, enhance grid reliability, and support 

large-scale decarbonization by facilitating the optimal deployment of VRE resources [3]. This 

chapter examines how inter-regional 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 introduces a novel approach by modeling 

electricity demand as an endogenous variable, unlike traditional studies that treat it as 

exogenous. This methodology allows for a more dynamic understanding of how transmission 

investment interacts with changing electricity consumption patterns, particularly in the context of 

growing electrification across sectors [4]. 

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 investment, the findings 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 strategies that can support a reliable, cost-effective, and 

decarbonized energy future. 
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CHAPTER 2 ï 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 at all hours. By determining an 

individual generatorôs contribution to resource adequacy based on its expected availability when 

power is needed, the capacity credit for these resources is estimated. The objective of this study 

is to quantify the contribution of VRE to 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 

spanning 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 is 

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 average renewable resource capacity 

factors of the top net 10 demand hours, regardless of resource type. Using context-specific values 

for capacity credit can improve long-term decision making in generation capacity expansion, 

cultivating more economical long-term resource planning for deep decarbonization. 

 

INTRODUCTION  

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

an electric generatorôs ability to meet peak demand in a power system. Since energy demand 

varies daily and seasonally, accurately determining capacity credit is vital for meeting reliability 

standards and planning for future infrastructure investment.  

Quantifying the CC for variable renewable energy technologies (VREs) poses unique 

challenges given the as-available nature of the resources. Wind generation varies across all hours 

while solar has a diurnal pattern of generation. Peak wind potential frequently occurs 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 and array-tracking 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), for example, 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 that assumes generator failures to be independent and 

invariant to ambient conditions [7]. 

Attempts to estimate the CC for VREs 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 planning. If VREs 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 period [8]. 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 óreplacedô by renewable production, without making the 

system less reliable [9]. The effective load carrying capability (ELCC), which measures 

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 Bromley-Dulfano et al., ELCC calculations were conducted 

for solar and wind in the multi-regional 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 benefits for 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 synthetically generated 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 factors during hours of highest net load. Both 
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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 discussed. 

 

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 distribution of generator 

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 (LOLP) 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. The ELCC was computed thereafter, defined as the amount by which a systemôs load 

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 

generation 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]. Versions of this 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 include California (CA), 

Central (CEN), Mid-Atlantic (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 shown by Table 1. Offshore wind 

resources are considered in the NE, NW, and CA regions. The wide geographical coverage 

follows the multi-area CC approach in [19], assuming that energy is produced and consumed in 

each respective region with no associated transfers from interregional transmission. 
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Table 1. Number of renewable resource clusters by region 

Region Onshore 

Wind 

Solar PV Offshore 

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 

 

Monte-Carlo 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 system-wide generator availability. The system-wide 

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

from each plant. The grid-wide available generating capacity sum for each region is determined 

as described in Equation 1. 

Ὃ ὫὩ

ᶰ

ȟ     ᶅὸɴ Ὕ 
(1) 

 

 

Equivalent forced outage rates during times of demand (EFORd) for each dispatchable 

generator are compared against random numbers to determine each electric generating unitôs 

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

number ὶ between zero and one is selected to determine the value of  Ὡ  for each existing non-

renewable dispatchable unit, as follows: 

ὍὪ ὶ ρ ὉὊὕὙὨȟÔÈÅÎ Ὡ ρ
ÏÔÈÅÒ×ÉÓÅ Ὡ π

           (2a) 

ὍὪ ὶ ὉὊὕὙὨȟÔÈÅÎ Ὡ ρ
ÏÔÈÅÒ×ÉÓÅ Ὡ π

           (2b) 

whereby Ὡ = 1 means a generating plant is online and  Ὡ = 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 values relative 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 PowerGenome with inputs that 

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 results (Ὃ) are compared to the net load values for 

every hour of the year, represented as ὒ (defined by Equation 3). If there is an instance where Ὃ 

is less than ὒ, the binary variable Ὠ is set to 1 to represent a loss of load event. Otherwise, Ὠ is 

equal to 0.  

ὍὪ Ὃ ὒȟÔÈÅÎ Ὠ ρ
ÏÔÈÅÒ×ÉÓÅ Ὠ π

                   (3) 

 

LOLE can be interpreted as the sum of outage hours over the course of a time period Ὕ 

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:  

ὒὕὒὉ
В Ὠ

Ὕ
ȟ    έὶ (4a) 

ὒὕὒὉ ὴὋ ὒ  (4b) 
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LOLE is calculated for every iteration Ὦ of 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 

Ὧ can be described using Equation 5: 

ὒὕὒὖ
ρ

ὲ
ὒὕὒὉȟ (5) 

The assumed standard desired LOLP for operating utilities in this study is 24 hours of 

outage every 10 years (approximately 2.7397×10-4), which 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 costly excess generation capacity. The selected LOLP is only one of several 

benchmark reliability targets used in the resource adequacy 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 each trial k,  

ὍὪ Ὃȟ Ὃ ȟ ὒ ὒ ὒȟÔÈÅÎ Ὠȟ ρ

ÏÔÈÅÒ×ÉÓÅ Ὠȟ π
         (6) 

 

where  Ὃ ȟ are incremental amounts of new VRE capacity, and ὒ  is additional fixed load 

added to the grid to determine the updated binary variable Ὠȟ. Before new VRE resource is 

accounted for, cumulative available generation of a trial Ὃȟ is compared to the sum of the 

existing net load value to the grid ὒ and the fixed load adjustment to reach desired baseline grid 

reliability ὒ. The  ὒ includes dispatchable non-renewable 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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Ὃ ȟ is added as a negative load and the additional fixed load ὒ is added to return the grid 

the desired reliability level (as defined by Equation 6). This LOLP process is shown in Equation 

7a and 7b, an expansion of Equation 5 to include ὒ, Ὃ ȟ, and ὒ. 

ὒὕὒὖ
ρ

ὲ

В Ὠȟ
Ὕ

ȟ    έὶ (7a) 

ὒὕὒὖ
ρ

ὲ
ὴὋȟ Ὃ ȟ ὒ ὒ ὒ  (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 added or subtracted 

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 load ὒ is added to every hour at a value that 

increases the system outages to the desired LOLP benchmark. The ὒ result 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 capacity Ὃȟ  of the 

technology provides its capacity credit ὅὅ, as shown in Equation 8. 

