
ABSTRACT 

LI, BINGHUI. An Assessment of North Carolina's Future Electricity System Under 

Uncertainty. (Under the direction of Joseph DeCarolis). 

 

Electricity generation represents the largest share of carbon dioxide emissions across 

all energy sectors in North Carolina. Despite the rapid expansion of renewable energy over the 

past decade, the share from all renewable energy sources in North Carolina was only 8% in 

2016. There is a critical need to examine state-specific, long-term energy pathways that achieve 

future reductions in greenhouse gas emissions. This thesis is dedicated to a rigorous 

examination of electricity futures for North Carolina. 

 As one of the only two locations with near-shore access to the Gulf Stream, North 

Carolina can potentially employ Gulf Stream energy as a low-carbon electricity source. 

However, rigorous techno-economic assessment is required to determine whether novel marine 

energy technologies can be economically competitive in future energy systems. In addition to 

more focused, technology-specific assessments, it is critical to consider how the deployment 

of specific technologies affects the rest of the power system. Therefore, long-term electricity 

system planning should systematically consider the operation of all electricity generating 

technologies within the entire system. 

This thesis provides a comprehensive techno-economic assessment of ocean turbines 

operating in the Gulf Stream off the North Carolina coast and a state-level analysis of the North 

Carolina electric power sector through 2050. This thesis fulfills the following objectives: (1) 

evaluate the techno-economic feasibility of Gulf Stream energy off the North Carolina coast; 

(2) examine the future North Carolina electricity system through 2050 under different future 

scenarios using an energy system optimization model; and (3) develop a framework to consider 



investments in specific energy technologies while accounting for future uncertainties by 

combining stochastic programming and decision analysis. 

In addition, a diverse set of methods are utilized to address future uncertainties faced 

in this study. A portfolio optimization model is developed to reduce variations associated with 

Gulf Stream electricity output. In the state-level electricity system modeling study, multiple 

scenarios are developed to explore the effects of different fossil fuel price trajectories and 

implementation of the U.S. EPA’s Clean Power Plan (CPP). A method is also developed to 

estimate the break-even capital cost associated with technologies not deployed, which can be 

used to identify parameter ranges for sensitivity analysis. In the last section, the state-level 

analysis in the previous chapter is extended by including a two-stage stochastic programming 

model that explicitly considers future fuel price uncertainty with and without future climate 

policy. The stochastic optimization results are then embedded in a decision tree that considers 

the probability of future climate policy. 

The thesis work suggests the following high-level insights. The techno-economic 

analysis in Chapter 2 indicates that the lowest levelized cost for a single 16 MW site can reach 

400 $/MWh. The portfolio optimization demonstrates that geographic diversification of ocean 

current sites can reduce the variability in Gulf Stream electricity production by over an order 

of magnitude and the lowest levelized cost for an 80 MW portfolio can reach below 300 

$/MWh. Consideration of Gulf Stream energy within an electricity system model indicates that 

it is not a cost-effective option when compared to other competing renewables. The state-level 

electricity system study detailed in Chapter 3 also suggests that high natural gas prices without 

the CPP can make coal cost-effective, leading to increased CO2 emissions from 2015 to 2050. 

By contrast, the CPP suppresses new coal capacity, capping CO2 emissions and leading to 



reductions in SO2 and NOX emissions. Chapter 4 indicates that under baseline cost and 

performance assumptions, the optimal investment strategy avoids small modular reactor 

(SMR) deployment before 2025, while under optimistic assumptions of SMR capital costs, the 

optimal strategy involves making an SMR investment. The methodology developed in Chapter 

4 can be applied to a number of different energy-related technology investments. 
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1. INTRODUCTION  

Increasing evidence indicates global average temperatures have risen by a greater rate 

during the twentieth century [1] than the pre-industrialized era due to anthropogenic 

greenhouse gas (GHG) emissions. In 2013, the Intergovernmental Panel on Climate Change 

(IPCC) concluded that “it is extremely likely that human influence has been the dominant cause 

of the observed warming since the mid-20th century” [2]. To avoid catastrophic climate 

impacts, immediate action to mitigate emissions should be taken. 

Twenty-nine percent of the total US GHG inventory came from electricity generation 

in 2015, accounting for the largest share across all energy sectors [3]. In 2016, approximately 

64% of US electricity came from burning fossil fuels, mostly coal and natural gas, whereas 

carbon-free sources, consisting of renewable energy and nuclear power, only contributed 35% 

of the total share [4]. Although research and development on carbon capture and sequestration 

(CCS) is underway, most CCS technologies are precluded from commercial scale application 

due to technical immaturity and economic inefficiency [5,6]. Therefore, carbon-free energy 

sources must be widely deployed in the electric power sector to mitigate GHG emissions. 

Renewable energy sources represent a critical category of carbon-free energy. 

Renewable energy comes from sources that can be continually replenished, such as solar, wind, 

and biomass. The US has access to a diverse and abundant set of renewable energy sources. 

From 2005 to 2015, onshore wind capacity grew more than eightfold and grid-connected solar 

photovoltaic (PV) capacity increased by more than a factor of 109 i, owing primarily to cost 

and performance improvements as well as policy incentives [7,8]. However, renewables 

                                                           
i The cumulative US onshore wind capacity is 9,121 MW and 73,992 MW in 2005 and 2015, while the 

cumulative US grid-connected solar PV capacity increases from 234 MW in 2005 to 25,599 MW in 2015. 

Source: [7,32] 
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exhibit significant spatiotemporal diversity across all US states [9]. Most wind farms are 

located within interior US states, especially the Great Plains [7], while southwestern states, 

such as Arizona, California and New Mexico, have better access to high solar insolation [9]. 

Given the spatial heterogeneity in renewable energy potential, each state must identify its own 

optimal generation mix. 

North Carolina (NC) is the ninth most populous US state and the first state in the 

Southeast to adopt a Renewable Energy and Energy Efficiency Portfolio Standard (REPS). NC 

has seen a significant expansion of solar PV in the past decade, and its cumulative installed 

solar PV capacity was 2,002 MW in 2017 [4], ranking second among all US states. Electricity 

generated from solar PV doubled annually from 2008 to 2016 [4]. However, solar PV and 

onshore wind power together represent less than 3% of total NC electricity generation in 2016, 

and the share from all renewable energy sources is only 8% [4], implying that NC still has 

significant potential for renewable energy deployment.  

In addition to wind and solar PV, NC has over 3000 miles [10] of coastline, which can 

accommodate various marine-based energy sources. For example, Lopez et al. [9] show that 

NC has over 300 GW of technical potential for offshore wind power, making it the fifth highest 

among all US states. In addition, NC and Florida are the only locations where it is possible to 

harness Gulf Stream energy. However, marine energy technologies are in early stages of 

development and further studies are required to assess their technical potential and cost-

competitiveness. Therefore, rigorous techno-economic assessments are required to determine 

whether novel marine energy technologies can be economically competitive in future energy 

systems. 
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In addition to more focused, technology-specific assessments, it is critical to consider 

how technology performance affects the rest of the power system. In particular, studies focused 

on the market penetration of intermittent and variable renewable energy sources should 

consider challenges associated with the security and adequacy of power system operation 

[11,12]. Furthermore, long-term electricity system planning should systematically consider the 

operational effects of all electricity generating technologies within the entire system. Such 

model-based analyses often involve computer-aided energy system evaluation. An energy 

system is defined as the process chain (or a subset of it), from the extraction of primary energy 

resources to the delivery of final energy carriers to meet end-use demands [13]. Typically, an 

energy system is modeled as an interconnected network consisting of technologies with 

detailed techno-economic parameters, such as investment and operation costs, efficiencies, and 

lifetimes. Energy system models, which are widely employed in a diverse set of studies [14], 

initially emerged as a tool for national energy policy analysis focused on energy security and 

independence in the wake of OPEC oil embargo [15,16]. With the rising concern over climate 

change, an increasing number of model applications are dedicated to identifying low-carbon 

future pathways for energy systems [17,18].  

A diverse set of energy system models have been developed and utilized to produce 

policy-relevant insights. Energy system models are typically categorized into top-down and 

bottom-up models [14,17], based on modeling purpose, architecture, and how the interplay 

between economy and technology are modeled. Top-down models are often focused on 

macroeconomic frameworks, such as general equilibrium, and take into account feedbacks 

between energy sector activities and macroeconomic indicators. By contrast, bottom-up 
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models provide more detailed techno-economic representations of specific technologies and 

are widely employed to assess the integration of one or more technologies into a larger system.  

Energy system optimization models (ESOMs) represent a crucial class of energy 

system models. ESOMs are typically technology-rich, bottom-up models that utilize linear 

programming techniques to minimize the total system-wide cost of energy supply by 

optimizing capacity deployment and utilization over a user-specified time horizon [19]. 

Individual technologies are represented by simplified techno-economic parameters, while end-

use demands are met on a daily, weekly, monthly, or seasonally average basis. Demands are 

extrapolated over a time horizon that is typically multiple decades in order to capture the 

turnover in energy-related capital stock in response to changing fuel prices, technology 

innovation, and new policy. Thus, ESOMs serve as a useful tool of inquiry that can guide 

energy and environmental policy. Commonly used ESOMs include MARKAL/TIMES 

[20,21], MESSAGE [22], OSeMOSYS [23], Temoa [24], and SWITCH [25]. ESOMs are 

complex, data-intensive systems that are sensitive to input assumptions; small perturbations 

can produce radically altered strategies [26]. Many of the sensitive behaviors can be traced to 

intrinsic characteristics of linear programming. As a result, sensitivity analysis is a critical tool 

to examine the effect of relaxing constraints or altering certain key influential parameters. In 

addition, ESOM results are not validatable [27], meaning that they are likely to have low 

accuracy and unquantifiable errors [27,28]. Therefore, sensitivity and uncertainty analysis are 

required to derive useful insights from ESOM-based analysis. Methods to address future 

uncertainty include scenario analysis, global sensitivity analysis, and stochastic programming 

[19,29].  
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The goal of this thesis is to evaluate future energy pathways for the state of North 

Carolina by performing a broad and deep assessment of available energy technologies. Real-

world energy systems involve a variety of stakeholders, who often have different interests and 

objectives. This thesis takes a problem-driven approach that includes techno-economic 

assessment, energy systems optimization modeling, uncertainty analysis, and decision 

analysis. The thesis goal motivates the following objectives: 

1. Evaluate the techno-economic feasibility of Gulf Stream energy off the North Carolina 

coast. The resultant levelized cost of electricity (LCOE) estimates provide the first 

published economic characterization of Gulf Stream energy over a continuous region 

off the North Carolina coast, and is relevant to investors who may wish to pursue 

offshore energy investments. 

2. Examine the future North Carolina electricity system through 2050 under different 

future scenarios using an ESOM. The results are relevant to North Carolina policy 

makers and utilities, who are interested in long-term electric sector development. Many 

states, including North Carolina, lack the analytical capabilities to perform such 

analysis. This thesis provides a blueprint for future work by developing an open source, 

state-specific ESOM dataset that is based on publicly available data. 

3. Develop a framework to consider investments in specific energy technologies while 

accounting for future uncertainties. This work combines both stochastic optimization 

and decision analysis to consider future energy system uncertainties in a 

computationally tractable way. The results are relevant to utilities, which make 

investment decisions under uncertainty. 



6 
 

The dissertation is organized according to the three objectives given above. Chapter 2 

examines the viability of ocean currents as a means to produce electricity, using the Gulf 

Stream off the North Carolina coast as a case study. Resource quality is evaluated using 

hindcast data from the Mid-Atlantic Bight, South Atlantic Bight ocean circulation model [30] 

along with assumptions related to hydrokinetic turbine performance. The spatiotemporal 

uncertainties in resource availability are quantified. To minimize the variability in Gulf Stream 

electricity production, a portfolio optimization model is developed to identify the best sites for 

marine turbine deployment. In addition, the LCOE associated with both optimal portfolios as 

well as individual sites is calculated using engineering economic assumptions from existing 

literature and previous projects [31].  

Chapter 3 details a state-level analysis for the North Carolina electric power sector 

through 2050. Tools for Energy Model Optimization and Analysis (Temoa), a bottom-up, 

technology-rich ESOM is employed to perform the analysis. Uncertainties associated with 

future fuel prices as well as the implementation of climate policy are considered. To address 

parametric uncertainties, scenario analysis is performed. Three fuel price trajectories drawn 

from Energy Information Administration’s (EIA) Annual Energy Outlook 2015 are utilized, 

and the Environmental Protection Agency’s (EPA) Clean Power Plan is used as a proxy for 

climate policy. Combinations of fossil fuel prices and climate policy result in six different 

scenarios. In addition, this chapter includes a first-of-a-kind parametric sensitivity analysis that 

estimates the break-even investment cost for specific energy technologies to enter the model 

solution under different scenarios and model time periods. 

Chapter 3 utilizes scenario analysis to address parametric uncertainties by developing 

a set of independent deterministic scenarios with different exogenously specified assumptions. 
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Therefore, different scenarios will provide different outcomes, resulting in distinct and 

mutually exclusive pathways. Chapter 4 extends the state-level analysis in Chapter 3 by 

including a two-stage stochastic programming model that explicitly considers future fuel price 

uncertainty with and without future climate policy. The stochastic optimization results are then 

embedded in a decision tree that considers the probability of future climate policy. Parametric 

sensitivity analysis is performed to address uncertainties associated with the climate policy 

probability, which is difficult to quantify. This framework is applied to examine the efficacy 

of investing in small modular reactors (SMRs) under uncertain climate policy and natural gas 

prices.  

The last chapter synthesizes the insights drawn from the research and discusses high-

level findings that cut across the different chapters. Caveats and further work are also presented 

in this section. 
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2. THE ECONOMICS OF ELECTRICITY GENERATION FROM GULF 

STREAM CURRENTS 
 

2.1.Introduction 

Marine energy resources, which include ocean waves, tides, open ocean currents as 

well as gradients in ocean temperature [1] and salinity [2], could serve as an important low 

carbon renewable energy source. Previous research has shown great potential for marine 

electricity generation worldwide [3–9]. The available kinetic energy in US coastal waters 

associated with wave, tidal, and ocean current energy resources is estimated to be 1170 TWh/yr 

[8], 222-334 TWh/yr [9] and 45-163 TWh/yr [7], respectively.  

Ocean currents (i.e., non-tidal marine currents) are seawater circulations driven by a 

combination of wind, density, and pressure differences in the ocean [1]. Ocean currents mostly 

flow horizontally and typically have their highest flow velocities near the surface. On average, 

they will have a prevailing direction, but temporal variability can at times be strong. Ocean 

currents have been studied over the past several decades as a potential energy source for 

electricity generation, especially the Gulf Stream [5–7,10–12], the Kuroshio Current [13,14], 

and the Agulhas Current [15–17]. These are all jet-like oceanic western boundary currents, 

which are among the swiftest large-scale marine currents. Their current speeds are fast enough 

to be considered excellent energy resources [11,18]. These western boundary currents typically 

are thousands of km in length, about 100 km wide, extend to at least 1000 m depth, and have 

the strongest current speed at the surface near the center of the current [11].  

As the most intensely studied ocean current, the Gulf Stream begins in the Caribbean 

and terminates in the North Atlantic Ocean. This fast moving ocean current brings a significant 

amount of heat and salt to the European continent, and also provides an opportunity for energy 
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capture. In the US, the most plausible locations to harness Gulf Stream energy are in the Florida 

Straits and off the North Carolina coast, the two locations where the current makes its closest 

approach to shore. The estimated extractable energy from the Florida Current (i.e., the portion 

of the Gulf Stream within the Florida Straits) ranges from 1 GW to 10 GW [5–7], and the 

portion of the Gulf Stream within 200 miles of the US coastline between Florida and North 

Carolina can yield approximately 9 GW or 80 TWh per year of electrical power [7].  

Most ocean currents exhibit some degree of path meandering [19–25] as well as periods 

of acceleration and deceleration. As a consequence, the ocean current velocity at a specific 

location is subject to temporal variability [26].  Previous studies [19,23,24,27] have shown that 

the lateral movements of the Gulf Stream from the Florida Straits to Cape Hatteras, NC can be 

significant due to wind forcing, flow instabilities, and bathymetric effects. Along the 

southeastern US coast, the standard deviation of the lateral Gulf Stream position displacement 

increases from 5-10 km within the Florida Straits to an approximate 40 km local maximum 

downstream of a bottom topographic feature off Charleston, SC known as the ‘Charleston 

Bump’ (31°-32° N latitude). The standard deviation in the Stream’s lateral displacement 

decreases moving northeastward (downstream) from the Bump, to approximately 10-20 km at 

Cape Hatteras, NC. These path variations will influence the cost-effectiveness of Gulf Stream 

energy extraction.  

Previous work includes technical assessments of marine turbine design and 

performance, mostly to address tidal energy applications [28–35]. In addition, a detailed cost 

analysis for a hypothetical project in the Florida Straits has been performed [10,36]. However, 

the Florida Current is confined within the Florida Straits, which is approximately 100 km wide 

between the Florida peninsula and the Bahama Banks.  By contrast, significant meanders are 
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observed for the Gulf Stream off the North Carolina coast [11,19]. While resource assessments 

conducted at several discrete locations near Cape Hatteras, NC indicate potential for 

commercial development [11,37], they do not tie ocean current resource estimates to the 

economic performance of turbine arrays.  

This paper represents a significant extension of existing work by providing a 

comprehensive techno-economic assessment of ocean current energy off the North Carolina 

coast. Our analysis is the first to combine a multi-year resource assessment based on output 

from a high-resolution ocean circulation model, a portfolio optimization to identify optimal 

locations to install turbine arrays, and a levelized cost analysis that considers the tradeoff 

between resource quality and distance to shore. Furthermore, this paper represents the first 

application of portfolio optimization in order to identify a diverse set of generation sites that 

hedge against the risk of future Gulf Stream meanders. The structure is as follows. Section 2.2 

describes the model assumptions used for resource assessment and the techno-economic study, 

and introduces the portfolio optimization model. The results are presented in Section 2.3, and 

Section 2.4 describes the insights and conclusions from this study. 

 

2.2.Methods 

 

2.2.1. Resource Characterization 

Gulf Stream resource data is obtained from a realistic high-resolution regional ocean 

circulation model, which is used to hindcast the circulation of the Middle Atlantic Bight 

(MAB), South Atlantic Bight (SAB) and parts of Gulf Stream, Slope Sea, and Sargasso Sea 

[38]. The MABSAB model is based on the Regional Ocean Modeling System (ROMS), a free-
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surface, terrain-following, primitive equations ocean model in widespread use for estuarine, 

coastal, and regional ocean-wide applications [38]. The MABSAB model covers the domain 

from 81.89° W to 69.80° W, 28.41° N to 41.84° N. The horizontal resolution is approximately 

2 km. Depth is represented by 36 terrain-following layers [38].  

Model bathymetry was interpolated from National Geophysical Data Center (NGDC) 

2-Minute Gridded Global Relief Data. Momentum advection equations were solved using a 

third order upstream bias scheme for three-dimensional velocity and a fourth-order centered 

scheme for two-dimensional transport, whereas tracer (temperature and salinity) advections 

were solved with a third-order upstream scheme in the horizontal direction and a fourth-order 

centered scheme in the vertical direction. The horizontal mixing for both the momentum and 

tracer utilized the harmonic formulation with 100 and 20 m2/s as the momentum and tracer 

mixing coefficient, respectively. Turbulent mixing for both momentum and tracers was 

computed using the Mellor/Yamada Level-2.5 closure scheme [39]. For open boundary 

conditions, the model was nested inside the 1/12 degree global data assimilative 

HYCOM/NCODA [40] output superimposed with the 6 major tidal constituent forcing derived 

from an ADCIRC tidal model [41] simulation of the western Atlantic. 