ὅὅ
ὒ

Ὃȟ
 ρππϷ (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 demand ὒ ȟ at that 

hour is considered to be zero, with additional renewable generation curtailed. These load 

balancing constraints are represented in Equations 9 & 10. 

ὒ ȟ ὒ ὒ ὒ                       (9) 

 

ὍὪ  Ὃ ȟ  ὒ ȟ ȟÔÈÅÎ ὒ ȟ π 

ÏÔÈÅÒ×ÉÓÅ ὒ ȟ   ὒ ὒ ὒ  Ὃ ȟ
       (10) 
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CC is calculated multiple times for each resource, each time increasing the penetration of 

that Ὃ ȟ  resource by 1000 MW. To be able to accurately calculate and detect changes in 

CC, an ὒ step size of 10 MW is utilized. These 10 MW ὒ are 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 factor-based methods in [6], there is 

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 resource cluster are developed in each 

region under increasing VRE penetration to compare to the ELCC-derived CC curves. 

 

RESULTS 

Statistical Analysis of Monte-Carlo 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]. Other studies have relied on 

1,000 to 10,000 Monte Carlo runs [26,27] such as in Bromley-Dulfano et al. where 5,000 Monte 

Carlo runs were used [12]. Here, CCs for thirty 1000-MW increments of new VRE are tested for 

two case study regions of NE and TX with ranging Monte-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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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 TX by resource 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 VREs. Figure 2 displays 

changes in CC with gradual increase in resource grid penetration, where penetration 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 resources, 240 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 in the magnitude of the 

CCs across different renewable resource in each region, highlighting the geographical sensitivity 

of the metric. 

Figure 1. Capacity credit variance by number of Monte Carlo samples for aggregated variable 

renewable energy resources in the Northeast and Texas 
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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 typically starts out 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 coastal temperature 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. Increasing 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 and penetration level for all types of 

Figure 2. Regional capacity credit for new onshore wind, offshore wind, and solar power, as a function 

of penetration levels 
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generation, including non-renewables. 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 play a large 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 explored. It is shown 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 penetrations 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 top 1-hour scenario, the average capacity factor would 

just be the corresponding capacity factor for the renewable resource in the highest net demand 

hour. When observing the top 75-hour 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 increases, 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 when more hours are 

considered. Note that the hours included in the simple approach are the top net load hours, which 

inherently includes the impact of previously added variable renewables. Under increasing 

penetrations of VREs, the highest net load hours often change, as the VRE generation pushes 

some, but not all, hours to lower net loads. 
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Similarities in the trends relative to the CC results derived from the ELCC method are seen. To 

understand the suitability of a capacity factor-based estimation method, results shown in Figure 3 

are compared to the CCs estimated using the full ELCC approach. Figure 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 using the estimation 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. 

Figure 3. Average capacity factor for wind and solar power during highest net load under increasing 

renewable capacity, NE 
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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 added to each regional 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 CC error minima with a greater number of top hours (50-70 

hours).  

 

Resource Blending 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 sources across 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 resource blending can yield benefits 

Figure 4. Variance of resource clusters capacity factor estimation under a range of peak net load 

hours, all regions 
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such as reduced inter-annual 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 blends by percentage stake. 

For every new 1000 MW increment of VRE resource in a 30-70 WND-PV blend for example, 

300 MW would be wind and 700 MW would be solar. Figure 6 displays a comparison of a 50-50 

WND-PV blend of representative median cluster wind and solar resources to the average CC of 

those resources for all regions. In every region the 50-50 blend performs better than the 

representative median cluster CC average.  

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

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

additional example region plots displaying findings in Figures 5-7 are provided in the appendix. 

 

Figure 5. Capacity credit curves for various WND-PV blends by percentage, all regions 
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Figure 6. Average of individual WND and PV resource CCs compared to 50-50 WND-PV 

blend CC, 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 grid. Given the low 

costs of solar and wind power, it is essential to properly attribute capacity value so that power 

systems build enoughðbut not too muchðclean and firm generation when transitioning to a 

decarbonized system. Small underestimates in CC have little impact 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 credit process.  

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 implementation of several resource 

Figure 7. Absolute error for blend mixes with respect to WND-PV CC average, all regions 
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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 resource blending still needs to be explored.  

 

Study Limitations & Potential for Supplemental Work 

One way to mitigate the challenges from the variability of VREs 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 used together, they 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 shorter duration 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 time-dependent resource. Energy storage that 

prevents one LOLE event may have less energy available to mitigate another LOLE event 

depending on load behavior [35]. Thus, a battery unitôs ability to serve load at a given time 

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 underlying grid mix [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 weather-related 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 plantôs availability is independent of another plantôs availability, but 

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 than the 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 best fitting curves 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 is favorable. 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 in their capital costs. VREs are 

also supported by federal tax credits and higher state-level VRE targets across the globe. 

Furthermore, CC work is being done on renewable distributed generation (RDG) which has a 

low environmental burden. Significant reduction in carbon 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 analysis for utilities 

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 and long-term capacity 

expansion models need to take this into account. Simple methods, like the presented 

approximation method, could be readily used to improve long term capacity planning.  
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CHAPTER 3 ï The impact of renewable energy and battery storage capacity credit on 

long-term capacity expansion 

ABSTRACT 

The wide-scale 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 benefit of variable renewables ï namely 

wind and solar power ï can be characterized using a capacity credit metric. In this study, we 

explore the impact of variable renewable energy and energy storage capacity credit on long-term 

resource deployment and overall energy system costs. This study works to improve decision 

making and cost-effective 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 storage, finding that these parameter values can lead to substantial differences in 

resource deployment, with generation penetration level differences as large as 20% for onshore 

wind, 15% for solar and 5% for battery storage through 2050 on a national scale in conjunction 

with more distinct differences on regional scales. Fixed 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 system-wide constraint to achieve net-zero 

ὅὕ 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 billions of dollars 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 cost-effective and scalable approach to greenhouse gas 

mitigation [1]. Over the last several decades, harnessing variable renewable energy, particularly 

wind and solar, has proven to be an effective pathway to help meet low-carbon energy goals [2]. 