The MABSAB sub-domain selected for analysis was 77° W to 74° W, 33° N to 36° N, 

which includes the strongest, near-shore Gulf Stream current off the North Carolina coast.  

While the fastest Gulf Stream currents are closest to the surface, we assume the turbines are 

installed at a depth of approximately 50 m below the sea surface to accommodate the drafts of 

large ships and to keep turbine hardware out of the surface wave zone. The study domain is 

shown in Figure 2.1: the 334 km × 280 km rectangle is discretized into a 2 km × 2 km mesh 
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grid with 19,188 grid points. Daily average current speeds for the years 2009-2014 are used in 

this study [38,42,43].  

 

Figure 2.1. The study domain near the North Carolina coast, as represented by a dashed box. 

The assumed grid tie-in point is located at Morehead City, NC, which is marked with a 

circle. Isobaths are shown in meters. 

 

The electricity output of the turbine at a given current velocity is expressed by the 

following equation: 

𝑃(𝑣) =
1

2
𝜂𝐶𝑝𝜌𝐴𝑣

3 (2.1) 

where 𝑣 is the current velocity, 𝐴 is the swept rotor area, 𝜌 is the density of sea water, 𝐶𝑝 is 

the power coefficient that accounts for the conversion of current power to mechanical power, 

and 𝜂  is the combined power chain conversion efficiency, which includes the gearbox, 

generator, transformer and power inverter efficiencies (see Table A.6 for values of the 

parameters). The design and performance of the ocean current turbine is adopted from Neary 

et al. [10]. The design represents a moored glider with four axial flow marine turbines. The 
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rated capacity of each turbine is 1 MW, and the total capacity of each unit is 4 MW. The power 

curve is adapted from Neary et al. [10] but adjusted for the lower average current velocity 

encountered off the North Carolina coast (Figure A.3). Similar to a wind turbine, the maximum 

electricity production of each turbine is limited by the installed generator capacity. We also 

assume that the space between neighboring units is 1 km, and for simplicity, the wake from 

upstream units does not affect the performance of downstream units [10]. Given this 

configuration, the average installed capacity in a single 2 km × 2 km grid cell is 16 MW. See 

Figure A.2 for a detailed layout of generation units.  

The site-specific annual electricity production (𝐸𝑖𝑗) at grid (𝑖, 𝑗) is obtained by integrating the 

product of the turbine’s output at a specific current velocity, 𝑃(𝑣), with the velocity probability 

density, Pr(𝑣)𝑖𝑗, over the entire velocity interval: 

𝐸𝑖𝑗 = 𝐴𝐹 ∙ 𝜂𝑇𝐿 ∙ 8760∫ 𝑃(𝑣) ∙ Pr(𝑣)𝑖𝑗 d𝑣
𝑣𝑚𝑎𝑥

0

 (2.2) 

where, 𝐴𝐹  is the annual availability factor and 𝜂𝑇𝐿  is the transmission line efficiency. A 

discretized probability distribution was obtained by binning the daily average velocities from 

the MABSAB model over the entire 6-year period into a set of velocity ranges. The velocity 

probability distribution is provided in Figure A.3, along with the assumed power curve. 

The estimated annual electricity production is used to calculate the corresponding site-

specific capacity factors. The capacity factor (CF) at each site is defined as the ratio of its 

estimated annual electricity production to its maximum annual electricity production, if it 

operated continuously at its full capacity. A higher site-specific capacity factor implies higher 

electricity production given the same amount of installed capacity. 
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2.2.2. Portfolio Optimization Procedure 

In order to optimize the locations for marine current turbine deployment, we apply 

mean-variance portfolio (MVP) theory to create a portfolio consisting of multiple 

geographically diversified sites. MVP theory was developed by Markowitz [44] as a way to 

devise an efficient financial portfolio consisting of different assets. An efficient portfolio is the 

one with the least portfolio risk (typically modeled as total variance [45,46], or coefficient of 

variation [47]) at a specified level of expected returns, such that one cannot decrease the 

portfolio risk while increasing the expected return level.  

MVP has been used to optimally site energy technologies, most notably wind farms. 

Spreading wind farms over a wide geographic area can decrease fluctuations in aggregate 

output and improve overall economic viability [45,46]. For example, Roques et al. [46] used 

historical wind production data from several European countries and applied MVP to optimally 

allocate wind farm capacity in order to minimize the total variance associated with specific 

electricity generation targets.  

MVP has also been applied to the repowering of existing wind farms in Spain [48]. 

Santos-Alamillos et al. [48] find that portfolio optimization can increase electricity production 

by 16-55% while reducing the hourly fluctuations in output by 12-31%. In Novacheck and 

Johnson [49], different optimal wind portfolios were tested in a unit-commitment and dispatch 

model representing the US Midwest power system in order to evaluate the value of reduced 

variability to the system. Wind power generation smoothing was also investigated with MVP 

considering turbine failures and correlation between aggregated wind power output and 

electricity demand [50]. Other works focus on using MVP to achieve an optimal investment 

plan involving multiple energy resources [51] and to identify the best combined heat and power 
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generation technologies based on the net present value of different portfolios [52]. To our 

knowledge, our work is the first attempt to apply MVP to identify optimal allocation of 

hydrokinetic turbines. 

In our study, the installed turbine capacity is optimally distributed across sites (i.e., grid 

cells) within the study domain to form a portfolio. We wish to achieve a pre-determined system 

target capacity factor – analogous to the expected return – while minimizing total variance in 

aggregate output, which serves as a measure of system risk. In addition, we add the following 

constraints: (1) the number of turbine units installed in a single grid cell must be an integer and 

cannot exceed a maximum of four units per cell or 16 MW, (2) the investor may limit the 

number of selected grid cells within an appropriate range, and (3) the investor may fix the total 

installed capacity of the project. In addition, the anchoring system limits the seabed depth [53], 

so we assume that the turbines can only be installed where the seabed depth is between 100 m 

and 2500 m. 

With all the information above, we construct a 2-stage optimization model (see Section 

A.1.1 for the model formulation). We assume that a marine current installation with a total 

capacity of 80 MW will be deployed across a maximum of 5 sites, with the installed capacity 

within each site less than or equal to 16 MW. This scenario represents a plausible utility scale 

deployment of generating units. The implementation of the 2-stage model is developed using 

MATLAB and CPLEX on a workstation with 24 cores and 256 GB of memory. 

 

2.2.3. Economic Assumptions 

Costs associated with Gulf Stream project development draw heavily on the RM4 

marine turbine design detailed in Neary et al. [10]. The design of the RM4 marine turbine 



19 
 

involved rigorous analysis, including the specification of individual parts associated with 

subcomponents and validation through scaled model experiments. Emphasis was placed on 

simple designs using conventional materials, and to the extent possible, commercial off-the-

shelf (COTS) components. Thus the cost and performance assumptions embedded in the RM4 

design are deliberately conservative. Future innovations (e.g., advanced control strategies or 

advanced materials) could improve the assumed techno-economic performance.  

The capital cost consists of pre-installation development, structural device components, 

power take-off, infrastructure, and project deployment costs, as shown in Table A.7. Annual 

recurring costs include project operation and maintenance costs and recurring environment 

monitoring costs, as shown in Table A.8. Given the lack of commercial experience with this 

technology, we emphasize that substantial cost uncertainty exists, particularly given the need 

to operate in a harsh marine environment.  

All capital costs incurred at the beginning of the project are multiplied by the capital 

charge rate (CCR) to calculate the annual payments required to pay off that investment over 

the assumed project lifetime. The lifetime of the project is assumed to be 30 years, based on 

the typical assumed lifetimes for marine energy projects. A discount rate of 10% is used to 

represent the cost of capital to an investor or utility. 

Due to limited commercially available data for marine hydrokinetic turbines, the capital 

costs for the structural device components and power take-off are based on Neary et al. [10]. 

We subsequently compared the assumed capital cost with Verdant Power’s estimate for the 

turbine of the Roosevelt Island Tidal Energy (RITE) project [54] and found that the percentage 

difference between two models is only 0.2%. 
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The cost of infrastructure consists of two major parts: the cost of the dedicated O&M 

vessel and the cost of the transmission system. The cost for the required electricity transmission 

is drawn from a similar project with undersea cables tied to the North Carolina grid [55]. We 

assume the transmission system can be divided into two subsystems: a collection subsystem, 

which transmits electricity from the turbines to the collection point, rated at a medium voltage 

of 33 kV; and a transmission subsystem, which steps up the voltage to 132 kV and transmits 

the power received at the collection point to the onshore grid tie-in point [56]. The collection 

point is the hub that aggregates electricity from all the spur lines. To calculate transmission 

cable distances, the model assumes that the connection to the grid is located in Morehead City, 

NC, where existing transmission and distribution infrastructure exists [57]. Therefore, the total 

transmission cost is a function of the total collection cable length, total transmission cable 

distance, and number of installed units. See Figure A.4 and Figure A.5 for details on the 

transmission configuration. More details on the infrastructure cost calculations can be found 

in Section A.1.3.  

In this study, we calculate the LCOE using both single and multiple site configurations. 

In the single site configuration, we calculate the LCOE associated with each individual grid 

cell and assume a dedicated transmission line to shore at Morehead City. In this layout, the 

total transmission distance equals the direct distance between Morehead City and the grid cell, 

and for the generation units installed in a single site, the total collection line consists of the 

spur lines for each separate 4 MW unit, which is an average 1 km given the spacing distance 

between turbines. In the multisite configuration, grid cells are selected using portfolio 

optimization and electricity output from each site is aggregated. In this layout, we optimize the 
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collection point location using a Newton-Raphson iterative method such that the total cabling 

cost is minimized.  

The mooring design includes mooring cables, anchors, and buoyancy tanks, which are 

used to provide undersea support. Therefore, the total mooring costs are affected by both the 

number of units installed and the sea floor depth (ℎ) at each installed site. We followed Neary 

et al. [10] to calculate the total mooring cost, but modified the RM4 mooring design. In the 

RM4 design, the two-point mooring system consists of tension and thrust lines that are secured 

to the seafloor. However, the mooring lines are attached to only one point on the turbine unit, 

which does not prevent the unit from rotating about its vertical axis. Therefore, we include two 

additional tension lines and two additional thrust lines to balance the turbine from lateral 

current forces [58]. As a result, our cost coefficient for mooring material is three times as 

expensive as the estimate by Neary et al [10]. 

The costs associated with deployment include the cable shore landing, mooring and 

foundation system, cable installation, and device installation. Again, estimates drawn from 

Neary et al. [10] are used. We linearly scaled these cost estimates for project sizes ranging 

from 4 MW to 400 MW to obtain deployment cost per unit of installed capacity. 

Development costs mainly consist of siting and scoping, project design, engineering 

and management costs, and environmental compliance costs, such as permitting costs, National 

Environmental Policy Act (NEPA) compliance, and administrative costs. Logarithmic 

regression is applied to fit the development cost estimates as a function of capacity from Neary 

et al. [10]. 

Operations and maintenance (O&M) costs are associated with energy production and 

transmission on an ongoing basis. Annual fixed O&M costs are drawn from Neary et al. [10]. 
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It includes O&M for marine operations, shore-based operations, replacement parts, and 

consumables. As with deployment and development, a linear scaling is applied to O&M costs. 

 

2.3.Results 

 

2.3.1. Gulf Stream Resource Assessment 

As described in Section 2.2.1, we estimated annual capacity factors associated with 

marine turbines for all grid points within the study domain (77° W to 74° W, 33° N to 36° N). 

Figure 2.2a-f show the annual capacity factors and illustrate the significant spatiotemporal 

variability associated with hypothetical annual electricity production. The sites with the highest 

capacity factorss from 2009-2011 are located in the southwestern quadrant whereas from 2012-

2014 the highest capacity factors are found in the northeastern quadrant. Furthermore, the 

highest capacity factor in 2014 is over 80%, but the same site has a capacity factor of only 50% 

in 2011.  

The average site-specific capacity factor over the six-year span (2009-2014) is depicted 

in Figure 2.2g. Note that the site with the highest average six-year capacity factor is over 160 

km away from Morehead City, the assumed grid tie-in point, and 230 km away from Cape 

Hatteras. The strongest currents with a capacity factor greater than 40% are concentrated 

between the isobaths of 100 m and 3000 m, since the stream flows over the upper continental 

slope before it traverses the Atlantic towards Northern Europe.  
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Figure 2.2. Estimated capacity factor (a-g) and levelized cost of electricity (LCOE) (h) across 

the study domain. Crosses mark the locations with the highest annual capacity factors. 

Comparison of annual estimates indicates significant meanders and speed variations in the Gulf 

Stream. The triangle in (h) indicates the lowest LCOE. The 100m, 1000m, 2000m and 3000m 

bottom-depth contours (isobaths) are indicated by the black lines running southwest-to-

northeast. The continental shelf is that portion of the ocean from the coastline to 100m, and the 

continental slope extends seaward from the 100m isobath.  
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2.3.2. Correlation of current velocity and distance between sites 

The significant inter-annual variability in capacity factor at a given location presents a 

serious economic challenge to potential investors who may experience years with little or no 

electricity production. One possible solution is to aggregate electricity generation from 

multiple sites.  

To explore the possibility of turbine site diversification, we calculate the correlation in 

monthly electricity production from 2009 to 2014 between all grid cell pairs in the study 

domain. Since land is included in the study domain, the number of site pairs as a function of 

distance is not uniform (Figure A.1). Figure 2.3 bins the correlation estimates by the nearest 

kilometer distance between grid cell pairs. The upper and lower edges indicate the maximum 

and minimum correlation, respectively, at the same integer distance; all other samples at the 

same distance fall within the shaded region.  

The average coefficients in Figure 2.3 indicate that as the distance between two sites 

increases, the average coefficient of correlation approaches zero. In addition, the lowest 

coefficients of correlation occur at distances between 50 and 150 km, which corresponds to the 

approximate width of the Gulf Stream within the studied domain. If two sites are situated such 

that one site is in the Gulf Stream current and the other is not, their monthly energy outputs 

will be more negatively correlated. Overall, the decreasing correlation as a function of distance 

implies that diversification of turbine sites over a wide geographic area could reduce the total 

variation in electricity production. 
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Figure 2.3. Correlation in monthly electricity production versus distance for each pair of grid 

cells in the study domain. The correlation estimates are binned by distance to the nearest 

kilometer. The minimum, average, and maximum correlation coefficient at each distance are 

shown as lines; all other site pairs fall within the gray region. 

 

2.3.3. Portfolio Optimization of Generation Sites 

Based on the US Department of Energy’s (DOE) reference model 4 (RM4) marine 

turbine design detailed in Neary et al. [10], each turbine unit has an installed capacity of 4 

MW, and a single 2 km × 2 km grid cell can contain up to 16 MW of installed turbine capacity. 

(See Figure A.2 for more details.) To explore the optimal site locations associated with a larger 

installation, we conduct a portfolio optimization that requires a small but manageable 80 MW 

of total installed capacity across no more than 5 different locations.  

As described in Section 2.2.2, the portfolio optimization model distributes installed 

capacity across different sites in order to minimize the variance in total monthly electricity 

output at an exogenously specified capacity factor target. In order to make the formulation 

computationally tractable, the portfolio optimization is performed in two stages. Figure 2.4 

presents the tradeoff between capacity factor and variance. The Stage 1 results represent the 

efficient frontier when there is no integer constraint on the number of installed generating units. 
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The Stage 2 results represent the modified efficient frontier when the integer constraint on the 

number of generating units is placed on the candidate sites chosen in Stage 1. 

For comparison, the dots represent the minimum variance at a given capacity factor 

target that can be obtained when only one grid cell is selected. The cross at the top of Figure 

2.4 marks the maximum 6-year average capacity factor among all the sites in the domain. The 

results illustrate that it is possible to significantly reduce the variance in energy output at a 

given capacity factor by creating a portfolio of geographically dispersed sites rather than 

relying on a single site. For example, among all individual sites with capacity factor equal to 

40%, the minimum variance is approximately 60000 (MWh/month)2, while the best portfolio 

can reduce the total variance approximately 20 times to 3000 (MWh/month)2.  

The variance reductions through portfolio optimization, which are represented by the 

horizontal distances between the efficient frontier and the solid dots on Figure 2.4, decrease as 

the required target capacity factor increases. When the target capacity factor is equal to the 

maximum capacity factor across all sites, there is only one grid cell left in the portfolio; the 

inclusion of any other grid cells fails to meet the target capacity factor. Thus, as the target 

capacity factor is increased, the potential reduction in covariance through site diversification 

is reduced. As expected, the gap between the Stage 1 and 2 frontiers in Figure 2.4 implies that 

the addition of integer constraints slightly worsens the optimization results, since the portfolio 

variance increases. Furthermore, the addition of integer constraints in Stage 2 affect the 

achievable capacity factor, hence the misalignment between the Stage 1 and 2 capacity factor 

targets.  

Figure 2.5 shows the optimal site locations from portfolios with different target 

capacity factors. The selected sites range from the 100 m and 2500 m isobaths due to the 
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bathymetry constraint based on limits to anchoring depth. The number of selected sites in each 

Stage 1 portfolio is less than 20, even though there are over 4000 candidate sites. In addition, 

most of the selected sites are clustered around the site with the highest six-year average 

capacity factor, represented by the cross. When the target capacity factor is low, the selected 

sites tend to spread out over a larger geographic area to take advantage of weaker correlations 

in output. 

 

Figure 2.4. Results from the portfolio optimization. Stage 1 results represent the optimal 

portfolio without any integer constraint on the number of turbine units, while Stage 2 results 

use the candidate sites selected from Stage 1 and include the integer constraint. The scattered 

dots to the right indicate the minimum variance among individual grid cells with the same 

capacity factor targets rounded to the nearest percent. 
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Figure 2.5. Selected sites within the optimal portfolios at different minimum capacity factor 

targets. The filled circles on each figure indicate the location of installed capacity in Stage 1 

solutions, while the open circles indicate installed capacity in Stage 2 solutions. For reference, 

the cross indicates the location of the site with the maximum six-year capacity factor. The 

background color shading represents the six-year average capacity factors (CF) from 2009 to 

2014, and the inset provides an expanded view of the selected sites near 33° N and 77° W. 

 

2.3.4. Levelized Cost Study 

It is possible to formulate the portfolio optimization problem with a constraint on 

LCOE rather than capacity factor.  However, such a formulation would lead to a more complex 

non-linear model due to the interaction between the capacity allocated to a specific site and the 

energy production from the turbines within the site, which in turn depends on the allocated 
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capacity. Thus, while the portfolio study indicates the tradeoff between variability and total 

output, it does not take cost into account.  

Figure 2.2h presents the LCOE from individual sites and indicates that at the center of 

the Gulf Stream, the lowest LCOE is slightly above 400 $/MWh. Sites with the lowest LCOEs 

are located near the center of the Gulf Stream, which is consistent with Figure 2.2g, since a 

higher site-specific capacity factor implies a lower LCOE. Interestingly, the site with the 

highest six-year average capacity factor is not the same as that with the lowest six-year average 

LCOE, as illustrated in Figure 2.2h. The site with the lowest LCOE, indicated by a triangle, is 

closer to Morehead City, the assumed grid tie-in point, than the site with the highest six-year 

average capacity factor, as marked with a cross. The distance between the two sites is 

approximately 35 km. This represents the tradeoff between energy quality and transmission 

cost: it is more cost-effective to select a site with marginally lower resource quality but a 

shorter transmission distance. 

The results depicted in Figure 2.2a provide a useful visualization of the resource quality 

and LCOE over a continuous domain. To study the LCOE as a function of the cumulative 

amount of electricity generation from the Gulf Stream, supply curves for the years 2009 to 

2014 are shown in Figure 2.6. These curves represent the marginal cost to produce the next 

increment of electricity. As more electricity is generated, the cost to extract it becomes more 

expensive as locations with declining resource quality must be utilized. For simplicity, we 

assume that the addition of each new site requires dedicated transmission lines to Morehead 

City. In addition, we account for array losses by applying a scaling factor that reduces the 

output at each site by approximately 53% ii .While a more accurate accounting of array losses 

                                                           
ii This estimate is drawn from Yang et al [7] by comparing scenarios with zero drag coefficient (i.e., no array 
losses) and a uniform drag coefficient. 
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would require modeling that accounts for the incremental array losses as new capacity is 

deployed, Figure 2.6 nonetheless illustrates how inter-annual variability in the Gulf Stream 

resource affects LCOE. The LCOE at a given production level can vary by more than 300 

$/MWh from one year to the next. These results suggest that inter-annual variability in Gulf 

Stream intensity can have a significant impact on year-to-year costs and revenue. 

 

Figure 2.6. Annual supply curves from 2009 to 2014. Significant inter-annual variability in 

LCOE at a given production level can be observed. 

 

While we did not directly constrain the LCOE in the portfolio optimization, Figure 2.7a 

shows the LCOE calculated ex post as a function of the target capacity factor. Since we include 

project economies of scale based on Neary et al. [10], the portfolio-based LCOE with installed 

capacity of 80 MW is lower than that of a 16 MW single site; the entire LCOE profile in the 

former case is below 400 $/MWh. As expected, the LCOE profile is inversely correlated with 

capacity factor since higher capacity factors represent higher annual electricity production. 

However, the LCOE is not monotonically decreasing with increasing capacity factor: 

the LCOE increases when the capacity factor increases from 46% to 47%, from 49% to 50% 
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and from 52% to 53%. These variations are due to transmission cost, and to a lesser extent, 

mooring cost. Among all cost components, the power take-off and transmission infrastructure 

are the two principal cost drivers. Each time the target capacity factor increases, the model 

returns a new portfolio that includes a different set of sites with the same total installed 

capacity. Given the fixed installed capacity, the device structural components cost, power take-

off cost, development cost and deployment cost remain the same, but the infrastructure cost 

will be affected by the transmission distance (see Section A.1.3). In addition, changing the site 

selection also affects the assumed depths, which in turn affect mooring cost. In some cases, the 

incremental increase in infrastructure and mooring cost outweighs the incremental increase in 

electricity production, and the LCOE increases with the capacity factor. Thus, while an 

increasing capacity factor target increases the energy yield, it does not guarantee a lower 

LCOE.  

Figure 2.7b compares the cost breakdown of the turbine arrays in both the single site 

and optimal portfolios by showing the percentage shares of each component contributing to 

the total annualized cost. The sample set associated with the single site case covers the whole 

sub-domain, while the optimal portfolio case only contains 20 optimal portfolios, representing 

the 20 different capacity factor targets (from 0.40 to 0.59). The wider spread in the single site 

layout indicates a broader range of transmission distances and mooring depths associated with 

the larger domain.  

By contrast, the smaller ranges in Figure 2.7b associated with the optimal portfolios 

reflect the much smaller sample size as well as the clustering of selected sites: most sites are 

grouped around the location with the highest average capacity factor, therefore the 

transmission distances are similar. The results indicate that power take-off components and 
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transmission infrastructure are the two leading cost drivers. In addition, when the installed 

capacity increases from 16 MW in the single site to 80 MW in the portfolio, the percentage 

shares of infrastructure, deployment and development decrease due to the inclusion of project 

economies of scale for these components, which in turn lead to the increase of the percentage 

shares of device structural components and power take-off. 

In the portfolio analysis, the estimated LCOE drops from 350 $/MWh to 230 $/MWh 

when the capacity factor increases from 40% to 59%. For comparison, Jenne et al. [36] estimate 

an LCOE of approximately 200 $/MWh for an 80 MW installation in the Florida Straits. The 

reason for the higher LCOE in the North Carolina case is twofold: capacity factors in the 

Florida Current are consistently around 70%, which is higher than even the best site in this 

study; and the transmission distances in North Carolina are significantly greater than in the 

Florida Straits. The average transmission distance from the collection point to Morehead City 

is around 160 to 180 km, compared with 30 km in the Florida Straits. 

 

 

Figure 2.7. LCOE analysis for the portfolios from the MVP model. (a) LCOE calculated ex 

post as a function of the capacity factor target in the portfolio optimization. (b) Box plot 

showing the share of LCOE attributable to different cost components in both the single site 

and portfolio cases, ordered from highest to lowest share in the portfolio case. The edges of 

each box represent the 25th and 75th percentiles, and the whiskers extend to the maximum and 

minimum values.  
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2.4.Discussion 

The resource quality associated with Gulf Stream current energy off the North Carolina 

coast is highly variable. Figure 2.2 shows that model-computed capacity factors exhibit 

significant spatiotemporal variability due to path meanders and speed variations in the Gulf 

Stream. Around 35° North latitude, the average location of the shoreward edge of the Gulf 

Stream moves from the 3000 m isobath in 2010 to between the 2000 and 3000 m isobaths in 

2012, while the Gulf Stream position around 33° North remains fixed. This observation is 

consistent with previous studies [25,27,59], where the Gulf Stream’s path is found to have 

similar inter-annual variations. 

The optimized portfolio of generation sites, which aggregates electricity production 

from geographically diversified turbine units, can significantly reduce the variability in 

electricity generation and improve the economic prospects of the technology. Similar to wind 

farms, site diversification can reduce the need for back-up reserves. Figure 2.5 indicates that 

as the target capacity factor increases, the selected sites cluster around the southwestern 

quadrant of the study domain where the site with the highest six-year average capacity factor 

is located. Another advantage of deploying turbine arrays in this region is that the lateral 

amplitude of  the Gulf Stream meander is near a minimum within the domain [19,23–25,27,59–

61]. For that portion of the Gulf Stream upstream of Cape Hatteras, the standard deviation of 

the surface front position increases northeastward from the “Charleston bump” and then 

decreases on towards Cape Hatteras due to the steepening of the continental slope approaching 

Cape Hatteras [19,23,24,27,62]. In addition, the envelope of the Gulf Stream meandering 

downstream of Cape Hatteras broadens to 200–300 km or more [25,60,61], greater than its 

own width of about 100 km, compared to the maximum lateral movement of around 40 km 
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[19] from Charleston to Cape Hatteras. In summary, both the oceanographic study and the 

portfolio optimization indicate that the region containing the Gulf Stream currents 

approximately 200 km southwest of Cape Hatteras is the most cost-effective location to deploy 

turbines along the North Carolina coastline.  

Several caveats should be noted. First, there are significant uncertainties associated 

with cost given the lack of commercial experience with this technology. Second, while the 6-

year MABSAB ocean model hindcast dataset enables a critical examination of inter-annual 

variability in Gulf Stream energy resource, a longer record would help to better characterize 

the economic effects of meanders. Third, in this study, the LCOEs associated with the optimal 

portfolios are calculated ex post. While Figure 2.7a indicates that capacity factor is a reasonable 

proxy for LCOE, changes in the transmission and mooring costs can increase the LCOE at 

higher capacity factor targets.  

A revised optimization model that makes LCOE rather than capacity factor the driving 

constraint would be preferable, but would result in a more complex non-linear model. The class 

of mixed-integer nonlinear optimization problems is one of the hardest to solve in the 

optimization literature [63], particularly when it is a constrained non-convex optimization 

model. According to Mansini et al. [63], there are no algorithms for the exact solution of non-

convex nonlinear programming problems in which the feasible region is a mixed-integer set. 

This raises concerns about reaching a local instead of a global optimal [64] and requires 

exhaustive computational time or the use of a metaheuristic technique [65] to find an 

approximate solution when solving the model. 

Gulf Stream energy off the North Carolina coast will not be a viable option without 

significant cost reductions: our model shows that the optimized portfolios have LCOEs ranging 
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from 230-350 $/MWh. By comparison, Jenne et al. [36] estimated an LCOE of 200 $/MWh 

for ocean current energy in the Florida Straits, a tier-one site located 30 km east of Fort 

Lauderdale. Both estimates are still far higher than baseload sources such as coal, steam and 

natural gas combined cycle, which have LCOEs ranging from 70 to 100 $/MWh [66]. It is also 

not competitive with commercially mature renewables such as solar photovoltaics and wind, 

which can be as low as 70 $/MWh [66]. Nonetheless, a range of technologies must be brought 

to bear on the global effort to mitigate climate change, and it is worth exploring technologies 

in the earliest stages of development, such as ocean current energy, which may become cost-

effective in select locations with further innovation and reductions in manufacturing and 

deployment costs.  

The ocean current turbine design drawn from DOE’s RM4 utilizes off-the-shelf 

components, and there is reason to expect significant cost reductions with commercially 

optimized designs. Understanding the role of variable resource quality in determining levelized 

costs is critical to making ocean current energy part of a low-GHG generation future. While 

this analysis focuses on Gulf Stream resources off the North Carolina coast, the analysis 

provides a framework to examine the plausibility of extracting energy from other ocean 

currents characterized by temporal and geographical variability. The portfolio analysis can 

simply be repeated with resource data from other western boundary currents. 
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3. MODELING NORTH CAROLINA'S FUTURE ELECTRICITY 

SYSTEM THROUGH 2050 
 

3.1.Introduction 

Many US states have proposed plans to address the climate change threat [1]. North 

Carolina is the ninth most populous state, the fourteenth largest CO2 emitter (2014) [2] in the 

US, and the first state in the Southeast to adopt a Renewable Energy and Energy Efficiency 

Portfolio Standard (REPS) [3]. The NC REPS requires investor-owned utilities to meet at least 

12.5% of their electricity demand through renewable energy resources or energy efficiency 

measures by 2021 [3]. On the other hand, North Carolina is among the 24 states that recently 

sued the US EPA over implementation of the Clean Power Plan (CPP) [4]. Debates over future 

electric power system development within the state persist, often in the absence of sound, 

rigorous analysis based on publicly available data and models. 

Policy aimed at affecting power system development and the associated emissions 

should be informed by open and transparent models. Furthermore, most state-level policy 

analysis is focused on near-term economic effects rather than longer-term effects on the 

generation mix, electricity prices, and emissions over the next several decades. The goal of this 

work is twofold: (1) examine future electricity development pathways and associated 

emissions for North Carolina, and (2) demonstrate an open analytical framework that can be 

applied in other states. Filling this analytical need is now critical since near-term federal action 

to mitigate climate change is highly unlikely, and responsibility has fallen to states. 

Energy system optimization models (ESOMs) are a crucial tool in long-term energy 

planning and policy making at regional to national scales, and in recent years numerous models 

have been developed and applied [5–14]. These models provide cost-optimal configurations of 



42 
 

energy systems over long time horizons ranging from years to decades. In this study, we 

employ an ESOM called Tools for Energy Model Optimization and Analysis (Temoa) [15] to 

conduct state-level analysis of North Carolina’s electric sector through 2050. For this analysis, 

we revise the Temoa formulation to better capture short-term system operational details 

associated with variable renewable electricity generation. We consider different fuel price 

trajectories and implementation of the EPA Clean Power Plan (CPP), both of which can induce 

large scale changes in the power system. Although implementation of the CPP is still pending 

judicial review and lacks support at the federal level, it represents a plausible, near-term CO2-

constrained scenario worth considering as part of North Carolina’s electricity future. Model 

outputs include SO2, NOX, and CO2 emissions as well as the capacity and generation mix over 

time. This work also uses reduced costs to systemically examine the break-even costs of 

different electric generating technologies over time and under different scenarios. 

 

3.2.Model and data 

 

3.2.1. Model Overview.  

We use Temoa [15], an open-source, Python-based ESOM, to examine electric sector 

capacity expansion and associated emissions from 2015 to 2050. Temoa represents an energy 

system as a process-based network in which technologies are linked together by flows of 

energy commodities. Each process is defined by an exogenously specified set of techno-

economic attributes such as investment costs, operations and maintenance costs, conversion 

efficiencies, emission rates, and availability factors. Temoa is similar in structure to other 

ESOMs such as MARKAL [16], TIMES [8], MESSAGE [17], and OSeMOSYS [18]. 
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Temoa is formulated as a linear program that minimizes the total system cost of energy 

supply over the user-specified time horizon, subject to both system-level and user-defined 

constraints. System-level constraints include conservation of energy at the individual process 

level, the global balance of commodity production and consumption, and the satisfaction of 

end-use demands. User-level constraints include emission limits, maximum technology growth 

rates, and bounds on technology capacity and activity. Temoa minimizes the total system-wide 

cost of energy supply by optimizing the installation of new capacity and utilizing both new and 

existing capacity to meet demand. The complete algebraic formulation of Temoa is presented 

in Hunter et al. [15].  

In this study, the optimized model time horizon spans from 2015 to 2050, with each 

period consisting of five years, making eight periods in total. The results for each year within 

a given period are assumed identical. Note that although 2015 is a historical year, the first 

optimized period spans 2015 to 2019 and therefore the optimization results differ slightly from 

historical values. ESOMs represent intra-annual variations in energy supply and end-use 

demands by dividing one year into a limited number of time slices that represent combinations 

of different seasons and times-of-day. In this study, we divide a year into 96 time slices: 4 

seasons and 24 times-of-day. This configuration allows us to capture average hourly variations 

in renewable resource availability and electricity demand.  

 

3.2.2. Model Enhancement 

Capturing operational details at the hourly level is crucial to modeling the large scale 

integration of intermittent renewable sources and their effects on system performance and 

reliability [19,20]. Several papers attempt to model long time horizons with sufficient temporal 
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detail to capture power sector operation in ESOMs [7,10,11,21]. For example, Welsch et al. 

[21] extend the functionality of OSeMOSYS by modeling the capacity reserve margin and 

operational reserve, which capture the impacts of short-term variability in supply and demand 

on system adequacy and security. Ludig et al. [10] shows that with improved temporal 

resolution of model time segments, the effects of supply side variability can be better captured 

by the model.   

For this analysis, we enhance Temoa’s formulation by including two additional 

constraints to better capture power system operations: a system-wide reserve margin constraint 

and a ramp rate constraint. The reserve margin constraint requires that the total system capacity 

value must exceed the peak hourly demand by at least 15% [22] during each period to ensure 

that adequate capacity reserve is present to meet demand during plant outages. The ramp rate 

constraint requires that the change in electricity generation from a specific technology between 

two adjacent time slices must be bounded by performance limits. The mathematical 

formulations of these constraints are provided in Section B.1.  

 

3.2.3. Input Data 

We consider 27 electricity generating technologies, which can be categorized into nine 

groups based their primary fuel types: natural gas, coal, diesel, uranium, biomass, geothermal, 

solar, wind, and hydro. The complete list of technologies and their techno-economic 

parameters are given in Appendix B. Table B.3 shows the installed capacity and electricity 

generation in North Carolina by fuel source in 2015. Although coal-fired power plants are 

generally regarded as a baseload source [23], their average capacity factor in 2015 was only 

42%, significantly lower than other baseload power plants (e.g., 94% for nuclear). Electricity 



45 
 

generation from natural gas increased considerably after 2010 (Figure B.1 in Appendix B), due 

in part to changes in the relative prices of natural gas and coal, which altered the dispatch order 

of power plants [24]. In 2015, coal and natural gas together represented 60% of total electricity 

generation, indicating that NC is still heavily dependent on fossil fuels. Although a cumulative 

1.5 GW of solar PV was installed in 2015, this only represented 1% of total electricity 

generation. 

The rise of natural gas for electricity generation in NC is also due to the implementation 

of a series of strict environmental regulations at both the federal and state level [25,26]. Driven 

by the regulations, particularly the Clean Smokestack Act [26], the two largest NC utilities, 

Progress Energy and Duke Energy, began to curb SO2 and NOX emissions in 2002. After 

retrofitting their coal-fired units from 2002 to 2007, both utilities shifted their compliance 

strategy to retiring several old coal fired units and adding new natural gas units, due to higher 

air pollution retrofit costs than initially anticipated [27]. (Progress Energy was merged into 

Duke Energy in 2012, and is a subsidiary of Duke Energy with a new name: Duke Energy 

Progress.) 

 

3.2.4. Modeled Scenarios 

All modeled scenarios include EPA’s Cross-State Air Pollution Rule (CSAPR), which 

continues to limit SO2 and NOX emissions. To meet the limits, the model can retrofit existing 

coal-fired units or replace them with new units that include the best available pollution 

controls.  

All scenarios also assume limits on natural gas utilization. The expected growth in 

natural gas usage by all sectors could be halted if gas pipeline capacity is not increased in the 
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future. To reflect the potential shortfalls, we have placed a set of upper bounds on the maximum 

natural gas utilization during each of the model’s time period. The upper bounds are 

extrapolated from historical natural gas consumption across all NC energy sectors. In addition, 

we also account for new pipelines scheduled for completion in North Carolina [28]. A detailed 

explanation of the input dataset is given in the Appendix B, and the data itself is publicly 

available on GitHub [29]. 

The current REPS in NC sets annual percentage targets for the minimum electricity 

generation from renewable energy or energy efficiency (EE) measures. It requires at least 

12.5% of electricity generation from renewable sources in 2021 and thereafter. In addition, the 

REPS also includes minimum percentages for specific technologies: solar PV, swine waste, 

and poultry waste. The REPS is included in all scenarios, and requirements are modeled as 

lower bound electricity generation constraints. The percentage requirement by periods are 

detailed in Appendix B. As part of the break-even cost analysis described below, the REPS is 

removed in one set of runs to quantify its effect on the cost-effectiveness of renewables. The 

EE measures can reduce electricity demand through improving end-use appliance efficiencies, 

which is modeled as a single generic technology.  

While many uncertainties could affect NC power system development, we chose to 

focus on two critical factors: fossil fuel prices and implementation of the EPA Clean Power 

Plan. Combinations of fossil fuel prices and climate policy result in the six scenarios shown in 

Table 3.1. 

 

  



47 
 

Table 3.1. Scenarios and the associated labels used in this study. 

 Without CO2 limits (no 

CPP) 

With CO2 limits (CPP) 

Low natural gas costs a L CPP-L 

Reference natural gas costs R CPP-R 

High natural gas costs H CPP-H 
a Note that although the ranges of the forecasted oil prices are not completely encapsulated 

by the selected scenarios, the impacts on model results and insights are negligible due to 

the low penetration of oil in the electric sector: as shown in Table B.3, oil-fired units 

generate less than 1% of total NC electricity in 2015. 

 

In this study, we utilize future fossil fuel prices projections from EIA’s Annual Energy 

Outlook 2017 (AEO2017) [30]. Fossil fuel prices from three AEO2017 scenarios are selected: 

Low Oil and Gas Resource, Reference, and High Oil and Gas Ressource, which have the 

highest, intermediate, and lowest natural gas prices, respectively. Note that these scenarios are 

selected to encapsulate the full projected range of differences between natural gas and coal 

prices. The price trajectories are shown in Figure B.8 in Appendix B, which shows a 

substantially higher range for natural gas prices compared to coal. Since natural gas is more 

likely to drive results, the scenarios are referenced by the associated natural gas prices.  

We also consider the proposed EPA CPP. While the fate of the CPP is highly uncertain, 

it nonetheless serves as a useful benchmark that could form the basis of future federal policy. 