The increasing cost competitiveness of variable renewable energy (VRE) and its increased 

deployment [3] requires careful assessment of the ability of 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 impact the timing of 

generation and the correspondence of that generation to peak demand. For example, fixed-tilt 

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]. Wind generation 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 flexible 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 conventional resources that could be 

óreplacedô by renewable production, without making the system less reliable [11]. The method of 

calculation and allocation of capacity credit is not universally agreed upon, though there is a 

growing recognition that accurate representation 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 resource 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 increases. Generally, 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 markets [18]. 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 infrastructure 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 on long-term regional grid 

infrastructure decisions. To do this, we combine a probabilistic reliability 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 multi-decadal energy system modeling studies. 

 

METHODS 

Capacity expansion model 

Capacity expansion models project cost-optimal power system investments over multi-

decadal time horizons and have many input variables that influence model results. Given the 

inherent uncertainty with long-term system planning and the challenge for modelers to capture 

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 (Temoa) in 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 system-wide cost 

of energy supply by optimizing the 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 specified end-use demands (see Equation 

1) for the full national energy system through the 2020-2050 time horizon [26]. 

 

ὓὭὲὉὲὩὶὫώ ὛώίὸὩά ὅέίὸὊὭὼὩὨ ὅέίὸὠὥὶὭὥὦὰὩ ὅέίὸὍὲὺὩίὸάὩὲὸ ὅέίὸ   (1) 

In this study, we test the impact of onshore wind, solar photovoltaic (PV), and battery 

storage capacity credit values on long-term investment decisions. In Temoa, costs are directly 

impacted by a reserve margin constraint that accounts for the equivalent firm capacity available 

to meet peak load using the sum product of each respective resource typeôs CC and installed 

capacity, as shown in Equation 2. A planning reserve margin of 20% is employed. 
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ὅὅȟȟϽὅὃὖὃὠὒȟȟ  
ὋὉὔȟȟȟȟ

ὛὉὋȟϽ ὅςὃȟ
Ͻρ ὖὙὓ  ᶅ ὶȟὴȟίȟὨȟὸ    (2) 

 

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, PRM is the planning 

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 representative of real-world 

decision-making that is subject to limited knowledge of the future [27], allowing for advances in 

technology or changes in policy within every 5-year 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 regions are modeled, consistent with 

other studies from the Open Energy Outlook (OEO) initiative [28]. This resolution allows for full 

energy-system representation to be modeled with computational time appropriate to assess 

numerous scenarios. The regions examined include California, Central, Mid-Atlantic, North 

Central, Northeast, Northwest, Southeast, Southwest, and Texas, and as shown in Figure B1.  

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 resolution on 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 presents significant 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 optimization model relies on a coarser 8 representative day characterization (8D) 
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with 192 hours covering 4 days of cold-weather and 4 days of warm-weather per year to 

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

 

Modeled scenarios 

We consider both Base Case and Net-Zero 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 emissions. In the Net-Zero scenario, 

the full energy system for the contiguous United States achieves net-zero ὅὕ emissions in 2050, 

with a linearly decreasing emissions cap beginning in 2025. Table B1 lists 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 scenario where the CC 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 CC = [0, 0.05, 0.1 0.2, 0.3, 0.5] for solar and onshore wind 

CC = [0, 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 System 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, consistent with the higher 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 storage that are a 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 reflects their capacity 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 results (Ὃ) are 

compared to the net load values for every hour of the year, represented as ὒ (defined by 

Equation 3). If there is an instance where Ὃ is less than ὒ, the binary variable Ὠis set to 1 to 

represent a loss of load event. Otherwise, Ὠ is equal to 0. 

ὍὪ Ὃ ὒȟÔÈÅÎ Ὠ ρ
ÏÔÈÅÒ×ÉÓÅ Ὠ π

                  (3) 

 

LOLE is defined as the sum of outage hours over the course of a time period Ὕ when 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. 

ὒὕὒὉ
В Ὠ

Ὕ
ȟ    έὶ (4a) 

ὒὕὒὉ ὴὋ ὒ  (4b) 

 

LOLE is calculated for every iteration Ὦ of 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 over ὲ Monte Carlo simulation trials (as shown in Equation 5), 

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

ὒὕὒὖ
ρ

ὲ
ὒὕὒὉ (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 reliability. To 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 hours of outage every 10 years (approximately 2.7397×10-4). 

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]. When the system 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 sub-regional cluster capacity factor data from each region (as seen in Table 1) to 

create VRE negative load representatives for each region in the VRE capacity additions 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 

Cluster Count 

Solar Cluster 

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 penetration level 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 challenge, we use a retrospective model year (starting in 2020) 
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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 database and used for 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 unknown in advance, the method relies on this sequential, 

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

 

 

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 VRE-plus-storage capacity 

credit methodology developed by Sodano et al [39], we assess how VRE and storage 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 4-hour discharge duration under increasing levels of VRE deployment to 

develop a two-parameter 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 load). These lookup table values as seen in appendix Figures B2-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 sizes of VRE capacity for every 1000 MW 

increment of regional grid load, the 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. While the numerical 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 selection by the Temoa model. In 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 (ACC) in the 

dynamic process as shown by Equation 6: 

ὃὅὅὴ
ρ

ὴ
ὧЎὴ      ὴ π (6) 

where ὧ is the marginal capacity credit for bin Ὥ and Ўὴ is the portion of bin Ὥ lying in πȟὴ. 

ACC is evaluated for onshore wind, solar, and battery at the reference battery storage levels (0%, 

5%, 10%, 15%, 20% capacity of regional peak load) and then linearly interpolated between these 

bracketing battery levels as needed. 

Battery operations are determined using the System Advisor Model (SAM) from the 

National Renewable Energy Laboratory (NREL). SAM is an open-source tool which has the 

ability to simulate dispatch decisions with various battery power targets for specific applications 

[40] and additionally has dispatch capability that can simulate hourly multi-year resource 

behavior [41]. We use 8760-hr regional net load profiles that account for solar and onshore wind 

deployment, deploying the peak shaving dispatch algorithm [42] for standalone batteries to 

model dispatch behaviors. The impact of varying battery storage capacity investments is 

observed in the load curves in the appendix Figures B4-B12. 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. 