The final version of the CPP was released in August 2015 [31], which established state-specific 

interim and final goals. In the plan, states are required to develop and implement plans to 

achieve the interim CO2 emissions performance rates over the period of 2022 to 2029 and the 

final CO2 emission goals, either rate-based or mass-based, by 2030. However, in February 

2016, the Supreme Court stayed implementation of the CPP pending judicial review [31]. In 

the scenarios with the CPP implemented, we assume that the CO2 emission goal is mass-based 

and takes effect in 2025. Although the rate-based goal is publicly available, modeling it 
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involves a nonlinear formulation, which will dramatically increase the model solve time. In 

addition, it is assumed that after 2030, the emission limits for CO2 remain constant to 2050. 

Historical CO2 emissions from the electric sector and future mass-based emission limits from 

2025 to 2050 for North Carolina are given in Figure B.9 in Appendix B. 

 

3.2.5. Break-even Analysis 

We examine the break-even costs for selected technologies. The break-even cost 

represents the capital cost at which a given technology will be deployed, ceteris paribus. Given 

the nature of linear programs, model results can often sit on a knife edge, where trivial changes 

to input cost or performance assumptions can dramatically shift the results. Examining break-

even costs for technologies that are not deployed in a given scenario and period can indicate 

the necessary capital cost reduction to make it cost-competitive. 

Technology-specific break-even costs are determined endogenously as a function of 

multiple factors, including fuel prices, investment costs, dispatch characteristics, and 

technology availability. In this analysis, we use reduced costs returned by Temoa’s solver to 

estimate break-even costs. In linear programming, the reduced cost associated with a specific 

decision variable in the objective function is the amount by which its coefficient must improve 

before it can assume a positive value in the optimal solution [32]. Under optimality conditions, 

the reduced costs are non-negative for non-basic variables in a minimization problem. In this 

study, a decision variable representing the installed capacity of a technology that is not 

deployed within a given period will be a non-basic variable (i.e., have a value of zero). 

Therefore, the technology’s break-even cost during that period can be derived by subtracting 

the reduced cost from the objective function coefficient associated with that decision variable.  
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The reduced costs can be used to estimate the capital cost reductions required for 

selected technologies to be deployed (i.e., break-even costs). In most ESOMs, the optimal 

solutions only consist of a subset of all available technologies, and they fail to reveal how close 

some technologies are to being selected. Calculating reduced costs allow us to directly estimate 

the capital cost required to deploy a technology within the model. We examine these break-

even costs under the scenarios mentioned above to quantify how uncertain fuel prices and 

climate policy can affect technology-specific break-even costs. 

 

3.3.Results and discussion 

 

3.3.1. Capacity and Generation Mixes 

The installed capacity and electricity generation mix is shown in Figure 3.1.  Low (L), 

reference (R), and high (H) fuel price scenarios affect the tradeoff between natural gas and 

coal, and to a lesser extent renewable energy. Although the capacity mix is identical between 

the low and reference fuel price scenarios, the low fuel price scenario sees higher natural gas 

utilization. By contrast, the expensive natural gas in the high price scenario changes both the 

capacity and generation mix substantially. The high price scenario has the highest coal market 

share and capacity across all scenarios. In 2050, coal alone contributes over 50% of the total 

electricity generation in the high price scenario, compared to less than 30% in the reference 

and low price scenarios. The results suggest that without the CPP, varying fuel prices 

predominantly affect the tradeoff between coal and natural gas. This observation aligns well 

with McCollum et al. [33], which found that the global energy system might see a future 

expansion of coal and low-carbon energy under high oil and natural gas prices. While the 
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model results suggest that a limited resurgence of coal is possible under high natural gas prices, 

utilities are unlikely to make a 50-year investment in coal given the expectation of future 

climate policy. 

 

 
Figure 3.1. The capacity mix (a) and electricity generation mix (b) of North Carolina through 

2050 for all six scenarios. The scenario results are grouped by time period and follow the order 

shown in each subplot for 2015. 

 

A similar tradeoff between natural gas and coal can be observed in the CPP scenarios. 

However, the high natural gas prices in the CPP-H scenario shift the system not only towards 

coal but also renewable energy. Solar PV, wind, and biomass collectively account for over 

50% of the 2050 installed capacity in the CPP-H scenario, which represents the highest 
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renewable penetration across all scenarios. This result suggests that when the CPP is 

implemented, the resurgence of coal under high natural gas prices is limited by its higher CO2 

emissions.  

Because the CPP takes effect only from 2025 to 2050, the capacity and generation mix 

of the CPP-L, CPP-R and CPP-H scenarios differ only slightly from the L, R and H scenarios 

before 2025. Starting from 2025, the implementation of the CPP decreases the utilization of 

coal and natural gas and increases renewables, particularly from 2040 to 2050 when over 20 

GW of solar PV capacity is added in all CPP scenarios. Although the CPP lowers coal 

utilization, it increases natural gas utilization relative to the same fuel price scenarios without 

the CPP. In 2050, natural gas contributes 13 TWh more electricity in the CPP-H scenario than 

the CPP scenario. This implies that CPP implementation will promote natural gas utilization.  

Although all scenarios have the same annual demands, the CPP scenarios typically have 

higher total capacities, especially from 2040 to 2050. The CPP scenarios include higher 

penetrations of wind and solar, which have relatively low capacity factors, and therefore 

require higher capacities to produce the equivalent amount of electricity as a conventional 

plant. In addition, solar PV only receives a 35% capacity credit in the reserve margin constraint 

[34], and thus more capacity is required to maintain the specified reserve margin. Although 

wind has a higher capacity factor than solar, it has a lower capacity credit (20% [35,36]), which 

puts it at a relative disadvantage compared to solar in North Carolina. 

 

3.3.2. Emissions 

Emissions results are shown in Figure 3.2. The total emissions produced are 

represented by the height of each stacked bar. The white portion of each bar represents the 
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emission reductions achieved by emission control equipment, which includes flue gas 

desulfurization for SO2, and low NOX burners, selective catalytic reduction, and selection non-

catalytic reduction for NOX. The net emissions to the atmosphere are represented by solid bars. 

Note that the net emissions are based on the minimal cost solution where emission control 

equipment is operated at partial load to avoid unnecessary emission control expenses beyond 

the specified goals. In reality, the partial load solution can be realized by partially diverting the 

flue gas through bypass ductwork, however, the utilization of flue gas bypass is usually 

restricted by emission standards, such as the New Source Performance Standard (NSPS, c.f. 

40 CFR Part 60) [37]. Therefore, the real-world SO2 and NOX emissions would likely be lower 

than the net emissions shown here.  
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Figure 3.2. Emissions of (a) SO2, (b) NOX and (c) CO2 from 2015 to 2050 for all six scenarios. 

The scenario results are grouped by period and follow the order shown in each subplot for 

2015. White bars represent emission reductions due to emissions retrofits to existing coal 

plants.  
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The emission results in Figure 3.2a and Figure 3.2b show that coal is the single 

dominant source of both SO2 and NOX emissions across all scenarios. In addition, higher 

natural gas costs lead to higher gross SO2 and NOX emissions during most periods due to shifts 

from natural gas to coal. Our results also suggest that the CPP produces lower SO2 and NOX 

emissions as a result of less coal utilization. For example, in 2030, the CPP-L scenario emits 

30% less NOX than the L scenario.  

Biomass integrated gasification combined cycle (IGCC) produces over 40% of the NOX 

and SO2 emissions in the CPP-H scenario in 2050. Although biomass IGCC is carbon-neutral, 

it tends to have relatively high SO2 and NOX emission factors, and the model tends to use more 

bioenergy under the CPP and/or high fossil fuel prices. As shown in a previous life cycle 

assessment for biomass IGCC [38], the majority of its life-time SO2 and NOX emissions are 

produced during power generation, and they are released at rates one-tenth and one-fifth of 

those required by the NSPS.  

The CO2 emissions results are shown in Figure 3.2c. From 2020 to 2035, CO2 emissions 

decline with time in the L and R scenarios: total CO2 emissions drop from over 50 megatonnes 

in 2020 to less than 48 megatonnes in 2035 in both scenarios. The final CPP mass goal in 2030 

is 46.6 megatonnes, which implies that even without the CPP, the CO2 emissions are only 

slightly over the target before 2035. However, the declining trend is reversed from 2040 to 

2050, due to increased coal utilization: both the L and R scenarios emit over 80 megatonnes of 

CO2 in 2050. The H scenario has the highest CO2 emissions across all scenarios throughout: 

total CO2 emissions in the H scenario increase by over 80% from 2015 to 2050. 

Figure 3.3 represents the marginal CO2 removal cost under different CPP scenarios. In 

linear programs, the dual variable associated with a constraint indicates the rate of change in 
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the objective value per unit change in the right-hand-side of that constraint. Therefore, the dual 

variable of the CO2 emissions constraint in a period represents the incremental cost required 

to remove one additional unit of CO2 in that period. Since the objective function discounts all 

monetary values back to 2015, the marginal costs are in 2015 US$ per tonne CO2. The results 

can be divided into two stages: 2025 to 2035, and 2040 to 2050. During the first stage, CPP 

implementation produces a significant shift in electricity generation from coal to natural gas in 

all three scenarios. Thus, the marginal CO2 removal costs are positively correlated with the 

price differences between natural gas and coal. However, during the second stage, natural gas 

supply limits start to restrict the utilization of natural gas in the CPP-L and CPP-R scenarios, 

and therefore shift electricity generation from coal to more expensive renewables. 

Consequently, the marginal CO2 removal costs are positively correlated with the cost 

differences between renewable energy and coal. Because natural gas exhibits substantially 

higher price volatility than coal, the marginal CO2 removal costs across all three scenarios 

exhibit greater variations during the first stage. For comparison, the social cost of CO2 (SC-

CO2) values [39] are presented in Figure 3.3. Due to high sensitivity of the SC-CO2 values to 

the discount rates and a lack of consensus on the appropriate choice of discount rate, Figure 

3.3 shows estimates using all three discount rates employed by the EPA: 2.5%, 3% and 5%. 

Since the discount rates are used to discount the value of future damages associated with CO2 

emissions back to present values, higher discount rates result in lower SC-CO2 values. The 

comparison in Figure 3.3 shows that the marginal CO2 removal costs in the CPP-R scenario 

are close to or higher than the SC-CO2 values at the 5% discount rate during most time periods. 

By contrast, SC-CO2 values at the 2.5% discount rate are higher than the marginal CO2 removal 
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costs in nearly all scenarios and time periods, which makes sense since the Temoa runs are 

conducted with a 5% global discount rate. 

Overall, the tradeoff between natural gas and coal has significant impacts on electric 

power sector emissions. The sulfur content of natural gas is almost zero, and for each kWh of 

electricity produced, coal emits twice as much CO2 and significantly higher NOX than natural 

gas does [40]. De Gouw et al. [40] indicates that the switch from coal steam to natural gas 

combined-cycle between 1997 and 2012 has reduced CO2, NOX, and SO2 emissions by 23%, 

40% and 44% in the US electric power sector. Likewise, our results suggest that higher natural 

gas prices produce a shift towards coal, which lead to higher SO2, NOX and CO2 emissions. 

For example, in 2035, one period before the natural gas supply limits become binding, the CO2 

emissions from the H scenario are 48% higher than the R scenario. This implies that lower 

natural gas prices can aid efforts for carbon abatement in North Carolina.  

 

Figure 3.3. Marginal CO2 removal costs for the scenarios with CPP. The height of each bar 

represents the marginal CO2 removal cost and the lines represent the EPA’s social cost of 

CO2 in 2015 US$ [39]. The discount rates used to estimate the corresponding SC-CO2 are 

given in parentheses. 
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3.3.3. Break-even Costs 

The break-even costs for utility scale solar PV, onshore wind as well as biomass IGCC 

are presented in Figure 3.4. To meet the existing REPS requirements, the model must install 

renewable capacity, even though those technologies are not always cost-competitive without 

the REPS. Thus, break-even costs are examined with and without the REPS for all scenarios. 

In Figure 3.4, the markers occurring within the grey area indicate that the investment costs 

must be reduced to that amount – ceteris paribus – before the technology will be deployed 

during that period and scenario. When the markers overlap the upper edge of the grey area, it 

implies that the technology has been deployed during that period.  

The solar PV investment costs used in the model, represented by the top edge of the 

gray area, increase from 1,200 $/kW in 2015 to 1,735 $/kW in 2025, then drop slightly to less 

than 1,600 $/kW in 2035 and stabilize at the 2035 level thereafter. The increasing solar PV 

investment cost from 2015 to 2025 is due to the gradual decline in the federal ITC (see Section 

0 for more details), whereas the decline from 2025 to 2035 reflects an exogenously specified 

drop in cost due to anticipated technological learning [5]. The assumed investment costs for 

onshore wind and biomass IGCC follow a similar pattern. 

Figure 3.4a shows that with the REPS, the break-even costs of utility scale solar PV 

are close to the baseline investment costs. All scenario markers overlap the upper edge of the 

grey area in 2015 and from 2030 to 2050, indicating that solar PV is cost-effective (and 

therefore deployed) during those periods, as shown in Figure 3.1a. Without the REPS, Figure 

3.4b shows significant variations across scenarios. The average solar PV break-even cost over 

the time horizon in the R scenario is 60 $/kW higher than the L scenario and more than 250 

$/kW lower than in the H scenario. Under the baseline cost assumptions, solar PV is not cost-
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effective when the CPP and REPS are absent, and when natural gas prices range from reference 

to low. Figure 3.4c-f show that both onshore and biomass IGCC are less cost-effective than 

solar PV in North Carolina. For example, onshore wind investment costs need to drop by over 

600 $/kW before it can be deployed by the model, even with prevailing policy incentives in 

2050. 

With the REPS, Figure 3.4a, c, e show small differences across scenarios, implying that 

the break-even costs are relatively insensitive to changes in fuel prices or the CPP when the 

REPS is in effect. By contrast, the spread in break-even costs across all scenarios widens 

without the REPS, as shown in Figure 3.4b, d, f. During most periods, higher fossil fuel prices 

and the CPP increase the break-even costs, making wind and solar more cost-competitive. For 

comparison, the break-even costs associated with nuclear, coal-fired IGCC with carbon capture 

and sequestration (CCS), natural gas combined cycle (NGCC) with CCS, and offshore wind 

are presented in Figure B.10 in Appendix B.  
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Figure 3.4. Break-even investment costs of utility-scale solar PV with the REPS (a) and 

without the REPS (b); onshore wind with the REPS (c) and without the REPS (d); biomass 

IGCC with the REPS (e) and without the REPS (f). The height of the grey shaded area 

represents the original investment costs for each technology used in this study. Note the 

suppressed zeros on the vertical axis in panels (a) – (d). 

 

3.3.4. Policy Implications 

The tradeoffs among all modeled scenarios largely involve coal, natural gas and solar 

PV. Under high natural gas prices, coal becomes cost-effective, indicating that NC could see a 
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resurgence of coal and an associated rise in emissions. When the REPS and CPP are in effect, 

there is a large deployment of solar PV, which produces a sizeable reduction in emissions. 

Fulfilling the CPP would require the deployment of renewables, particularly solar PV, and its 

overall contribution depends on the prevailing price of natural gas. This result is consistent 

with the 2017 Annual Energy Outlook [30], in which the CPP scenario utilizes an additional 

36 GW of utility scale solar PV by 2040. The break-even cost figures indicate that neither wind 

nor solar PV are cost-effective through 2030 in the absence of policy. This assertion is 

contingent on the baseline capital costs assumed here, and further technology innovation could 

make wind, solar, and other low carbon technologies cost-effective in the absence of policy. 

In all fuel cost scenarios without the REPS, the CPP increases the average break-even 

cost by 40-200 $/kW for solar PV, 100-300 $/kW for onshore wind, and over 1,000 $/kW for 

biomass IGCC, which is equivalent to reducing their investment cost by the same amount. In 

the absence of climate policy, the required range in capital cost reductions across scenarios can 

help inform the development of incentives to promote renewables deployment, such as tax 

credits. For example, our analysis suggests that without the REPS and the CPP, an investment 

tax credit of 200-600 $/kW is required for utility scale solar PV, and 600-1,000 $/kW for 

onshore wind to break even under reference fuel prices.  

Near-term federal action on climate looks bleak. The US has withdrawn from the Paris 

Agreement, and the fate of the CPP is highly uncertain. However, several states have pledged 

to uphold the Paris Agreement [41]. The requisite policy planning would benefit from ESOM-

based analysis, which can help states achieve their desired emissions targets cost-effectively. 

This analysis provides a blueprint that can be replicated in other states with our publicly 

available model and source code. 
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3.3.5. Caveats 

Several caveats are worth noting. First, future natural gas pipeline upgrades are 

uncertain. The natural gas supply limits are binding during the last three periods in scenarios 

with low (L and CPP-L) and reference (R and CPP-R) fuel prices, and their impacts are 

substantial. To address this uncertainty, we repeat all scenarios without the natural gas supply 

limits (Figure B.11 and Figure B.12). With this modification, no new coal capacity is deployed 

in the four affected scenarios. As a result, by 2050, CO2 emissions are reduced by 20% in the 

L and R scenarios, while NOX and SO2 emissions are also reduced by 80% and 100% in both 

CPP-L and CPP-R scenarios.  

In addition, the solver occasionally returns an anomalous reduced cost. To ensure 

consistency between installed capacity and break-even costs, we repeat the break-even cost 

analysis utilizing both the CPLEX [42] and Gurobi [43] solvers. The break-even investment 

costs are then derived by examining the outputs from both solvers and ensuring the satisfaction 

of complementary slackness [32]. A brief discussion on the anomalous behavior of reduced 

costs is given in Appendix B. 

Finally, while this study neglects electricity exchange with adjacent states, net interstate 

trade has constituted 8-10% of NC’s total electricity supply [24]. Neglecting interstate 

electricity trade can affect the required deployment of new capacity, however, we do not think 

it introduces a systematic error. Furthermore, while the increased number of time slices, 

capacity reserve constraint, and ramp rate constraint help constrain system performance within 

reasonable bounds, the model does not perform unit commitment with minimum operating 

times or consider the need for frequency regulation. While this can affect short-term dispatch 
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decisions, the effects on long-term capacity planning are assumed to be within the bounds of 

uncertainty associated with other model assumptions. 
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4. STOCHASTIC OPTIMIZATION OF NORTH CAROLINA'S FUTURE 

ELECTRICITY SYSTEM  
 

4.1.Introduction 

In the previous chapter, we developed a deterministic optimization model for North 

Carolina’s future electric power system through 2050 with different carbon emission and fuel 

price scenarios. Both our preliminary results and previous research show that the future 

capacity and generation mix depend on future prices of natural gas and coal [1]. Different fuel 

price trajectories will result in different, or even contradictory, future paths for the electricity 

system. In addition, large scale infrastructure projects such as electric power systems are 

subject to strong and long-lived path dependencies, owing to technological, institutional and 

behavioral lock-ins [2]. Policy makers need to develop long-term, flexible planning strategies 

to avoid the high social and technological expenses associated with recourse action [2,3]. 

Therefore, rather than evaluate a set of disparate scenarios with all uncertainty resolved ex ante, 

planners should consider a hedging strategy that explicitly considers future uncertainty.  

Stochastic programming belongs to the class of methods for decision making under 

uncertainty [4]. Compared with a deterministic optimization model, a stochastic programming 

model optimizes stage-wise decision variables such that the probability-weighted objective 

function is minimized or maximized. In general, a stochastic programming model includes 

multiple time periods separated by time stages at which uncertainty is partially or fully resolved. 

Therefore, the solution to a two-stage stochastic programming model consists of the first stage, 

where future uncertainty is not resolved, and the second stage where uncertainty is resolved. 

Because the Stage 1 solution is influenced by probability weighted outcomes in Stage 2, it 

represents a hedging strategy that explicitly considers multiple future possibilities. Figure 4.1 
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and Equations 4.1 to 4.4 show a simple two-stage stochastic linear program, where 𝑆 is the set 

of all possible scenarios, 𝑥 is the first stage decision variable vector, 𝑦𝑠 is the second stage 

scenario-specific decision variable vector for scenario 𝑠 ∈ 𝑆, 𝑝𝑠  denotes the probability of 

scenario 𝑠, and 𝑑𝑠, 𝑇𝑠, and ℎ𝑠 represent the random components that are dependent on scenario 

𝑠. 

 

 

Figure 4.1. Scenario tree for a two-stage stochastic programming model. 

 

min: 𝑧 = 𝑐𝑇𝑥 + ∑ 𝑝𝑠𝑑𝑠
𝑇𝑦𝑠𝑠∈𝑆  (4.1) 

s.t. 𝐴𝑥 = 𝑏, (4.2) 

𝑇𝑠𝑥 +𝑊𝑦𝑠 = ℎ𝑠 , ∀𝑠 ∈ 𝑆, (4.3) 

𝑥 ≥ 0, 𝑦𝑠 ≥ 0, ∀𝑠 ∈ 𝑆. (4.4) 

In the context of energy system modeling, stochastic modeling has been extensively 

employed. The stochastic version of MARKAL has been widely utilized for decades [5–8]. 

Kanudia and Loulou [5] implemented a three stage stochastic MARKAL model. The model 

was used to analyze the energy system of Quebec and Ontario with an emphasis on greenhouse 

gas abatement. Hu and Hobbs [6] developed a two-stage stochastic programming model using 

MARKAL and applied it to the US electric power sector. They simulated the market response 

to multiple future uncertainties, including electricity demand growth, natural gas prices and 
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𝑐𝑇𝑥  𝑝𝑠𝑑𝑠
𝑇𝑦𝑠

𝑠∈𝑆

Stage 2Stage 1



69 
 

the power sector greenhouse gas policy. Kanudia and Shukla [7] developed a two-stage 

recourse model based on Indian MARKAL in which uncertainties concerning possible future 

global carbon taxes were considered and the energy system response was examined. Their 

analysis suggested that it is prudent to reduce emissions in anticipation of a global carbon tax 

regime in future. In a study conducted by Larsson [8], the development of the Swedish energy 

system was studied for two rates of economic growth in combination with three nuclear 

policies and two CO2 policies. MARKAL was integrated with a decision tree to study three 

different strategies: immediate action to adapt to a future emission constraint (Commitment), 

business as usual (No Hedging), and action that considers the possibility of a future emissions 

constraint (Hedging). Note that this study did not utilize a stochastic program to develop the 

hedging strategy. In the case of hedging, preparations were made outside the energy system, 

but the energy system itself was allowed to develop according to baseline assumptions until 

the uncertainty was resolved. They discovered that the choice of strategy depends on the 

assessed likelihood of a carbon emission cap. 

Stochastic programming techniques have also been employed by other energy system 

optimization models [9–12]. Labriet et al. [9] presented a stochastic programming using 

TIAM-WORLD at the global level to study hedging strategies in an uncertain climate context. 

They found that the approach produces a hedging strategy where the energy system prepares 

early for high mitigation even when there is a low probability for such an outcome. Moreover, 

they discovered that some technologies appear to be particularly appealing since a higher 

penetration was found in the hedging strategy than in the deterministic scenarios. Mirkhani 

and Saboohi [13] developed a stochastic energy system model and accounted for uncertainties 

associated with energy prices. They employ the Geometric Brownian Motion process and 
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apply the method of Cox-Ross-Rubinstein to generate a binomial lattice, which is then utilized 

as a scenario tree in their stochastic programming model. The results of stochastic model were 

then compared with those of a deterministic model by studying the expected value of perfect 

information (EVPI) and the value of stochastic solution (VSS). 

A key step in stochastic programming is the development of an event tree, which is 

populated with scenario outcomes and corresponding probabilities, as shown in Figure 4.1. 

However, it is difficult to assign subjective probabilities to some types of uncertainty, such as 

the implementation of climate policy, where little data exists to infer probability. In addition, 

computational complexity often becomes the bottleneck in stochastic studies due to the curse 

of dimensionality. A novel method is utilized in this chapter that partially overcomes these two 

limitations by splitting a large stochastic tree into smaller ones, solving them, and embedding 

the stochastic results within a decision tree. Each stochastic optimization run incorporates 

probabilities for uncertain parameters that can be readily assessed (e.g., future fuel prices), and 

different stochastic runs are performed to evaluate uncertain parameters for which it is hard to 

assess probability (e.g., future policy). The stochastic results are then embedded in a decision 

tree that considers the probability associated with the uncertain parameter for which different 

stochastic runs were performed. The highly uncertain probabilities in the decision tree can be 

easily modified, and the resultant expected cost evaluated. Thus, the goal of this analysis is to 

develop a framework that combines stochastic optimization and decision analysis to help 

decision makers develop planning strategies under uncertainty. 

The method described above is tested in this chapter by developing a two-stage 

stochastic programming model based on the previous deterministic model for the electric 

power sector of North Carolina. Uncertainties associated with future fuel prices and CO2 policy 
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are considered. Specifically, we will examine the efficacy of investing in small modular 

reactors (SMRs) under uncertain climate policy and natural gas prices. We choose to examine 

SMRs because they represent a viable, carbon-free technology that could experience 

significant cost reductions but that nonetheless entail significant financial risk. 

 

4.2.Methodology 

A sample decision tree is shown in Figure 4.2, which assumes that we take the 

perspective of a utility to determine whether to invest in a specific capital-intensive, innovative 

low-carbon technology under future uncertainties of climate policy and fuel prices. Fuel prices 

are determined by basic market forces of supply and demand, and forecast models can be used 

to characterize the probability distributions of future fuel prices [14–22]. By contrast, climate 

policy (CP) is largely a political issue and the probability distribution is difficult to quantify. 

In this example case, we can do a set of four independent stochastic solves that consider fuel 

price uncertainty endogenously along with the following sets of exogenous scenario 

assumptions: ‘Investment-yes, CP-yes’; ‘Investment-yes, CP-no’, ‘Investment-no, CP-yes’, 

and ‘Investment-no, CP-no’. These four stochastic solves under different assumptions can now 

be embedded as leaf nodes in the decision tree shown in Figure 4.2. The decision maker can 

now exogenously vary the probability of CP implementation and observe how it changes the 

expected cost associated with each branch in the tree. By varying the probabilities associated 

with CP, the decision maker can quickly discern how much the climate policy should affect 

their investment decision. 
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Figure 4.2. Example decision tree. In this case, a decision maker, perhaps an electric utility, 

is trying to decide whether to invest in solar. The following decision tree accounts for 

uncertainty in climate policy and fuel prices; the former one is exogenous to the stochastic 

solve because it is difficult to quantify, but is embedded within the decision tree where the 

associated probabilities can easily be changed to observe the effect on expected cost. 

 

This study takes the perspective of an electric utility trying to decide whether to invest 

in small modular reactors (SMRs) under future uncertainty related to both federal climate 

policy and natural gas prices. Within North Carolina, Duke Energy is the largest vertically 

integrated utility that owns over 78% of North Carolina’s total installed capacity [23] and 

provides over 65% of North Carolina’s electricity sales in 2015 [24]. Thus, one can reasonably 

assume that Duke makes investment decisions in electric generators across North Carolina. A 

decision tree showing the model formulation is displayed in Figure 4.3. The decision tree 

includes one decision node with three decision arcs for SMR investment and a pseudo iii chance 

node for climate policy. Initially, each decision arc corresponds to a single stochastic program, 

                                                           
iii We name it pseudo chance node because probability distributions of its branches are unknown and will be 

varied in this study. By contrast, probability distributions of branches of a real chance node should be given 

beforehand. 
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as represented by a blue dashed box in Figure 4.3a, and the optimal decision is picked up by 

selecting the arc with the least expected cost [25]. However, due to absence of probability 

distributions at the pseudo chance nodes, each stochastic solve is further divided into two 

smaller stochastic programs, as represented by two red dashed boxes. Therefore, instead of 

solving three larger stochastic programs, this study solves six smaller stochastic programs. 

Investment decisions and implementation of climate policy are specified exogenously in each 

stochastic solve as linear constraints. One smaller stochastic solve is detailed in Figure 4.3b.  

 

 

Figure 4.3. (a) A decision tree for the investment of SMR technology, including a decision 

node and a pseudo chance node. The decision node is represented by a square and includes 

three investment options associated with SMR technology. Each option generates one arc 

connected to the pseudo chance node. The pseudo chance node is represented by an oval, 

indicating implementation of climate policy. Note that each leaf node in the decision tree 

represents one independent stochastic run. (b) The event tree for one independent stochastic 

run, as represented by the red dashed box in (a). The stochastic program includes 8 time 

periods, which is divided into 2 stages: Stage 1 (2015 – 2020) and Stage 2 (2025 – 2050). 

The letters on stage nodes represent scenario names and refer to high (H), reference (R), and 

low (L) fuel prices. 
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As mentioned above, each investment option is divided into two smaller independent 

stochastic solves – with and without climate policy – since the probability of future climate 

policy is unknown. The subsequent usage of a probability-weighted average of objective values 

associated with two smaller solves implicitly assumes that the weighted average can be an 

accurate estimate of cost associated with the complete stochastic program. This assumption is 

verified by solving the complete stochastic program that includes all the chance nodes. For 

example, Figure 4.3a shows that strategy “SMR in 1st stage” corresponds to a complete 

stochastic solve 𝑃𝑎, which is then divided into two smaller stochastic solves: 𝑃  and 𝑃2. To 

verify the results of our study, the probability-weighted average of objective values associated 

with 𝑃  and 𝑃2  are compared with the solution from the complete solve 𝑃𝑎  when the 

probability of climate policy is included along with fuel price uncertainties in the stochastic 

solve. If the probability-weighted average can accurately estimate the de facto solution, it 

allows modelers to do smaller stochastic solves that can be embedded within a decision tree, 

and allows decision makers to quickly test the effect of different, highly uncertain scenario 

probabilities on the expected costs.  

 

4.2.1. Stochastic solve 

The stochastic programming model forms the basis for the decision analysis. As 

revealed in the previous chapter, the future of North Carolina’s power system is sensitive to 

fuel prices, thus the stochastic model considers fossil fuel price uncertainty. For computational 

tractability, we assume future fuel price uncertainty will not be resolved until 2020. This 

assumption is reflected in the stochastic tree: As shown in Figure 4.3b, a complete stochastic 
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tree includes eight time periods and two stages: Stage 1 consists of 2015 and 2020, while Stage 

2 is from 2025 to 2050.  

In 2020, three diverging arcs represent three stochastic scenarios: high natural gas 

prices (H), reference natural gas prices (R) and low natural gas prices (L). Each scenario 

includes a distinct set of prices of three primary fossil fuels in electricity sector: natural gas, 

coal and oil. As in the previous chapter, fossil fuel prices from three AEO2017 scenarios are 

selected: Low Oil and Gas Resource, Reference, and High Oil and Gas Resource, which 

correspond to the H, R, and L scenarios, respectively. Figure B8 shows small differences of 

fuel prices across scenarios in 2015 and 2020, implying that the impact of neglecting short-

term fuel price differences is marginal. Therefore, in this chapter average fuel prices across all 

scenarios are utilized in Stage 1, assuming fuel prices are deterministic in the near future. Fuel 

prices used in this chapter are displayed in Figure 4.4. For simplicity, we assume that the 

probability of each fuel price scenario is evenly distributed, i.e., the probability of each scenario 

is 1/3.  
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Figure 4.4. Fuel prices used in all scenarios. Note that Stage 1 includes the 2015 and 2020 

time periods, while Stage 2 includes the 2025 to 2050 time periods. Average fuel prices are 

used in Stage 1, while the original fuel price projections are used in Stage 2. See Figure B.8 

for more details. 

 

The rationale for including the 2015 and 2020 time periods in Stage 1 concerns climate 

policy. Due to the recent withdrawal from Paris Agreement [26] and repeal of Clean Power 

Plan [27], climate policy at federal level is unlikely during President Trump’s first term (2016 

– 2020). Therefore, it is assumed that no immediate action will be taken before 2020. We 

assume that climate policy uncertainty will only be resolved in Stage 2. Detailed CO2 targets 

will be discussed in the following section. Note that climate policy uncertainty as well as SMR 

investment decisions are not represented within the stochastic model’s scenario tree. Rather, 

assumptions about CO2 targets and SMR investment are varied across different stochastic 

solves. 

In this study, Pyomo Stochastic Programming (PySP), a Python library, is employed to 

implement the stochastic programming model and CPLEX is used to solve them. PySP requires 

stage-wise decision variables specified explicitly in its input files. Since Temoa is employed 
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in this analysis, typical stage-wise decision variables include capacities deployed during each 

period as well as flow in and flow out of energy carriers. Only these fundamental decision 

variables are specified since all other variables can be expressed as linear combinations of the 

fundamental variables. 

 

4.2.2. Climate policy 

As mentioned above, we assume uncertainties associated with future climate policy 

will not be resolved before 2020. Due to the five-year length of each model time period, the 

earliest starting period of climate policy is 2025. To implement climate policy, CO2 emission 

constraints are applied in each period from 2025 to 2050. The specific CO2 emission targets 

are derived from the Paris Agreement Intended Nationally Determined Contributions (INDC). 

Based on the submitted greenhouse gas reduction target to the United Nation 

Framework Convention on Climate Change (UNFCCC), the US intends to achieve an 

economy-wide greenhouse gas (GHG) emissions reduction target of 26-28 percent below the 

2005 level in 2025 [28]. US energy-related CO2 emissions have already dropped by 12% below 

the 2005 level in 2015, mostly due to market-related changes in the electric power sector [29]. 

These changes can be attributed to the decreased use of coal and the increased use of natural 

gas for electricity generation, as suggested by existing research [30] and the previous chapter. 

To calculate the final CO2 emission target in 2050, we assume the INDC target will be 

met and emissions will continue to decline, roughly following the Mid-Century Strategy 

proposed by the Obama Administration [28]. Therefore, we use historical 2015 CO2 emissions 

as the base value to calculate the annual emission reduction required to meet the INDC target 

in 2025, which is a 27% economy-wide GHG reduction below the 2005 level. Then the 
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declining trend is linearly extrapolated to 2050, which results in a 75% drop in 2050 emissions 

relative to 2015. While the INDC target is for national economy-wide greenhouse emissions, 

over 80% of GHG inventory in the US is CO2 [31]. This emissions reduction pathway is 

assumed to represent a generic CO2 reduction target, and is applied to the NC electric sector. 

Figure 4.5 shows historical CO2 emissions from the NC electric sector, the hypothetical 

constraint on emissions, and the emissions trajectory proposed under the EPA Clean Power 

Plan (CPP). 

 

Figure 4.5. NC historical CO2 emissions by source (1990–2014), President Obama’s Clean 

Power Plan (CPP), and the hypothetical climate policy (CP) used in this study, which follows 

the INDC path. 

 

4.2.3. Investment decisions 

Uncertainties associated with climate policy and fuel prices pose challenges for utility 

decision makers. On one hand, decisions on large-scale, capital-intensive power infrastructure 

must be made years before uncertainty can be resolved due to their long construction duration, 

while on the other hand, expensive recourse cost may be incurred if future policy or economics 
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do not favor those earlier decisions. In this study, we consider three potential investment 

decisions: an investment in SMR in Stage 1 (SMR), no investment in Stage 1 (noSMR), and 

never invest in SMR (neverSMR). These investment decisions are represented by three 

diverging arcs linked to the decision node in Figure 4.3a. The lead time associated with SMR 

construction is assumed to be 5 years, based on an estimated construction duration of two to 

four years [32]. For example, a 2020 investment in SMR will be available for use in 2025.  

In the ‘SMR’ branch, the utility commits to an early investment in SMR during Stage 

1. Since 2015 is a historical year, we assume construction of new SMR units will start in 2020 

and it will be online in 2025. In addition, Duke Energy’s integrated resource plan (IRP) [33] 

indicates that the future Lee Nuclear power plants will include 2 × 1,117 MW units, and 68% 

of its electricity generation will be dedicated to North Carolina. However, Duke Energy 

recently cancelled plans to develop the Lee Nuclear power plants in August 2017 [35] after 

South Carolina Electric & Gas Company announced cancellation of two new nuclear units at 

the V.C. Summer Nuclear Station, following the March bankruptcy of Westinghouse. Both 

projects had adopted the AP1000 design, a 1000 MW pressurized water reactor from 

Westinghouse [36]. The cancellation of two conventional nuclear power plants further 

motivates the study of SMR deployment, since their modularity and smaller relative capacities 

can result in less upfront investment costs and lower financial risk. 

We assume the total installed capacity of SMR units is 1,350 MW, which consists of 6 

Westinghouse SMR units, with a 225 MW rated capacity per unit [34]. In the ‘noSMR’ branch, 

investment in SMR is not allowed in Stage 1, but the model is free to deploy SMR units any 

time in Stage 2. Given the construction lead time, SMR can be constructed in 2020 and first 
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utilized in 2025. In the ‘neverSMR’ branch, the model is not allowed to deploy any SMR units 

throughout the model horizon. 

 

4.2.4. Technology-specific lead time 

As mentioned in the previous section, a critical reason for recourse action is the lead 

time associated with power plant construction. Lead time refers to the amount of time needed 

to build a specific type of power plant. Projects with longer lead times increase financing costs 

since each year of construction represents a year of additional interest charges before the plant 

is placed in service and starts generating revenue. Large, baseload power plants typically have 

longer lead times, while small, flexible power plants take only a few years to build. Table 4.1 

lists estimated lead times for all electricity generating technologies in this study, which are 

drawn from the EIA’s Assumptions to Annual Energy Outlook  2017 (AEO2017) [37]. Note 

that energy efficiency (EE) is not in this list due to its negligible lead time.  

Because the time interval between two adjacent periods in this study is 5 years, we 

round the amount of lead time up or down to its nearest multiple of 5 based on the following 

rule: if the value is no greater than 2, then round it down, otherwise round it up. This rule 

applies to all technologies in Table 4.1, except large LWRs. The lead time used by EIA for 

large LWRs is 6 years, which is closer to 5 than 10. However, construction of nuclear power 

plants is often subject to significant delay, due to budget overruns and regulatory compliance 

issues [35,38]. Previous research shows that the average lead time of US nuclear power plants 

is over 9 years, the highest among all 6 sampled OECD countries [39]. Therefore, we assume 

the lead time for large LWRs is 10 years. The lead time for SMRs will be discussed in the 

following section. 
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After applying the above rule, it is observed that most technologies have a lead time of 

5 years, while solar PV and single cycle gas turbines can be built and become available 

immediately. Both solar PV and gas turbines are typically inexpensive and can be procured 

from vendors in small unit sizes.  Since these two technologies have no lead time, they can be 

employed in recourse action if required. 

The original Temoa formulation does not include lead time and related constraints [40]. 