 

30 

 

Other studies have used related methods to estimate capacity credit. The NREL Regional 

Energy Deployment System (ReEDS) model applies a duration-curve-based ELCC 

approximation, calculating seasonal capacity credits every 2ï5 years 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 inform reserve margin constraints 

similar to those in Equation 2. While computationally efficient, this ñtop-hourò method can 

oversimplify reliability dynamics in some cases. Our 8,760-hour ELCC approach captures full 

temporal variability and resource correlations, yielding more accurate capacity credit estimates. 

Unlike ReEDS, which investigates the power sector, Temoa covers the full energy system, 

revealing the effects of multi-sectoral 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 instance, a CC of 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 rises to 10ï20% 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 shift 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 effect of storage on 

windôs capacity value is limited, as shown in Figure 2b. Because solar has a fixed diurnal 

pattern, increased penetration of this resource pushes the net load peak into evening and pre-

dawn hours, quickly reducing its capacity value ï an effect not observed with wind. While the 

resulting solar and onshore wind CC values appear to be reasonable, they use a limited 

characterization of resource generation diversity as detailed in the Methods. The foundational 

CC lookup tables represented by Figures B2-B3 are created using only a singular average 
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capacity factor profile for each region that spans only 8760 hours or a single year. Accounting 

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 capacity ï expressed as a share of 2020 peak 

load ï increases, its capacity credit decreases. When storage equals 5% of peak load, CC values 

range from 0.63 to 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 effects between VREs, storage, and capacity credits are 

shown in Appendix Figures B2ïB3. These multi-attribute 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 

penetrations of each of these resources, are shown in Appendix Figures B13ïB14. 

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 would be localized to individual residential or commercial buildings. While 

distributed storage can have positive impacts improving grid operations such as reducing local 

grid congestion and the need for more transformer upgrades on a neighborhood or town level, 

bulk storage is more suited to address macro-system wide needs pertaining to reserve margin and 

frequency response maintenance. For our scope of study, a bulk storage representation of battery 

behavior more transparently captures impacts on long-term national grid planning with less 

variables to predict with decentralized battery storage. The 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 operators and 

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 4-hour 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 influence long-term investment decisions 

through 2050. Comparing different combinations of solar and wind CC values reveals 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 technologies ï solar, 

onshore wind, battery storage, and natural gas ï across the contiguous United States for both the 

Base Case (no national emissions constraint) and the Net-Zero Case (which achieves 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 higher non-zero static CC with 

zero onshore wind CC (yellow lines, illustrating multiple scenarios), we generally observe higher 

solar deployment when observing numerical results. Similarly, when onshore wind is assigned a 

higher non-zero static CC with zero solar CC (blue lines), we generally observe higher wind 

deployment with some slight overlap in some years. Nationwide, generation shares in the 
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dynamic CC scenario (black line) are most similar to the non-zero static CC with zero onshore 

wind CC scenarios for solar, onshore wind, and battery resources. In the Base Case with dynamic 

CCs, solar generation reaches a peak of approximately 38% of total generation while 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 reaches a peak of approximately 25% of total 

generation in 2050. The Net-Zero 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 the Net-Zero Case forces investment 

in solar and onshore wind, even if lower capacity credits entail higher costs. For both the Base 

Case and Net-Zero Case, the dynamic CC facilitates more reliance on solar and battery storage 

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

scenarios. 

 

Figure 4. Base Case (top row) and Net-Zero 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 assumptions can reveal more distinct results at a regional scale. 

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 high as 50% by 2050, while wind varies between 22% 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 technologies. Conversely, when wind has the higher CC 

(shown in blue), it dominates the generation mix.  

Broader regional trends mirror many observed national trends. Across all scenarios, there 

is a clear upward trajectory in renewable deployment through 2050. Dynamic CCs from 2020-

2035 drive the most, large-scale investment in solar and battery storage. Over time, generation 

share growth for solar and battery storage slows as their capacity credits decrease.  Battery 

storage plays a reinforcing role, in both the Base Case and Net-Zero Case, where its expansion 

correlates with higher solar deployment. Natural gas generation share drops more quickly in the 

Net-Zero Case than in the Base Case, as emission constraints are present.  

 

Figure 5. Base Case (top row) and Net-Zero 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 in shape through 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. While battery storage may support wind 

power integration, wind generation appears less sensitive to storage deployment. These feedback 

effects illustrate the interdependence between technology deployment and capacity valuation. 

Full regional results for all generation technologies are provided in Appendix Figures B15ïB54. 

 

Regional variation also arises from differences in renewable resource quality and baseline 

infrastructure. In regions with lower-quality wind or solar resources, natural gas remains more 

prominent (especially in the Base Case) due to the diminished marginal value of VRE and lack 

of a binding emissions constraint. In the Net-Zero 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 importance of region-specific modeling in power system 

planning. We do conclude that regardless of the capacity credit allocation for onshore wind, 

solar, and battery storage, the material impacts on model outcomes are less significant in the 

presence of national net-zero emission constraints and thus VRE capacity credit becomes a more 

subdued driver of system behavior. Full 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 penetration increases. While battery 

storage has been seen to have impacts most linked with renewable generation, its increasing 

presence can shift the time frames dispatchable generators decide to sell energy in bidding 

markets to yield the best profits from a balancing authority or utility perspective. Such shifts 

could lead to alterations in rate structure for consumers and reserve margin planning for grid 

operators. While the current model scope allows for onshore wind, solar, and battery storage CCs 

to go up or down depending on each resourceôs updating penetration level that can change in 

each time step due to retirements or resource investments of all resource types, the model scope 

we use does not holistically account for additional 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 behavior that are not captured within the scope of our study. For 

example, the rise of solar and wind generation 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 system reliability. EFC is 

calculated by multiplying each resourceôs capacity (in GW) by the dynamic capacity credit (CC) 

value determined for each scenario. This EFC metric is calculated and used in the model 

planning reserve margin constraint as discussed in the Methods. This provides a more accurate 

estimate of each technologyôs contribution to reliably meeting demand. CCs for firm, 

dispatchable resources are held constant across scenarios, while the dynamic CCs for wind, solar, 

and battery storage (shown in Appendix Figures B13ïB14) reflect how their contribution evolves 

with changing grid conditions and resource mixes.  