To include a lead time, a set is defined to include all combinations of period 𝑝, vintage 𝑡 and 

technology 𝑡 for which the following condition holds (𝐿𝑇𝑡 is lead time of technology 𝑡): 

𝑝 < 𝑣 + 𝐿𝑇𝑡 (4.5) 

This condition finds all periods 𝑝 in which a technology 𝑡 deployed in vintage year 𝑣 is still 

under construction and not available to produce electricity. Next, a set of constraints will be 

defined for each (𝑝, 𝑡, 𝑣)  in the set to limit electricity generation by process (𝑡, 𝑣) during 

period 𝑝  to zero if the condition in Equation (4.5) is met. In addition, the calculation of 

available capacity of technology 𝑡 in period 𝑝 (𝐶𝐴𝑃𝐴𝑉𝐿𝑝,𝑡) is also revised to exclude any 

capacity that is still under construction. Several constraints that use 𝐶𝐴𝑃𝐴𝑉𝐿𝑝,𝑡  are also 

affected by this modification, including reserve margin constraints, growth rate constraints, 

minimum/maximum capacity constraints, hourly storage upper bound constraints, and hourly 

storage charge upper/lower bound constraints.  
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Table 4.1. Lead times for all electricity generating technologies in the NC dataset. EIA data 

is drawn from EIA’s Assumptions to AEO2017 [37], and the Temoa values used in this 

analysis represent multiples of the 5-year model time periods. 

Technology Temoa name code EIA assumptions Temoa values 

Conventional NGCC ENGACC05 3 5 

Conventional gas turbine ENGACT05 2 0 

Advanced NGCC ENGAACC 3 5 

Advanced gas turbine ENGAACT 2 0 

NGCC with CCS ENGACCCCS 3 5 

Coal steam ECOALSTM 4 5 

Coal steam with CCS ECOALSTMCCS 4 5 

Coal IGCC ECOALIGCC 4 5 

Coal IGCC with CCS ECOALIGCCS 4 5 

Advanced light water reactor a EURNALWR15 6 10 

Small modular reactor EURNSMR N/A 5 

Biomass IGCC EBIOIGCC 4 5 

Utility-scale solar PV ESOLPVCEN 2 0 

Rooftop solar PV ESOLPVDIS 2 0 

Onshore wind EWNDON 3 5 

Offshore wind EWNDOFS 4 5 
a. The size of a single light water reactor (LWR) is 2,234 MW per EIA assumptions. 

Therefore, it is more of a large LWR rather than SMR, of which the capacity is usually 

less than 700 MW. 

 

4.2.5. The SMR technology 

According to the International Atomic Energy Agency (IAEA), small reactors refer to 

nuclear reactors with a rated power up to 300 MW while medium reactors are those with up to 

700 MW output [41]. Together they are combined into the term “small modular reactors” or 

“SMR”, as opposed to conventional large reactors with rated capacity greater than 700 MW. 

SMRs are factory-manufactured, transportable units which can be utilized in areas such as 

electricity generation, desalinization [42], and heat generation [43]. SMR units are under active 

development in most economies around the world [43,44]. Based on the coolant used in their 

designs, they are commonly classified into three categories [45]. The first category utilizes a 

conventional light water reactor design, which is a widely available and commercially mature. 
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Prototypes include Westinghouse SMR [34], mPower by Babcock & Wilcox Nuclear Energy 

[46], and NuScale by NuScale Power Inc. [42,47]. Another important category is high 

temperature gas-cooled reactors. This reactor type includes the gas turbine modular helium 

reactor (GT-MHR) designed by General Atomics [48] and pebble bed modular reactor (PBMR) 

designed by PBMR Ltd. [49], both of which employ helium as coolant and graphite as the 

moderator. The last category utilizes liquid metal [50], or molten salt as the coolant [51]. In 

our study, we will focus on LWR-based SMR, since it is the most widely used reactor design 

worldwide and the only reactor type deployed in the US [52]. In addition, three US-based 

vendors (Westinghouse, B&W Generation and NuScale Power Inc) are working actively on 

plans to market reactors of this kind [53]. 

SMR technology offers a variety of advantages over large LWR due to its relatively 

smaller capacity and modularity. In an expert elicitation of SMR technology cost [32] 

involving 16 nuclear industry experts, factory fabrication is listed as the largest potential 

improvement, followed by shorter construction times, design simplicity, and more flexible 

siting options. SMR units can be mass manufactured in a factory setting and then transported 

or relocated by road, railway, or barge to the point of use. A salient feature of SMR is limited 

on-site preparation as opposed to conventional large reactors, which also utilize factory-

fabricated modules but requires significantly more on-site construction. Standardized units 

fabricated in a factory can substantially accelerate SMR deployment. The expert elicitation 

study shows construction duration ranges from 18 to 54 months for a 45-MW SMR plant, or 

24 to 48 months for a 225-MW plant, which is significantly faster than estimates of 42 to 72 

months for a 1000 MW large LWR plant [32]. Therefore, we assume the lead time for a SMR 

plant is 5 years rather than the 10 years for large LWR. 
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The cost and performance of SMR technology are subject to great uncertainties due to 

technology immaturity and a lack of commercial operating experience. No SMR unit is in 

commercial operation and the IAEA database shows that there are only two SMR plants under 

construction in 2017: one in Russia [54,55] and the other one in China [55]. Liu and Fan [56] 

examine technology readiness levels iv  (TRL) of three LWR-based SMR units in the US 

(NuScale, mPower and Westinghouse SMR) and find that their TRLs fall between Level 7 and 

Level 8. They conclude that a 10-year period is indispensable to lift their TRLs to Level 9. In 

addition, even mature nuclear technologies often suffer construction delays and budget 

overruns [35,38], which reflects persistent over-confidence in the nuclear industry [57]. In this 

study, we draw performance data from a progress report by IAEA [43], as shown in Table 4.2. 

Note that the costs of initial heavy metal (IHM) for SMRs are higher than for LWR due to 

higher uranium enrichment requirement [58]. The Westinghouse SMR design is modeled in 

this analysis given its high burnup and thermal efficiency. Although Westinghouse filed 

bankruptcy in March 2017 [59], we assume that its technology plans can still be purchased by 

other vendors. 

The cost of SMR is under intense debate in literature. On one hand, the cost-

competitiveness of SMR has been criticized due to its “diseconomy of scale” [62,63], 

technology immaturity, and licensing issues, while on the other hand, supportive research also 

indicates that economy of scale losses can be balanced by a variety of other factors such as 

“learning-by-cositing” [32], “economy of multiples” [62] and reduced decommissioning cost 

[64,65]. Carelli et al. [62] find that the ratio of unit capital cost of SMR to LWR ranges from 

                                                           
iv Technology readiness level is a numerical scale used to measure the maturity of a technology or a system 
developed by NASA [70] and adopted by the US Department of Defense [71]. It has nine levels, where TRL 1 is 
the lowest and TRL 9 is the highest. 
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1.00 to 1.16. We follow their conclusions and assume the capital cost of SMR is 5% more 

expensive than LWR, since the rated capacity of the Westinghouse SMR is at the high end. 

The capital costs of LWRs and SMRs are shown in Figure 4.6. We further assume that the 

discount rate of SMRs is 10%, as opposed to 15% for LWRs because the lower rated capacity 

reduces the required capital outlay and therefore financial risk.  

 

Table 4.2. Technical performance for a large LWR [60] and three US-based SMR designs 

[43]. 
 

LWR mPower Westinghouse NuScale 

Fuel enrichment 4.50% <5.0% <5.0% <4.95% 

Burn-up rate (GWd/tonneIHM) 
a 

45 40 70 62 

Efficiency (thermal) 32.6% 31% 28% 30% 

Efficiency (PJe/tonneIHM) b 1.267 1.071 1.693 1.607 

Lifetime (yrs) 60 60 60 60 

Rated capacity per unit (MW) c N/A 125 225 48 

IHM cost (M$/tIHM) d 1.297 1.431 1.431 1.431 

a. Burnup represents the amount of thermal heat production per tonne of 

enriched uranium. Note that ‘IHM’ is initial heavy metal and refers to the 

enriched uranium used in the reactor core. 

b. This efficiency is the actual input to Temoa, and is the product of burn-up 

rate and thermal efficiency.  

c. Rated capacity for one SMR unit, does not apply to large LWR. 

d. Natural uranium price (2016 total weighted-average): 42.43 $/lb U3O8 

equivalent from [61], plus 170 $/kgIHM enrichment variable cost [60]. 

Assumes 235U content in natural uranium is 0.711% and enrichment tails 

assay is 0.3%. 
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Figure 4.6. Capital cost of LWR and SMR. Note that learning-effect is reflected by the 

declining trends of both curves. 

 

The estimated costs for SMR elicited from experts encompass a wide range due to a 

lack of commercial experience [32]. Even the estimated median cost of commercially mature 

large LWRs vary by more than a factor of 2.5 across a range of experts [32]. Due to the large 

uncertainties associated with the input parameters, we conduct a scenario analysis by varying 

the costs of the SMR technology. Note that compared to the high cost uncertainties, the 

performance data is better known owing to past experience with LWR operations. Therefore, 

to account for cost uncertainty, a set of different cost scenarios is introduced. These cost 

scenarios vary the capital cost and fixed O&M cost by multiplying the base values with a cost 

multiplier. Because preliminary model results suggest that, even with climate policy, SMR is 

still not cost-competitive under current cost assumptions, our cost scenarios will only include 

cost multipliers lower than 100%. In this analysis, cost multipliers range from 50% to 100%, 

which corresponds to an investment cost range of 2,650 to 5,300 $/kW. The expert elicitation 

conducted by Abdulla et al. [32] suggests that median capital cost estimates for a 225 MW 

electric SMR range from $3,200 to $7,100/kW and most of our estimates falls in the range. 
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4.2.6. The verification study 

To verify the approach used here, the probability-weighted average of objective values 

of all smaller stochastic programs linked to the same decision arc will be compared with the 

solution from the complete stochastic program when the climate policy probability is included 

along with fuel price uncertainties in the stochastic solve. Two smaller stochastic programs (𝑃  

and 𝑃2) linked to the “SMR in 1st stage” arc are represented by two event trees in Figure 4.7a, 

while Figure 4.7b illustrates the event tree associated with the complete stochastic program 

(𝑃𝑎) in the verification run. Each stochastic scenario in Figure 4.7b is described by one fuel 

price scenario and one climate policy scenario, where the fuel price scenario and the climate 

policy scenario are assumed to be independent events. Therefore, given 𝑝𝐶𝑃, the probability of 

each combined stochastic scenario in Figure 4.7b is determined by the product of 𝑝𝐶𝑃 and the 

probabilities associated with each fuel price scenario, which are set equal to 1/3 for simplicity. 

The objective value returned by 𝑃𝑎 is compared with the probability-weighted average of 𝑃  

and 𝑃2 to complete one verification run. Due to the increased dimensionality and complexity 

of the complete stochastic program, the verification runs are only performed for a selected set 

of cost multipliers and 𝑝𝐶𝑃. Note that from now on, the complete stochastic program (e.g., 𝑃𝑎) 

will be referred as “the verification run” to distinguish it from smaller stochastic programs (e.g., 

𝑃  and 𝑃2). 
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Figure 4.7. Comparisons of event trees used in the verification studies. (a) These two 

independent even trees represent the same stochastic programs as shown in Figure 4.3b, 

where 𝑃  represents the smaller stochastic program with climate policy and 𝑃2 without it. 

Each stochastic program has three stochastic scenarios, as indicated by letters H, R and L. (b) 

The event tree represents the complete stochastic program (𝑃𝑎) used in the verification run, 

where climate policy uncertainty is assigned a probability. Combinations of fuel price and 

climate policy scenarios result in six stochastic scenarios, as opposed to only three scenarios, 

shown in 𝑃  and 𝑃2. 

 

Results of the verification study will be presented in the form of relative errors (𝛿) 

given by the following equation: 

𝛿 =
𝑧(𝑃𝑎) − [𝑝𝐶𝑃 ⋅ 𝑧(𝑃 ) + (1 − 𝑝𝐶𝑃) ⋅ 𝑧(𝑃2)]

𝑧(𝑃𝑎)
×100% (4.6) 

where the function 𝑧() returns the objective value. Note that the numerator represents the 

difference between solution from the verification runs with explicitly incorporated climate 

policy uncertainty and the probability-weighted average of solutions from the two smaller runs 
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where climate policy uncertainty is ignored. In the stochastic programming literature, this 

difference is also known as the Expected Value of Perfect Information (EVPI) and will always 

be positive [4].  

 

4.3.Results 

In this analysis, the alternative with the lowest expected cost is picked as the optimal 

strategy. Figure 4.8 illustrates the decision-making process related to SMR investment in the 

baseline scenario, i.e., when the cost multiplier is 100%. A decision tree is used to solve for 

the optimal strategy by “folding back” [25], a process that starts from the leaf nodes on the far 

right hand side and moves to the left by calculating the expected cost at each chance node and 

selecting the branch with the least cost at each decision node. However, the expected cost at 

the climate policy chance node cannot be calculated because the probability of climate policy 

𝑝𝐶𝑃 is unknown. Instead, we will compare the expected costs over the whole 𝑝𝐶𝑃 probability 

interval.  

Given any probability of adopting climate policy (0 < 𝑝𝐶𝑃 < 1), the expected cost can 

be obtained by linearly combining objective values of stochastic programs when 𝑝𝐶𝑃 = 0 (the 

“No” arc in Figure 4.8a) and 𝑝𝐶𝑃 = 1 (the “Yes” arc in Figure 4.8a). Figure 4.8b shows that 

the expected costs associated with the “SMR” branch are always more expensive than the other 

two, while the expected costs of the other options overlap across the whole probability range. 

Therefore, branch “SMR” is truncated and both “noSMR” and “neverSMR” are the optimal 

strategies. This indicates that the decision-maker should avoid making an SMR investment in 

Stage 1. In addition, since the expected costs of “noSMR” and “neverSMR” are equal across 
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the entire probability range, we can infer that SMR is not deployed in Stage 2. Under these 

assumptions, the utility should avoid investment in SMR. 

 

 

 

Figure 4.8. Graphs showing the decision-making process related to SMR investment. (a) The 

decision tree with the SMR branch truncated since it is the most expensive. Note that each 

leaf node represents one independent stochastic program, as represented by the red dashed 

boxes. Numbers in each box indicate the objective function value associated with the 

stochastic program. (b) Expected costs as a function of the climate policy probability. Note 

that squares on the left and right axis indicate actual solutions from the smaller stochastic 

programs, while lines in between represent derived expected costs (i.e., certainty equivalents) 

given 𝑝𝐶𝑃and crosses represent solutions from the verification runs. 
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4.3.1. Sensitivity to SMR cost 

To analyze how decisions are affected by SMR investment and fixed O&M costs, 

results when cost multipliers are less than 100% are presented in Figure 4.9. The expected 

costs of the “SMR” branch are always least expensive if SMR costs are reduced 50% below 

the baseline, as illustrated in Figure 4.9a. In this case, it is optimal to make the SMR investment 

in Stage 1. By contrast, Figure 4.9c shows that the expected costs of the “noSMR” branch 

remain lowest across the whole probability range, implying that an SMR investment in Stage 

2 is optimal if SMR costs are reduced by 20% below the baseline. Figure 4.9b shows a more 

complex situation: the expected costs (i.e., certainty equivalents) associated with the “SMR” 

and “noSMR” branches intersect at 𝑝𝐶𝑃 = 0.224. Therefore, the optimal strategy depends on 

the probability of climate policy implementation: if 𝑝𝐶𝑃 ≥ 0.224, making the SMR investment 

in Stage 1 is the optimal choice, otherwise, it is better to postpone the investment until Stage 

2.  
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Figure 4.9. Expected costs as a function of 𝑝𝐶𝑃 when the SMR cost multiplier is (a) 50%, (b) 

60%, and (c) 80%. Similar to Figure 4.8b, original solutions from stochastic programs are 

represented by squares on the axes, while the derived expected costs (i.e., certainty 

equivalents) are represented by lines in between. Solutions from the verification runs are 

represented by crosses. 
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Figure 4.9 indicates that one of the three strategies dominate across the whole 

probability range if both its end points exhibit the lowest cost, i.e., the solutions from both 

stochastic programs – with 𝑝𝐶𝑃 = 0 and 𝑝𝐶𝑃 = 1 – are least expensive. Therefore, decisions 

can be made by only comparing objective values of stochastic programs with 𝑝𝐶𝑃 = 0 and 

𝑝𝐶𝑃 = 1. Figure 4.10 shows objective values from all six stochastic runs (the 3 SMR scenarios, 

each with and without climate policy) as a function of the SMR cost multipliers. Solid lines 

represent stochastic solves when 𝑝𝐶𝑃 = 1, while dashed lines represent the case when 𝑝𝐶𝑃 =

0.  

The objective values associated with the two neverSMR solves remain constant as a 

function of the cost multiplier since SMR is never deployed. Adopting climate policy leads to 

higher objective values in the neverSMR-CP case given the higher costs to achieve emission 

reductions. The SMR-CP and noSMR-CP curves intersect at a point where the cost multiplier 

equals 72%, while the SMR-noCP and noSMR-noCP curves intersect at a point where the cost 

multiplier equals 54%. These intersection points divide the cost multiplier range into three 

subranges. If the cost multiplier is less than 54%, the blue curves are always below red curves, 

indicating that deploying SMR in Stage 1 is always the least expensive option, regardless of 

climate policy. By contrast, if the cost multiplier is higher than 72%, blue curves are always 

above the red curves. In this case, having SMR deployed in Stage 1 will always lead to higher 

expected costs and it is better to postpone the investment of SMR until Stage 2.  

The last subrange, where the cost multiplier is between 54% and 72%, corresponds to 

a more complex situation. In this subrange, the solid blue curve is below the solid red curve, 

whereas the dashed blue curve is above the dashed red curve. Therefore, whether expected 

costs of having SMR deployed in Stage 1 are higher than not having SMR deployed depends 
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on the value of 𝑝𝐶𝑃. As shown earlier in Figure 4.9b, the optimal strategy switches at 𝑝𝐶𝑃 =

0.224 when the cost multiplier is 60%. We define the probability at this point as the switch-

over probability (𝑝∗). Figure 4.10b shows 𝑝∗ as a function of the cost multiplier. Given a cost 

multiplier, one can obtain the switch-over probability 𝑝∗ from Figure 4.10b, which can further 

be used to determine the optimal investment strategy if 𝑝𝐶𝑃 is also given: If 𝑝𝐶𝑃 > 𝑝
∗at a given 

SMR cost multiplier, then deploying SMR in Stage 1 will be the optimal strategy. As illustrated 

in Figure 4.10b, the curve escalates as the SMR costs increase, implying that higher 

probabilities of adopting climate policy are required to make SMR a better choice as SMR 

becomes more expensive. When the cost multiplier is higher than 72%, 𝑝∗ = 1, it is never 

optimal to install SMR in Stage 1, which corresponds to the earlier observation in Figure 4.9c. 

Likewise, if the cost multiplier is lower than 54%, 𝑝∗ = 0 and 𝑝𝐶𝑃 > 𝑝
∗ always holds. This 

represents the case where deploying SMR in Stage 1 is always the optimal strategy, as observed 

in Figure 4.9a. 

 



95 
 

 

Figure 4.10. (a) Objective values associated with the six stochastic solves as a function of 

cost multipliers. The two vertical dotted lines separate the space into three subranges with 

different decision strategies. Note that the 54% dotted line marks the point at which the 

noSMR-noCP and SMR-noCP curves intersect and the 72% dotted line marks the 

intersection of the noSMR-CP and SMR-CP curves. (b) The “switch-over” probabilities of 

adopting climate policy (𝑝∗) as a function of the cost multiplier. 
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4.3.2. The verification study 

Results from the verification runs are also displayed along with the expected cost 

estimates in Figure 4.8b and Figure 4.9. Visual inspection of the results indicates that the 

expected cost estimates are in good agreement with solutions from the verification runs. 

Relative errors between the two sets of results are given by Equation (4.6) and listed in Table 

4.3. Note that for the “neverSMR” column, 𝛿 is independent of cost multiplier since SMR is 

never deployed. In addition, since EVPI is always positive, 𝛿 > 0 holds for all runs. The results 

in Table 4.3 indicate that 𝛿 varies across scenarios, and the average values range from 0.03% 

to 0.04%, implying the relative errors are very small. Therefore, the verification study suggests 

that the probability-weighted averages can be an accurate estimate of the solution cost 

associated with the complete stochastic program. 
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Table 4.3. Relative errors (𝛿) in percentage showing discrepancies between expected cost 

estimates from smaller stochastic runs and de facto solution from verification runs. 

Cost multiplier 𝑝𝐶𝑃 SMR noSMR neverSMR 

50% 

0.2 0.01% 0.07% 0.03% 

0.4 0.01% 0.09% 0.03% 

0.6 0.01% 0.07% 0.03% 

0.8 0.01% 0.04% 0.02% 

60% 

0.2 0.05% 0.05% 0.03% 

0.4 0.09% 0.06% 0.03% 

0.6 0.09% 0.04% 0.03% 

0.8 0.06% 0.02% 0.02% 

80% 

0.2 0.01% 0.03% 0.03% 

0.4 0.02% 0.03% 0.03% 

0.6 0.01% 0.02% 0.03% 

0.8 0.01% 0.01% 0.02% 

100% 

0.2 0.01% 0.03% 0.03% 

0.4 0.02% 0.03% 0.03% 

0.6 0.02% 0.03% 0.03% 

0.8 0.01% 0.02% 0.02% 

Average 0.03% 0.04% 0.03% 

 

4.4.Discussion 

Investment decisions in power plants with long lifetimes can produce technological 

lock-ins that leads to expensive recourse actions when prevailing conditions such as policy or 

fuel prices change. Decision-makers need to formulate long-term investment strategies in the 

face of uncertainty. By combining stochastic optimization with decision analysis, our study 

provides a modeling framework to assist in the decision-making process. In addition to the 

conventional outputs from energy system models, such as optimal resource supply, 

technology-specific electricity production, and capacity expansion, the incorporation of fuel 

price uncertainties in our model provides flexible hedging strategies. By studying SMR 

investment options, our results demonstrate that under baseline cost and performance 

assumptions, the optimal strategy avoids SMR deployment before 2025. In addition, the 
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sensitivity analysis demonstrates how the hedging strategy is affected by assumed SMR costs. 

Although the scope of this study is only focused on North Carolina, it has the potential to be 

scaled up and can be applied to national-level analysis.  

Our results demonstrate that SMR costs play a key role in the determination of 

investment decisions. Although SMR will not be considered under current cost assumptions, 

plausible SMR costs encompass a wide range. Previous work indicates that median capital cost 

estimates for a 225 MW electric SMR range from $3,200 to $7,100/kW [32]. The lower bound 

represents a 33–40% cost reduction below our baseline estimate for SMR capital costs, which 

correspond to cost multipliers between 60–67%. Therefore, under optimistic assumptions of 

SMR capital costs, the optimal strategy involves making an SMR investment, according to 

Figure 4.10a. 

Another key insight is the validity of using probability-weighted expected costs as the 

criteria to make investment decisions. The verification results suggest that the probability-

weighted cost estimates are accurate over a wide range of cost multipliers and climate policy 

probabilities. Although the simplified approach developed here cannot provide an exact 

solution, as Huntington et al. points out, “the primary goal of policy modeling should be the 

insights quantitative models can provide, not the precise-looking projections they can produce 

for any given scenario” [66]. A utility decision maker can apply this simplified analysis method, 

despite the existence of relative errors in our model. 

In addition, our analysis can also significantly reduce computational time. The time 

required to solve a linear program is related to the problem size and the algorithms employed. 

In linear programming, solution time using the simplex method can be exponential in the 

worst-case scenario, while the interior point method is a polynomial times algorithm [67], 
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which indicates that the computational time can increase much faster than the problem size. In 

this study, the 3-scenario stochastic run has over 3.5 million variables and 3.7 million 

constraints, which takes around 30 minutes to solve on a 24-core workstation with 256 GB of 

memory. The 6-scenario verification run has 7 million variables and over 7.4 million 

constraints. However, doubling the problem size does not result in a doubling of computational 

time: it takes approximately 3–4 hours to solve on the same platform, which corresponds to an 

increase by a factor of 6–8. Therefore, the simplified method shown here can significantly 

reduce the total computational time by dividing a complete stochastic program into separate 

runs.  

Several caveats exist in this study. First, solving separate stochastic models under 

different climate policy assumptions is an approximation. Solutions from the complete 

stochastic program in Figure 4.7b can provide a unique hedging strategy against uncertainty 

associated with climate change [9]. By contrast, the approach outlined here yields two Stage 1 

solutions since two different stochastic models are solved, with and without climate policy, as 

depicted in Figure 4.7b where two distinct sets of Stage 1 solutions are generated. Thus, our 

approach provides insight into a particular Stage 1 decision (e.g., invest in SMR or not), but 

does not provide a comprehensive Stage 1 solution that accounts for the potential presence of 

climate policy. If prevailing policy does not favor the Stage 1 solution given by our approach, 

it can lead to expensive recourse action. Therefore, although our approach can be utilized to 

obtain the optimal strategy, it cannot provide detailed hedging plans. 

Another limitation concerns the probability distribution of fuel prices. As discussed in 

Section 4.2.1, the probability of each fuel price scenario is assumed to be evenly distributed 

and the probability of each scenario is 1/3. This is a simplified assumption and could be 



100 
 

improved in future work. Uncertainties associated with fuel prices stem from multiple factors, 

including fundamental market forces of supply and demand, political events, climate, and 

changes in economy. A review of studies indicates a variety of models exist trying to forecast 

future fossil fuel prices through a diverse set of models [14–22]. Therefore, further works of 

this study can utilize existing models to generate more robust stochastic scenarios. However, 

the historical record of forecasting fuel prices proves to be relatively poor [68]. For example, 

a comparison of AEO reference case projections with realized outcomes from 1994 to 2016 by 

EIA [69] indicates that the absolute percent differences for energy prices range between 10% 

and 40%. The inaccuracy of fuel price projections poses great challenges one long-term energy 

system modeling and planning. Finally, we assume a single climate policy with a given rate of 

reduction over time. Exploring different climate policies that involve different implementation 

dates and reduction rates need to be modeled with additional stochastic solves.  

The approach outlined here can be applied in many other contexts outside energy 

system modeling. For example, in Birge and Louveaux [4], a decision analytic model is applied 

to a situation where an electric utility’s demand depends greatly on whether a given industry 

locates in the region. The decision problem is broken into multiple separate stochastic 

programs that consider whether the new industrial demand materializes and the utility needs 

to start building new power plants before the industry makes a decision about location. In a 

study by Messina and Bosetti v, a decision tree is developed in conjunction with stochastic 

programming and is applied to a land conversion problem. Their work folds environmental 

uncertainty into the decision process by including a decision node where the decision maker 

can choose between testing for environmental quality or commencing land conversion without 

                                                           
v Messina, Vincenzina, and Valentina Bosetti. "Uncertainty and option value in land allocation problems." 

Annals of operations research 124.1 (2003): 165-181. 
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the test. The above examples and this analysis demonstrate that such a framework can be 

applied to problems that include difficult-to-estimate probability distributions, but for which a 

limited set of actions can be defined and the utility associated with the resulting outcomes can 

be evaluated.  

In addition, a necessary condition to use probability-weighted averages as estimates of 

exact solutions is that relative errors (𝛿) should be sufficiently small. As presented in Table 

4.3, 𝛿 in this analysis is less than 0.1%. Since 𝛿 is determined by the ratio of EVPI over the 

exact solution (Equation 4.6), the upper bounds of 𝛿 can be derived from the upper bounds of 

the EVPI, which can be given by solving the expected value problem defined in [4] and 

applying Proposition 5 vi in [4]. Moreover, to ensure the optimal investment decision given by 

using the probability-weighted averages is the same as when using the exact solutions, the 

numerical order of the probability-weighted averages – as a function of the probability being 

varied – must be the same as the exact solutions to ensure the decision with minimum cost or 

maximum utility is selected. A more rigorous investigation is required to identify the problem 

characteristics that are necessary to employ probability-weighted averages as outlined here. A 

couple of conjectures can be used as the starting point for further in-depth analysis. First, all 

stochastic programming models developed in this study are linear, meaning they have linear 

objective functions and linear constraints. Since the probability-weighted averages are linear 

combinations of objective values from smaller stochastic programming models, linearity may 

be a requirement. In addition, only two-stage stochastic programming models are investigated 

                                                           
vi Proposition 5 in [4] gives the upper bound of EVPI of a stochastic program with a fixed recourse matrix and 

fixed objective coefficient: 𝐸𝑉𝑃𝐼 ≤ 𝐸𝐸𝑉 − 𝐸𝑉, where 𝐸𝑉 denotes the objective value of the expected value 

problem (obtained by substituting random variables in the stochastic program with their expectations) and 𝐸𝐸𝑉 

denotes the expected result of using the EV solution (i.e., using first-stage variables from the expected value 

problem while allowing second-stage decisions to be chosen optimally, then calculating the expectation across 

all scenarios). 
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in this thesis, and it is not clear if such approach can be extended to a multi-stage stochastic 

programming model, which involves a sequence of decisions that depend on outcomes that 

evolve over time. 
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5. DISCUSSION 

With the US withdrawal from the Paris Agreement and likely repeal of the EPA Clean 

Power Plan, responsibility for carbon mitigation has fallen to individual states. Renewable 

energy technologies are likely to play a critical role in state-level GHG abatement strategies, 

but variations in resource quality vary widely across the US. As a result, states need to develop 

their own low carbon pathways that consider all available technologies and account for 

variations in renewable resource quality. This thesis represents a concerted effort to study 

electricity futures in North Carolina, considering the availability of both new and conventional 

technologies over time. 

The key contribution of this thesis is to apply rigorous uncertainty analysis to examine 

both individual energy technologies and energy systems. Such energy analysis is fraught with 

both parametric and structural uncertainties [1]. In this dissertation, several methods have been 

employed to address future parametric uncertainty: portfolio optimization, scenario analysis, 

stochastic programming and parametric sensitivity analysis. The resultant analysis yields 

insight that can inform planning by investors, electric utilities, and policy analysts. 

Chapter 2 includes a techno-economic analysis of Gulf Stream energy that accounts for 

the spatiotemporal variability in ocean current velocity. Uncertainties in the analysis can be 

traced back to input data, and thus can be categorized as parametric uncertainty. The path and 

intensity of ocean currents are dictated by several factors, including climate, bathymetry, and 

large-scale ocean circulation. A key challenge is to account for unpredictable meanders in the 

Gulf Stream current that occur over timescales ranging from weeks to years. A portfolio 

optimization model is applied to deal with uncertainties associated with the path and intensity 

of Gulf Stream currents using historical hindcast data drawn from an ocean circulation model. 
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The results demonstrate how geographic diversification of ocean current sites can reduce the 

variability in Gulf Stream electricity production by over an order of magnitude.  

Although the techno-economic assessment of Gulf Stream energy is conducted in 

Chapter 2, Gulf Stream energy is not included as a candidate technology in the subsequent 

energy system analysis (Chapters 3 and 4). The LCOE of Gulf Stream energy ranges from 230 

to 250 $/MWh for an 80 MW portfolio, which is not currently competitive with other 

generation assets in North Carolina. Test runs with Temoa indicate that Gulf Stream energy is 

not cost-effective, even with significant reductions in investment cost. Future work should be 

focused on lower the capital and deployment costs associated with ocean current energy.  

Chapter 3 focuses on North Carolina electricity futures using Temoa in conjunction 

with an NC-specific input dataset that was constructed as part of this thesis. Six unique 

scenarios are based on different combinations of future fossil fuel price trajectories and the 

presence of climate policy. The scenario analysis reveals that fuel prices largely affect the 

tradeoff between natural gas and coal, while climate policy promotes the deployment of 

renewables, such as solar PV and onshore wind. However, while the comparison of results 

across multiple scenarios can reveal how uncertainties affect future electricity pathways in NC, 

there are many additional uncertainties that can affect technology deployment. Because Temoa 

applies linear optimization techniques, some technologies may sit on a knife edge, where small 

perturbations in inputs can lead to significant changes in deployment.  

To address this limitation, a method was developed to estimate the break-even capital 

cost associated with technologies not deployed. Such results indicate to policy makers how 

close particular technologies are to being deployed in a given model scenario and time period. 

As Keepin and Wynne have shown [2], if the user-specified investment cost of a given 
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technology is close to its break-even cost, then a small perturbation to its cost assumptions may 

have a large influence on model results. In addition, this method can be combined with scenario 

analysis to investigate how scenario-specific assumptions affect the cost-effectiveness of 

specific technologies. For example, the results in Chapter 3 demonstrate how break-even costs 

of a technology can be affected by fuel price trajectories and climate policy. The modeler can 

use the break-even cost analysis to refine the range over which parametric sensitivity analysis 

is conducted, while decision-makers can employ it as a guideline when formulating policy and 

financial incentives. In addition, the break-even costs of SMR technology are utilized in 

Chapter 4 to identify the range of SMR investment costs considered in the subsequent 

sensitivity analysis. Note that although break-even costs in Chapter 4 are returned by a binary 

search rather than a method based on reduced cost, the theory still holds because the extensive 

form of the stochastic program still belongs to the family of linear programs. 

While the Chapter 3 analysis yields insights that can inform decisions, each scenario 

represents a distinct view of the future, assuming perfect foresight from the beginning of the 

first model time period. However, decision makers need to formulate a plan and take action 

before future uncertainties are resolved. Chapter 4 addresses this challenge by combining 

stochastic optimization and decision analysis. A stochastic version of the model considers 

future uncertainty in natural gas prices, where probabilities and prices can be characterized 

reasonably well with a 50-year longitudinal fuel price record. However, the likelihood of 

climate policy is highly uncertain, and is thus better represented in a simple decision tree where 

the probability of future policy can easily be changed to observe the effect on different cost 

metrics. Thus Chapter 4 presents a computationally tractable way for utilities or investors to 

consider investment in a novel energy technology given future uncertainty in both natural gas 
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prices and climate policy. More specifically, Chapter 4 indicates that investment in small 

modular reactors (SMR) is not advisable in the first time stage under baseline assumptions. 

However, under alternative scenarios that assume a reduction in SMR investment cost – 

consistent with ranges provided through expert elicitation – early investments in the 

technology may be advisable. 

The work presented in this dissertation can be expanded by considering additional 

parametric uncertainties. In this dissertation, the principal parametric uncertainties considered 

are associated with investment costs, fuel price trajectories, and the implementation of climate 

policy. With regard to climate policy, only a couple of policy options are modeled. Results 

may change under different assumptions about the form of the policy, the implementation 

period, and the required rate of emissions reductions over time. In addition, many more 

parametric uncertainties can be included. For example, both Chapter 3 and Chapter 4 assume 

a 2% annual growth rate in electricity consumption, which is drawn from Duke Energy’s 

integrated resource plan. This forecast is developed with econometric models using key 

economic factors along with weather and other technical trends collected by Duke [3]. In 

addition, it only covers the time period from 2017 to 2031, and this dissertation extrapolates 

this trend to 2050. Although econometric models account for more factors than trend analysis 

and often perform well in the short-term, as Craig et al [4] points out, regression analysis relies 

on historical data and thus assumes structural rigidity in the economy. Historical records have 

proven the poor performance of long-term energy consumption forecasts [4,5]. Aside from 

demand growth rates, another limitation in the current work is the assumption of static load 

profiles. Both Chapter 3 and Chapter 4 assume that the proportion of electricity demand with 

each season and time of day remains the same from one time period to another. However, 
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electricity consumption patterns may be shifted by new technologies, such as demand response 

and energy storage systems.  

Lastly, this dissertation only considers parametric uncertainties, while structural 

uncertainties associated with the model formulation are left unaddressed. Parametric 

uncertainty stems from imperfect information or incomplete model input data, while structural 

uncertainty reflects the imperfect mathematical formulation of ESOMs. The underlying 

dynamics driving decision making in real world energy systems are complex and evolving over 

time, while ESOMs are formulated based on simplified and static assumptions [6]. Temoa 

considers least cost optimization from the perspective of an omniscient social planner. 

However, real energy systems involve many different stakeholders with competing interests 

and objectives. For example, the model does not consider distributed rooftop solar 

photovoltaics to be cost-effective compared with centralized installations, given the higher 

capital costs associated with the former. However, Temoa’s simple objective function does not 

capture the non-monetary benefits that lead consumers to install rooftop solar. In this way, 

structural uncertainties in the model can potentially miss large technology shifts in the future. 

One potential way to capture structural uncertainty in future analysis is to apply modeling-to-

generate alternatives, an algorithm that searches the feasible, near optimal solution space for 

alternative solutions that are maximally different in decision space [7,8]. In general, methods 

and approaches should be selected in a way that best addresses the research questions at hand.  
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A.  APPENDIX A: SUPPLEMENTARY MATERIALS OF CHAPTER 

TWO 

 

A.1. Supplementary Notes 

 

A.1.1. Supplementary Note 1. The algebraic model formulation 

To perform the portfolio optimization, we construct a mixed-integer quadratic 

programming (MIQP) model P0 as follows: 

 P0:min
𝑦,𝑣
𝑦𝑇𝛴𝑦 (A.1a) 

 s.t.  𝑦𝑇𝐶𝐹 ≥ 𝐶𝐹0 (A.1b) 

 𝑦𝑇𝑒 =  𝑇 (A.1c) 

 𝑦 ≤  𝑈𝑣 (A.1d) 

 𝑣𝑇𝑒 ≤  𝑆 (A.1e) 

 𝑦 ∈ ℕ∗
𝑛1 , 𝑣 ∈ {0,1}𝑛1 (A.1f) 

In the model formulation (A.1a) - (A.1f), 𝑆  is the set of candidate sites and we set 

𝑛 = |𝑆|. The decision variables are 𝑦 and 𝑣, where 𝑦 is an 𝑛 -dimensional integer vector, with 

each element representing the number of installed turbine units at each of 𝑛  sites, and 𝑣 is an 

𝑛 -dimensional binary vector where each element represents whether the installed capacity in 

a site is 0 or not. In the objective function defined by (A.1a), the term 𝛴 is the variance-

covariance matrix and 𝑦𝑇𝛴𝑦 represents the total variance in electricity production. 𝐶𝐹 is an 

𝑛 -dimensional vector containing the capacity factor for each site, while 𝐶𝐹0 is a scalar and 

represents the exogenous capacity factor target.  𝑆 represents the upper bound on the number 

of selected sites,  𝑈 is the upper bound on installed turbine units within a single grid cell and 
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 𝑇 is the number of total installed turbine units. Finally, ℕ∗ represents the set of nonnegative 

integers. With all defined variables and parameters, Equation (A.1b) represents the target 

capacity factor constraint. Equation (A.1c) ensures that the total installed capacity is fixed; the 

righthand side represents the sum of installed turbine units across all sites (e is a column vector 

of ones that match the dimension of y). Equation (A.1d) represents the installed capacity limit 

within each single site and the 𝑣 on the right hand side of the equation ensures that 𝑣 = 1 when 

𝑦 > 0 and 𝑣 = 0 when 𝑦 = 0; in another words, 𝑣 counts the number of sites with nonzero 

installed capacities. Equation (A.1e) limits the total number of selected sites in the optimized 

portfolio. Equation (A.1f) represents the integer and binary requirements for decision variables 

𝑦 and 𝑣, respectively.  