Figure 6 explores the relationship between system-wide 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 values tend to be more expensive. 

This positive relationship suggests that building a more reliable grid ï one with sufficient 

available capacity to meet demand ï typically incur greater cost. Conversely, less costly 

scenarios can achieve savings by underbuilding capacity and assigning overly optimistic CCs to 

resources, which reduces apparent capacity needs but increases reliability risks. 
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Figure 6. On the left: Base Case electric sector reliability as a function of national cost 

in $ billions. On the right: Net-Zero 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, the Net-Zero Case shows a steady 

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

cost of infrastructure required to meet increasingly stringent CO  reduction targets. By 2050, 

electric sector costs in the Net-Zero Case are approximately three times higher than in the Base 

Case, while EFC doubles. This highlights the critical role that expanding electrification will play 

in a future with decarbonization, as shown by the higher EFC for the Net-Zero Case (Figure 7b) 

relative to the Base Case (Figure 7a). 

The dynamic CC scenarios sometimes yield in higher costs than their static CC 

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

reason this occurs is in part to differences in the treatment 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 other capacity) must be built to meet equivalent reliability standards, driving up 

system costs. While it yields higher system costs, the dynamic CC application reflects a more 

realistic accounting of declining returns for non-firm resources in high-renewables systems. 

The dispersion of scenario outcomes increases substantially from 2030 onward. In both 

the Base Case and Net-Zero 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 hand, the reference scenario with solar CC = 

0 and wind CC = 0 produces one of the highest EFCs in most years, reflecting conservative 

assumptions that lead to overbuilding capacity but potentially yield a more robust and reliable 

grid. Performing even better in most years 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 EFCs ï indicative of greater 

reliability ï require more investment, particularly as decarbonization goals drive fossil 

generation off the grid. But without careful accounting of how different technologies contribute 

to capacity, planners risk under- or over-building, either compromising reliability or driving up 

unnecessary costs. The increasing spread in scenario outcomes over time further underscores the 

compounding effects of early assumptions on long-term 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 generation varies across scenarios, 

making this normalization useful for understanding system efficiency and reliability tradeoffs. 

Within each time period, across both the Base and Net-Zero Cases, a positive relationship 

between cost per MWh and EFC is apparent, reaffirming that more reliable systems are generally 

more expensive on a per-unit basis. The 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 EFCs. Like in Figure 6, the consistent drop in 

cost per unit generation in Figure 7 for most periods as time moves forward can be partially 

attributed to the 2% discount rate. The noticeable cost per unit generation increase from 2025 to 

2030 for the Base Case and 2025-2030 for the Net-Zero Case is consistent with VRE investment 

facilitated by policy such as the Inflation Reduction Act (IRA). 



 

40 

 

 

Figure 7. On the left: Base Case electric sector reliability as a function of national cost 

per unit of energy generated in $/MWh. On the right: Net-Zero Case electric sector reliability as 

a function of national cost per unit of energy generated in $/MWh. 

 

The Net-Zero 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 model to build additional capacity 

(often in the form of solar PV) to backfill lost firm capacity. This occurs even though solar 

receives a low CC (e.g., below 0.2 by 2050 in most regions), making it a less efficient but 

emissions-compliant option (see Figure B14). These results reinforce the finding that the 

treatment of battery storage CC is a critical driver of long-term system cost and design: static CC 

battery storage assumptions obscure the diminishing marginal value of storage as deployment 

increases, while dynamic CCs expose the added costs of battery storage needed 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 credit values, 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 adequacy and highlights 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 contrast, coal and nuclear 

exhibit less sensitivity to CC assumptions, with their shares of generation and capacity remaining 

relatively consistent across scenarios. Under Net-Zero constraints, the influence of CC 

assumptions is somewhat muted; wind and solar must be built 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 resource depending on 

how it is accredited. Dynamic 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 expansion adds modestly 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 capacity. While the Base Case dynamic CC scenario allows 

for more carbon intensive generation to occur, significant levels of decarbonization result as 

solar, battery storage, and onshore wind deployment occur even without the structural support of 

emission constraints as seen in the Net-Zero 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 mitigate some of the 

reliability and curtailment challenges observed here by enabling resource sharing across space 

and time. As policymakers and planners navigate the path to net-zero, incorporating realistic, 

system-dependent estimates of resource adequacy will be critical to ensuring reliable and cost-

effective grid transformation. 
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CHAPTER 4 ï The impact of inter-regional transmission on United States electricity 

consumption 

ABSTRACT 

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

and social wellbeing of societies worldwide. Inter-regional transmission can enable cost-

effective energy system operations while facilitating access to high-quality, 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 expansion impacts end-use electrification. This study 

applies the open-source Tools for Energy Model Optimization and Analysis (Temoa) energy 

system optimization model to examine the impact of inter-regional transmission on full-scale 

grid deployment planning, when electricity consumption is endogenously determined. Our 

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

is not sensitive to inter-regional 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 Net-Zero hydrogen investments in the industrial sector 

and Net-Zero hydrogen investments in the supply sector. Transportation and building 

electrification are generally less responsive to inter-regional transmission. National and regional 

ὅὕ emissions and management are not sensitive to inter-regional 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 how inter-regional transmission 

can influence regional generation choices, sector-specific electrification pathways, and carbon 

management strategies. 

 

INTRODUCTION  

While much progress has been made investigating optimal planning of inter-regional 

transmission infrastructure [1, 2], more work remains to understand the impact of transmission 

infrastructure on electrification end use. Inter-regional transmission expansion can 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 



 

43 

 

consumer costs [3], but large-scale 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 projects that 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 cyber-physical security threats will improve grid reliability [5] and 

stabilize the economics of grid operations [6]. Least-cost deep decarbonization pathways rely 

heavily on large-scale electrification of end-use 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 can reduce overall costs 

[9] and more effectively connect VRE sites that are far away from existing transmission and 

consumption centers, increasing the benefits of VREs. For locations with potential for high VRE 

penetration, investments in inter-regional transmission will  assist with capturing national energy 

system financial savings possible in a fully optimized nationwide transmission plan that would 

not be realized if new inter-regional transmission was not put in place [10]. There are also 

opportunities for strategic battery siting to complement transmission deployment [4] to further 

aid in reducing VRE curtailment [4, 11]. Battery storage can aid with reducing power sector 

emissions [12], and also prove effective in managing electric grid inertia which is key to grid 

operations [13]. Depending on the amount of transmission infrastructure, regions will have 

varying abilities in exporting generation to neighboring regions or locations [14, 15].  

Various long-term 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 input at set low, moderate, and high demand levels 

[3]. The Interconnections Seam Study electricity demand also predetermines demand from 

historical load patterns without modeling potential shifts in consumption patterns [16]. The 

National Renewable Energy Laboratory (NREL) Electrification Futures Study (EFS) takes a 

system-wide perspective, identifying how growing electricity demand from widespread 

electrification drives long-term infrastructure needs, including significant regional transmission 

expansion. Electrification is exogenously determined within the EFS modeling framework across 
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the building, industrial, and transportation sectors with reference, medium, and high scenarios 

[17]. While these studies have been effective in yielding planning solutions nationally, our work 

studies the less explored impacts of inter-regional transmission infrastructure investment on 

national electricity consumption that is endogenously determined across sectors with an open-

source model. 

 

METHODS 

Temoa Methodology  

Energy system optimization models (ESOMs) are useful for simulating grid operations 

and investment decisions across a range of future conditions, which can inform long-term system 

planning [18]. ESOMs have been used to observe the potential effects of proposed policy [19], 

and are helpful in characterizing uncertainty involved with modeling various decarbonization 

futures [20]. This study utilizes the Tools for Energy Modeling Optimization Analysis (Temoa) 

energy system optimization model to solve for infrastructure investment decisions through 2050. 

Though capturing structural and parametric uncertainty can be a persistent challenge in the 

energy system modeling space [21], Temoa is well-suited to conduct rigorous uncertainty 

analysis given the wide variability in potential inter-regional transmission investment costs [22]. 

It is designed to operate in high computing environments [23], with the ability to determine 

various pathways for decarbonization at comparable system-level costs [8]. Temoa minimizes 

the system-wide cost of an energy supply by optimizing the deployment and utilization of energy 

technologies over a user-specified time horizon [24]. 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 specified end-

use demands for the full national energy system through the 2020-2050 time horizon [24]. 

 

ὓὭὲὉὲὩὶὫώ ὛώίὸὩά ὅέίὸὊὭὼὩὨ ὅέίὸὠὥὶὭὥὦὰὩ ὅέίὸὍὲὺὩίὸάὩὲὸ ὅέίὸ (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 effectively as a perfect 

foresight modeling workflow, but the myopic model framework is more representative of shorter 
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time frames associated with real-world decision making [25]. Myopic decision making allows 

for advances in technology or changes in policy within every 5-year 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 (OEO) initiative [26]. 

These regions include California, Central, Mid-Atlantic, North Central, Northeast, Northwest, 

Southeast, Southwest, and Texas as seen in appendix Figure C1. 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 energy system is characterized by six sectors: supply, 

electric, commercial, residential, transport, and industrial. 

 

Focus parameters of full-scale grid study 

Inter-regional transmission investment cost is a key sensitivity we tested. We set out to 

understand how transmission investment costs can impact long-term grid planning and 

endogenized electricity demand across the whole energy system. The set of tested investment 

costs is shown in appendix Table C1, ranging from $800/MW-mile to $3,500/MW-mile [22]. In 

addition, we assess two extreme cases: free interregional transmission investment and no 

interregional transmission use or investment (including pre-existing and future transmission 

capacity). These $/MW-mile values are multiplied by regional distance lengths between region 

centroids to yield $ million/GW installed costs, following an approach by PowerGenome, an 

open-source tool useful for organizing inputs for power systems models [27]. 

In addition to transmission cost, we also considered the system under both a Base Case 

and a Net-Zero Case. The Base Case only includes regional emissions limits consistent with 

current policies (as of January 2025) and the Net-Zero Case adds a national emissions constraint 

that linearly declines to net-zero between 2025 and 2050, while retaining the existing regional 

limits. Table C2 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 [28], 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) reliability metrics to capture 
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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 of transmission costs on national electricity consumption 

On a national scale, over the 30-year model time horizon from 2020-2050, electricity 

consumption is insensitive to transmission investment costs. As shown in Figure 1 under both the 

Base Case and Net-Zero Case assumptions, endogenized electricity consumption across end uses 

remains largely constant as transmission investment cost varies. Except for the total electricity 

consumption in 2050 under the Net-Zero Case, transmission available at no installed cost results 

in the highest electricity consumption in every 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 region-specific costs of 

electricity are sufficiently similar there 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 Net-Zero Case scenarios. The electric sector 

consumption accounts for electricity generated for use in downstream sectors, including losses 

from generation, transmission, and battery storage inefficiencies.  While transport electricity 

consumption does not appear affected by inter-regional 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 the Net-Zero 

Case, supply 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 Figure C8), reflecting efforts to decarbonize the most challenging parts of the energy 

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

 

Impact of transmission costs on infrastructure 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 California-

Northwest and Southwest-California, as observed in Table C3. At the lowest non-zero 

investment cost of $800/MW-mile, approximately 6 GW of transmission is built between the 

California-Northwest pair and 16 GW for the Southwest-California pair. Transmission 

infrastructure investment beyond pre-existing interregional infrastructure before 2020 is no 

longer advantageous at $1,700/MW-mile for both respective region pairs. 

In the Net-Zero Case, greater opportunities for interregional transmission capacity 

buildout emerge, as shown in Table C4. Key regional pairs include California-Northwest, 

Southwest-California, Texas-Central, Southwest-Central, and North Central-Central. At the 

lowest (non-zero) investment cost of $800/MW-mile, approximately 2 GW are built for the 

California-Northwest pair, 40 GW for the Southwest-California pair, 4 GW for the Texas-Central 

pair, 3 GW for the Southwest-Central pair, and 74 GW for the North Central-Central pair. 
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Transmission infrastructure investment beyond pre-existing interregional infrastructure before 

2020 is no longer advantageous at $1,340/MW-mile, $1,880/MW-mile, and $1,160/MW-mile, 

$980/MW-mile, and $1500/MW-mile 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 Net-Zero constraints drives transmission infrastructure capacity expansion for the 

North Central-Central interregional connection, particularly at lower invest costs, whereas no 

capacity is added at that cost in the Base Case. 

 
Figure 2. 2020-2055 Notable Interregional Transmission (a) Base Case Capacity Expansion 
(GW), (b) Net-Zero Case Capacity Expansion (GW), (c) Base Case Electricity Imports (TWh), 
(d) Net-Zero Case Electricity Imports (TWh), (e) Base Case Electricity Exports (TWh), (f) Net-

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 tend to plateau once 

transmission investment costs exceed $1,700/MW-mile and transmission capacity build-out 
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levels off. This trend is evident in the import and export plots in Figure 2c-f, as well as in the bar 

graphs in Figure 3, which show the magnitude and direction of electricity flows between regional 

pairs. In many cases, the Net-Zero Case exhibits larger flows than the Base Case. However, in 

some instances, flow direction reverses entirely when transmission investment is free compared 

to when it carries a non-zero cost. These shifts are largely driven by small regional differences in 

electricity generation costs, which can lead to significant energy movements when new inter-

regional transmission is free. Once transmission costs rise to the first non-zero level of 

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

diminishes. This pattern is especially noticeable for the TexasïCentral, Mid-AtlanticïNortheast, 

and North CentralïMid-Atlantic pairs. 

 
Figure 3. Notable Inter-regional Pair Transmission Electricity Flows for Base Case and Net-

Zero Case (TWh), transmission investment cost increasing from top to bottom for each bar 
group 

In Base Case and Net-Zero Case (Table C5 and Table C6), the biggest electricity 

importers are North Central, California, Texas, and Southeast. When observing Base Case 

exports, the biggest electricity exporters are Northwest, Central, Mid-Atlantic, and Southwest 

(Table C7). The Northeast is a net exporter through 2050, but the quantity is small at 

approximately 88 TWh in the Base Case (Table C7) and 370-380 TWh in the Net-Zero Case 

(Table C8) for every non-zero transmission investment cost scenario. While there is uncertainty 
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regarding future inter-regional transmission investment costs through 2050, our study 

demonstrates in part what inter-regional flows are bound to occur regardless of investment cost 

variability. 

 

Impact of transmission variations on regional generation mixes with respect to national 

electricity consumption  

While we establish that national electricity consumption is not 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 deviations from general trends driven by inter-regional transmission 

investment costs can be attributed to more subtle underlying complex behaviors and feedback 

loops in the modeling. 

 
Figure 4. Base Case Power Sector Electricity Generation by Region (TWh), transmission 

investment cost increasing from left to right for each bar group 

 

When transmission investment is free, cheaper electricity generation is cost-effectively 

moved to places with higher generation costs. The differences in regional electricity generation 

costs for resources such as onshore wind and solar between neighboring regions can help drive 
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the flow of electricity inter-regionally. 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 lower-cost electricity from the neighboring 

Northwest and Southwest regions. This reliance on imports underscores the trade-off between 

energy independence and cost-effective grid operations. In the Base Case, when interregional 

transmission investment is inexpensive, the Northwest 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, California increases local solar generation from 2030 to 2050 and 

onshore wind generation by 2050. 

 

Figure 5. Net-Zero Case Power Sector Electricity Generation by Region (TWh), transmission 
investment cost increasing from left to right for each bar group 

 

In the Net-Zero 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 CaliforniaïNorthwest and CaliforniaïSouthwest region pairs. In the Net-Zero Case, 

electricity exports from the Northwest to California decline as inter-regional transmission 

investment costs rise, making Northwest generation less sensitive to those costs (see Figure 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 2050. Although 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 inter-regional transmission costs compared to renewables like onshore 

wind and solar that are frequently paired with it. 

The rise in renewable generation in both the Base Case and Net-Zero Case when 

transmission investment costs are low, along with increased inter-regional electricity flows 

between the CaliforniaïNorthwest and CaliforniaïSouthwest pairs (as shown in Figure 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 efficient deployment and use of high-quality 

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 and Net-Zero Case (see 

Figure C2 and C3), particularly in the industrial sector. With a more pronounced effect between 

2045-2050 in the Base Case and 2045 in the Net-Zero 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 Net-Zero Case in California (PJ), transmission 

investment cost increasing from left to right for each bar group 

 

The increase in industrial sector natural gas consumption from 2035-2040 for the Net-Zero Case 

in California is seemingly counter-intuitive, but it is possible for this behavior to correspond with 

the most cost optimal options to meet national emission limits. Carbon management in California 

stays relatively the same from 2030-2050, but in the key years of 2035-2040 where California 

natural gas consumption increases, carbon management in the Northwest, Southwest, North 

Central, Central, Texas, and Southeast regions increases substantially (see Figure C7). The 

model decarbonizes regional grids where it is cheapest and also allows for carbon intensive fuel 

usage to increase where it can be nullified by growing carbon management within national 

emissions constraints (see Table C2).  

The relatively limited impact that transmission investment costs have on national carbon 

management is noteworthy. There are generally increases in carbon management for both the 

Base Case and Net-Zero Case when transmission costs go from zero to non-zero and non-zero to 

infinite, but carbon management is essentially the same between $800/MW-Mile to $3,500/MW-

mile (see Figure C4). Atmospheric carbon capture, biomass to hydrogen with carbon 

capture/storage and bio-energy with carbon capture/storage are the primary contributors to 

national carbon management with significant jumps in each period from 2035 onward in the Net-
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Zero Case. Base Case national carbon management is solely from the California region where a 

state-level emission cap is in effect. 

 

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

Net total present value for national end-use costs (variable, fixed, and investment costs) 

were calculated by resource type in each period (Figure 7). For both the Base Case and Net-Zero 

Case, there is generally a small increase in total national power system cost as transmission 

investment cost increases, but on a national scale electricity supply costs can characterized as 

relatively insensitive to inter-regional transmission investment cost. In the Base Case, national 

power system costs appear to decrease in each time period progressing to the mid-century except 

for a jump in 2030 when there is notable investment in onshore wind, solar, and battery storage 

nationally across all scenarios. In the Net-Zero Case, national end-use cost increases in each time 

period progressing towards 2050. Battery storage investment consistently grows from 2025-2050 

and offshore wind has growing investment from 2045-2050. Major investments in biomass are 

made in 2040 before dropping slightly in 2045 and 2050. Natural gas investment counter-

intuitively increases from 2045-2050 under the Net-Zero national emissions limit, but this 

matches a significant increase in ὅὕ capture capture and sequestration in 2050 as seen in Figure 

C4, and carbon management nationally for the industrial sector in Figure C5. When aggregating 

cost across the 30-year time horizon as seen in Figure 8, national power system cost variance is 

at approximately $25 billion for the Base Case and $31 billion for the Net-Zero Case when 

considering more realistic inter-regional transmission costs ranging from $800/MW-mile to 

$3,500/MW-mile. Net-Zero Case power system costs are approximately $1.12 trillion more 

expensive when compared to the Base Case through 2050. 
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Figure 7. National Base Case and Net-Zero Case Power System Costs, transmission investment 

cost increasing from left to right for each bar group 

 

 

Figure 8. National Base Case and Net-Zero Case Total Power System Costs, transmission 

investment cost increasing from left to right for each bar group 

 

When observing national full energy system costs in Figure 9, a low 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 Net-Zero Case power system costs. 

 
Figure 9. National Base Case and Net-Zero Case Power Sector End-Use 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 Net-Zero Case energy systems essentially cost the same 

amount from 2020-2035, and then from 2035 onward the Net-Zero Case energy systems cost 

within approximately $500 billion within the 2040, 2045, and 2050 time periods. From a macro 

view of energy system costs through 2050, the primary sector driving differences in cost is the 

electric sector between the Base Case and Net-Zero Case. It is clear, however, that inter-regional 

investment transmission costs have a minimal influence on impacting national energy system 

costs (as seen in Figure 10). 
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Figure 10. National Base Case and Net-Zero Case Total Energy System Costs, transmission 

investment cost increasing from left to right for each bar group 

 

 

CONCLUSIONS 

This study investigates the critical role of inter-regional transmission investment costs in 

long-term energy system optimization, focusing on their impact on electrification, regional 

generation mixes, and carbon management strategies. Our findings reveal that while 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. Notably, regional generation can be optimized through the 

movement of cheaper electricity from lower-cost regions, reducing the need for local 

overbuilding and facilitating more cost-effective grid operations. However, the economic 

advantages of transmission expansion are not uniformly realized at the national scale, as 

electricity consumption patterns do not dramatically shift in response to varying transmission 

costs. 

The presence of inter-regional 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 inter-regional transmission 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 infrastructure supports decarbonization 

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 sub-regional transmission costs, could provide deeper insights into how 

transmission investments influence regional and national decarbonization strategies. The 

application of Temoaôs modeling framework to account for uncertainties and various grid 

planning constraints would further elucidate the next-best 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 sector-specific electrification pathways, particularly in the industrial and 

transportation sectors, remain sensitive to inter-regional transmission infrastructure. The findings 

underscore the necessity of accounting for both the short-term and long-term costs of 

transmission infrastructure as grid planners look to optimize 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 impact of sub-regional transmission 

investment decisions, such as low-voltage lines and substations. The potential for Temoa to 

model alternative grid configurations under different regulatory frameworks offers a promising 

direction for advancing our understanding of transmissionôs role in shaping future energy 

systems. 
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CHAPTER 5 ï 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 organized into three main parts 

corresponding to the findings from Chapters 2, 3, and 4. Each section highlights the chapter's key 

findings, their implications, and potential directions for future work 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 clean, firm generation during 

the transition to a decarbonized system. This study 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 load carrying 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 approach 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 average capacity factor method 

offers a promising way to estimate CC in a fast, cost-effective manner for long-term grid 

planning, though it does not fully capture the complexities of resource blending. A more nuanced 

approach that accounts for this synergy could further 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 its true impact on CC. 

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 simulations would improve 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 assumptionsðsuch as fixed values for solar and 

windðare insufficient for accurately capturing the evolving interactions within the grid, 

particularly as VRE penetration increases. Dynamic CCs, which adjust based on system 

characteristics, provide a more realistic view of resource adequacy and improve it. Differences in 

CC assumptions significantly affect regional generation mixes, especially for onshore wind, 

solar, battery storage, and natural gas, while having less impact on other common technologies 

such as coal 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 of storage capacity, shaping system 

design, reliability, and overall cost. 

These findings suggest that planners could benefit from implementing dynamic CCs in 

grid design to more accurately assess resource adequacy and avoid over- or under-estimating 

capacity needs. Static CC values can lead to unrealistic results, particularly in areas with high 

VRE penetration, such as the Southwest and Texas. Battery storage has a valuable role 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 them in place under business-as-usual grid operation 

conditions. 

Future work could explore how inter-regional transmission could 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 battery storage and VRE resources under more rigorous 

weather variability study, which would better capture the complex interactions between storage 

and VRE resources within larger grid operations. Finally, incorporating more realistic emissions 

constraints into modeling will be essential to fully evaluate how dynamic CCs interact with 

decarbonization goals and to design a sustainable, cost-effective energy system. 
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Chapter 4: Inter-regional 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. Inter-regional transmission enables more cost-

effective grid operations by moving cheaper electricity from lower-cost regions, thereby 

reducing the need for local overbuilding and promoting a more diversified and coordinated 

energy system. Although transmission infrastructure supports 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 benefitsðsuch as greater renewable energy integrationðare 

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 aiming to meet decarbonization 

targets without compromising reliability. 

Future research could investigate how federal and state policies on emissions and 

renewable energy targets interact with inter-regional transmission investments. Understanding 

these dynamics could refine future transmission planning strategies. A more granular analysis of 

sub-regional transmission infrastructure, such as low-voltage 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 social scientists to evaluate the long-term 

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 reliability and sustainability. 

 

Closing Thoughts 

Each chapter of this study has revealed important aspects of how renewable energy 

resources, battery storage, and inter-regional transmission impact the optimization of power 

systems. From understanding the capacity credit of VREs to evaluating the role of transmission 
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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 strategies, and exploring the synergy 

between inter-regional 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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Figure A1. Mean relative error of resource clusters capacity factor estimation under a 

range of peak net load hours 

 