In our study, the dimensions of vectors 𝑦 and 𝑣 are equal to the number of candidate 

sites. In addition to the installation depth limit, where the turbines must be installed at least 50 

m under the sea surface, the anchoring system can only be installed where the seabed depth is 

less than 2500 m due to technical limitations [1]. Therefore, we assume that the turbines can 

only be installed where the seabed depth is between 100 m and 2500 m. After removing all 

unqualified candidate sites outside the Gulf Stream, we still have over 4000 sites to be 

considered (𝑛 ≥ 4000). The large number of integer decision variables makes solving the 

model above computationally intractable for traditional MIQP solvers due to the dimensions 

of the decision vectors and constraint matrices as well as the combinatorial nature of the 

problem. As an alternative, we develop the following 2-stage model represented by (A.2a) - 

(A.2f) to approximate the model above (A.1a)-( A.1f).  

In the first stage, instead of solving a mixed integer quadratic programming problem, 

we solve a continuous quadratic programming (QP) model represented by (A.2a) - (A.2f). 
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 P :min
𝑥
𝑥𝑇𝛴𝑥 (A.2a) 

 s.t.  𝑥𝑇𝐶𝐹 ≥ 𝐶𝐹0 (A.2b) 

 𝑥𝑇𝑒 = 1 (A.2c) 

 𝑥𝑖 ≤
 𝑈
 𝑇
, ∀𝑖 ∈ 𝑆 (A.2d) 

 𝑥 ≥ 0 (A.2e) 

 𝑥 ∈ ℝ𝑛1 (A.2f) 

where, 𝑥  is an 𝑛 -dimensional decision vector representing the weights of the installed 

capacities in each grid cell. Note that unlike Equation (A.1a), each component of 𝑥  is a 

continuous real number, not an integer. Similar to Equation (A.1b), Equation (A.2b) represents 

the target capacity factor constraint. Equation (A.2c) ensures that the sum of the weights equals 

1. Equation (A.2d) represents that the installed capacity limit within each single site and it is 

represented as a fraction of the total installed capacity.  

Because of the relaxation of the integrality assumptions, the QP problem is easier to 

solve and consumes considerably less time than the MIQP. More importantly, solving the QP 

returns less than 15 non-zero decision variables out of over 4000 candidates.  

We then run the MIQP, which is now computationally tractable with the limited number of 

candidate sites returned by the QP. We replace the set 𝑆 in with the smaller set 𝐼 and obtain a 

revised MIQP model where we set 𝑛 = |𝐼|, 𝐼 = {𝑖 ∈ 𝑆|𝑥𝑖 ≠ 0}. We note that this two-stage 

approach does not return the exact same result as the original MIQP with the full set of 

candidate sites since the 2-stage model is an approximation. 
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A.1.2. Supplementary Note 2. Calculating the levelized cost of electricity (LCOE) 

The LCOE can be expressed by the following equation: 

LCOE =
Total Annual Cost (𝑇𝐴𝐶)

Total Annual Energy (𝐸)
 (A.3) 

Using nomenclature from Supplementary Table A.7, the TAC can be expressed as a function 

of the total number of 4 MW units installed ( 𝑇 ), collection subsystem distance (𝑑 ), 

transmission subsystem distance (𝑑2), and ocean floor depth (ℎ): 

𝑇𝐴𝐶 = 𝑐0 + 𝑐 𝑑 + 𝑐2𝑑2 + (𝑐3 + 𝑐4ℎ) 𝑇𝑥0 + 𝑐5ln (𝑐6 +  𝑇𝑥0) (A.4) 

where 𝑥0=4 MW and 𝑐0 to 𝑐6 are constants calculated from the terms in Table A.6 and Table 

A.7. The development, deployment, and annual recurring O&M cost functions each include a 

constant term (as shown in Table A.7), and vary depending on whether a single site or multi-

site portfolio configuration applies. In the single site calculations, the constant cost terms apply 

separately at each site, whereas in the multi-site portfolio case, the constant cost terms are only 

incurred once for the total 80 MW portfolio to represent economies of scale. 

The denominator 𝐸  in Equation (A.3) represents the estimated annual energy 

production in one year and is calculated using Equation (2.2) in the main text. Note that the 

velocity probability function 𝑃𝑟(𝑣) differs by site. In addition, the annual energy production 

will depend on the turbine capacity allocated to a particular site in the multisite configuration. 

The calculation of LCOE involves decision variables in both the denominator and the 

numerator, which would result in a non-linear optimization model if directly included as a 

constraint. 
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A.1.3. Supplementary Note 3. The cost of infrastructure 

The cost of infrastructure includes two major parts: dedicated vessel for operations & 

maintenance (O&M) and the transmission system. 

 

The costs of vessels 

The cost of service vessels is drawn directly from Neary et al. [2]. We assume that a 

service vessel is built to perform the routine operation and maintenance tasks for up to 40 

devices, which is equivalent to 160 MW installed capacity. The capital cost of the vessel is 

$30,000,000.  

 

The costs of transmission cables 

The costs of transmission cables are determined by the voltage ratings and the current 

carrying capacities. For 3-phase AC, the current 𝐼 is given by 𝑆 = √3 𝑈𝐼, where 𝑆 is the rated 

capacity and 𝑈 is the rated voltage. In our transmission system, the current loadings calculated 

by the rated voltages and the power loadings are listed in Table A.1. 

Table A.1. The current ratings for selected transmission cables. 

Voltage rating Power loading Current loading 

33 kV 4 MW 70 A 

33 kV 16 MW 280 A 

132 kV 80 MW 350 A 

 

Like many transmission systems for offshore wind farms, the electrical transmission 

system in this study consists of a medium-voltage electrical collection system and a high-

voltage electrical transmission system to deliver the power to the onshore grid [3]. In this study, 

we assume 33 kV for the collection system, and 132 kV for the grid-tied transmission line for 
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both the single site layout and the multisite layout. Note that although the installed capacity for 

a single site is only 16 MW, a small capacity relative to some offshore wind farms [4], the 

transmission voltage is raised to 132 kV before being sent to the grid to reduce the transmission 

loss, since the transmission distances range from 200 to 300 km.  

The following cost function is used to calculate the cable cost in the HVAC 

transmission system [5]: 

𝐶𝑜𝑠𝑡𝐴𝐶 = 𝐴𝑝 + 𝐵𝑝exp (
𝐶𝑝𝑆𝑛

108
) (A.5) 

where 𝐶𝑜𝑠𝑡𝐴𝐶 is the per unit length cable cost ($/km), 𝑆𝑛 is the rated power of the cable (VA) 

and 𝐴𝑝, 𝐵𝑝 and 𝐶𝑝 are voltage specific constants. The per unit cable cost calculations are listed 

in Table A.2. 

Table A.2. The costs of submarine transmission cables. 

Rated voltage Rated capacity Conductor size a 

(mm2) 
𝐴𝑝 𝐵𝑝 𝐶𝑝 Cost b 

($/m) 

33 kV 16 MW 95 411,000 596,000 4.10 193 

132 kV 80 MW 300 1,971,000 209,000 1.66 342 
a Assumes 3-core cables are used to reduce the cost and the environmental impact [4]. The 

conductor size is selected from ABB’s XLPE submarine cable brochure [6] according to the 

current loadings listed in Table A.1. 
b The cited reference [5] was published in 2003 with costs in Swedish Krona (SEK). We 

assume 1 USD = 8.079 SEK according to the 2003 exchange rate. This exchange rate is used 

throughout the study, unless otherwise mentioned. 

 

The costs of platforms 

Offshore platforms are required for transformers, switchgears, and auxiliary equipment 

such as communication devices, which cannot be installed on the ocean floor. In this study, we 

assume platforms are needed at each site and the collection point, where switchgears and 

transformers are installed. 
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Platform cost depends on several factors [4], such as water depth, platform type, and 

size. We use a cost function borrowed from offshore wind projects to calculate the cost for the 

structure of the offshore platforms in this study. The cost function is shown in Equation (A.6), 

where 𝑃𝑟𝑎𝑡𝑒𝑑 represents the rated power of the offshore wind farm [5]:  

𝐶𝑜𝑠𝑡 = 𝐴𝑝 + 𝐵𝑝𝑃𝑟𝑎𝑡𝑒𝑑 (A.6) 

Note that for a platform installed within a single site, 𝑃𝑟𝑎𝑡𝑒𝑑 only accounts for the installed 

capacity within that site. To calculate the costs of platforms in this study, we use 16 MW as 

the rated capacity of the platform installed at each site for both configurations and 80 MW at 

the collection point for the multisite configuration. The costs of platforms are listed in Table 

A.3. 

Table A.3. The costs of platforms. 

Rated Capacity (MW) 𝐴𝑝 𝐵𝑝 Cost ($) 

16 20,000,000 0.7 3,900,000 

80 20,000,000 0.7 9,400,000 

 

The costs of transformers 

Step-up transformers are used to raise the transmission voltage from 33 kV to 132 kV 

for both the single site and the multisite configurations. The cost function in Equation (A.7) is 

used to calculate the costs of transformers [5]: 

𝐶𝑜𝑠𝑡𝑇𝑅 = 𝐴𝑝 + 𝐵𝑝𝑃𝑟𝑎𝑡𝑒𝑑
𝛽

 (A.7) 

where 𝐶𝑜𝑠𝑡𝑇𝑅  is the transformer cost, 𝐴𝑝 , 𝐵𝑝  and 𝛽  are constants and 𝑃𝑟𝑎𝑡𝑒𝑑  is the rated 

capacity of the transformer in VA. As shown in Figure A.4, a 16 MW transformer is needed at 

each site for both configurations and an 80 MW transformer is needed at the collection point 

for the multisite configuration. The costs are listed in Table A.4. 
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Table A.4. The costs for transformers. 

Rated capacity (MW) 𝐴𝑝 𝐵𝑝 𝛽 Cost ($) 

16 -1,208,000 2,143 0.4473 290,000 

80 -1,208,000 2,143 0.4473 760,000 

 

The costs of switchgears 

We assume that parallel switchgears are installed at each site as well as the collection 

point, as shown in Figure A.4 and Figure A.5. The switchgear installed at the collection point 

(“33 kV Switchgear 2” in Figure A.5) connects transmission cables from multiple sites, and 

the switchgear at each site (“33 kV Switchgear 1” in both Figure A.4 and Figure A.5) connects 

cables from all four turbine units within a single site. Note that each switchgear includes 

multiple incoming lines and one output line, and the associated costs are calculated separately. 

The cost of the switchgear is approximated with a linear relation depending on the voltage 

level (𝑈𝑟𝑎𝑡𝑒𝑑) [5]: 

𝐶𝑜𝑠𝑡 =  𝐴𝑝 + 𝐵𝑝𝑈𝑟𝑎𝑡𝑒𝑑 (A.8) 

The costs of the switchgears used in our study are listed in Table A.5. 

Table A.5. The costs of switchgears. 

Rated voltage Side 𝐴𝑝 𝐵𝑝 Unit Cost ($) Amount Total ($) 

33 kV 
Out 320,000 6 64,000 1 

160,000 
In 100,330 2.8726 24,000 4 

33 kV 
Out 320,000 6 64,000 1 

180,000 
Incoming 100,330 2.8726 24,000 5 
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A.2. Supplementary Figures 
 

 

Figure A.1. Frequency distribution of distances between site pairs. The distance between 

each site pair is rounded to the nearest kilometer, and the profile gives the number of samples 

at a specific integer distance (in km). Note that the domain includes some land cover, which 

produces the irregularity in sampling frequency as a function of distance. 
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Figure A.2. The layout of turbine units in a single grid cell. The grid resolution of the 

MABSAB ocean circulation model is approximately 2 km by 2 km. One grid cell is 

highlighted in the figure and each dot represents one turbine unit with 4 MW rated capacity. 

In the highlighted grid cell, all units except the one in the middle are shared with neighboring 

grid cells: each of the 4 corner units (A, C, G, I) is shared by 4 neighboring grid cells, each of 

the 4 units on the edges (B, F, H, D) is shared by 2 neighboring grid cells. Therefore, within a 

given grid cell, the effective number of turbine units is 4 and the maximum installed capacity 

is 16 MW. 
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Figure A.3. Turbine power curve (blue) and current velocity probability distribution (red). 

The turbine reaches maximum output at a current velocity of 1.2 m/s. The probability density 

function 𝑷𝒓(𝒗) is drawn from a specific location with a mean velocity close to the mean over 

the entire study domain. 
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Figure A.4. The transmission system layout for the single site configuration. In the single 

site configuration, the length of each 33 kV collection cable is 1 km based on the turbine unit 

layout, and the length of the 132 kV transmission line is calculated as the distance from the 

site to Morehead City, the assumed grid tie-in point. The dashed box includes switchgear 

with four incoming lines and one output line. It is assumed that the switchgear and the 

transformer are mounted on a platform, which is installed at each site. 
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Figure A.5. The transmission system layout for the multisite configuration. In this 

configuration, electricity output from multiple sites are transmitted to the grid via a collection 

point. In addition to the 1 km 33 kV transmission cables within each site, 33 kV transmission 

cables connect each site with the collection point, whose location is optimized such that the 

total transmission cost is minimized. The length of the 132 kV transmission line is calculated 

as the distance from the collection point to Morehead City. Platforms are installed within 

each grid cell as well as the collection point for the placement of the transformer and 

switchgears. 
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A.3. Supplementary Tables  
 

Table A.6. Key parameter values in Equations (A.1) and (A.2). 

Symbol Name Value a Unit 

𝑑 Rotor diameter 30 m 

𝐴 Swept rotor area b 2828 m2 

𝜌 Sea water density 1030 m3/kg 

𝐶𝑝 Coefficient of performance 0.5 
 

 
Capacity per turbine  1 MW  
Gearbox Efficiency 0.94 

 

 
Generator Efficiency 0.89 

 

 
Transformer Efficiency 0.96 

 

 
Power Inverter Efficiency 0.97 

 

𝜂 Combined power chain conversion efficiency c 0.78  

𝐴𝐹 Availability Factor 0.85 
 

𝜂𝑇𝐿 Transmission Efficiency 0.95 
 

a All values are from the Sandia Reference Model 4 described in Neary et al. [2] 

b 𝐴 =
𝜋𝑑2

4
 

c 𝜂 = 0.94×0.889×0.96×0.97  
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Table A.7. Capital cost components. 

Cost category Equation Sandia components 

Development Cost 
−13564308 + 10369850 ∙
ln ( 𝑇𝑥0 + 3.698963)  

1.1 Development 

Infrastructure See Section A.1.3 for details. 1.2 Infrastructure. 

Mooring/Foundation  (475270 +  832.1ℎ) 𝑇𝑥0  1.3 Mooring/Foundation 

Device Structure 

Components 
1200000 𝑇𝑥0  

1.4 Device Structure 

Components 

Power take-off 2800000 𝑇𝑥0 1.5 Power take-off 

Subsystem 

Integration & Profit 

Margin 

400000 𝑇𝑥0  
1.6 Subsystem Integration 

& Profit Margin 

Deployment 12496440 + 431853 𝑇𝑥0  1.7 Installation. 

Contingency 10% of the rest capital cost 1.9 Contingency 

Notes:  𝑇 represents the number of 4 MW units installed, 𝑥0 = 4 MW and denotes the 

capacity of a single unit, ℎ is the seabed depth (m). The unit of cost is in US dollars. The 

regression equations represent a least squares fit to Sandia cost estimates generated at 

different assumed levels of installed capacity. The Sandia components column indicates 

the corresponding cost components in the Sandia Reference Model for the Florida Current 

as detailed in Neary et al. [2]. For simplicity, we neglect the decommissioning cost 

represented by cost component 8 in the Sandia model. 
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Table A.8. Annual recurring costs. 

Cost Equation Sandia components 

Annual 

O&M 
2521577 +  136827 𝑇𝑥0  

2.2 Environmental Monitoring and Regulatory 

Compliance. 

2.3 Marine Operations. 

2.4 Shoreside Operations. 

2.5 Replacement Parts. 

2.6 Consumables. 

Insurance 1% of total capital cost. 2.1 Insurance. 

Notes:  𝑇 represents the number of turbine units installed, 𝑥0 denotes single turbine 

capacity (MW), cost is in USD/yr. The Sandia components column indicate the 

corresponding cost components in the Sandia Reference Model reported in Neary et al. 1. 
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B. APPENDIX B: SUPPLEMENTARY MATERIALS OF CHAPTER 

THREE 

 

B.1. Additional Constraints 

The Temoa formulation includes a variety of constraints, which are discussed in detail 

in Hunter et al.[1]. In this analysis, two additional constraint sets are added to account for short-

term power system operations: the system-wide reserve margin constraint and the ramp rate 

constraints.   

 

B.1.1. The Reserve Margin Constraint 

This constraint set requires Temoa to build enough capacity in each period to satisfy 

the capacity reserve margin. The capacity reserve margin is defined by the North American 

Electric Reliability Cooperation (NERC) as the amount of unused electric capacity at the time 

of peak load [2]. The capacity reserve requirement ensures that utilities can meet peak demand 

at all times, thereby maintaining system reliability. Each balancing authority under NERC sets 

a reference level, and assesses the ability of utilities to meet this reliability metric. North 

Carolina falls under the Southeastern Reliability Cooperation (SERC) balancing authority, 

which sets a 15% reference reserve margin [3]. Utilities in North Carolina are required by 

statute [4] to submit integrated resource plans (IRPs), which outline their ability to meet future 

demand with new and existing resources [5]. Both Duke Energy Progress [6] and Duke Energy 

Carolinas [7] are required to meet the 15% minimum summer reserve margin target [2].  

The constraint is defined in Equation (B.1). During each period 𝑝, the sum of the 

available capacity (𝐂𝐀𝐏𝐀𝐕𝐋𝑝,𝑡) of all reserve technologies, which are defined in the set 𝐓𝑟𝑒𝑠, 
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should exceed the peak load by 𝑅𝐸𝑆𝑐, the reserve margin. Note that the available capacity is 

first discounted by the capacity credit (𝑐𝑐𝑡) and then summed up. 

 

 𝑐𝑐𝑡 ∙ 𝐂𝐀𝐏𝐀𝐕𝐋𝑝,𝑡 ∙ 𝑆𝐸𝐺𝑠∗,𝑑∗ ∙ 𝐶2𝐴𝑡 ≥ 𝐷𝐸𝑀𝑝,𝑐 ∙ 𝐷𝑆𝐷𝑠∗,𝑑∗,𝑐 ∙ (1 + 𝑅𝐸𝑆𝑐),

𝑡∈𝐓𝑟𝑒𝑠

∀𝑝 ∈ 𝐏𝑂 , 𝑐 ∈ 𝐂𝑟𝑒𝑠 

(B.1) 

where, (𝑠∗, 𝑑∗) indicates the peak-load time slice, 𝑐 ∈ 𝐂𝑟𝑒𝑠 indicates the demand commodity 

that is subject to the reserve margin constraint, 𝐶2𝐴𝑡  is the technology-specific conversion 

factor between capacity and activity, and 𝑆𝐸𝐺𝑠∗,𝑑∗ and 𝐷𝑆𝐷𝑠∗,𝑑∗,𝑐 represent the fraction of time 

and the fraction of load within the peak-load time slice, respectively. It is important to note 

that the SERC-specified reserve margin of 15% must be adjusted to account for the demand 

representation in the NC dataset. Due to computational constraints, we represent 8760 hourly 

demand slices as 96 representative time slices in Temoa, which creates a discrepancy between 

the actual hourly peak load and the average peak load in the model (See Figure B.2). As a 

result, we apply a 60% reserve margin in Temoa, which accounts for the difference between 

the real-world and modeled peak loads as well as the 15% reserve margin in SERC. 

 

B.1.2. The Ramp Rate Constraint 

The ramp rate constraint is utilized to limit the rate of electricity generation increase 

and decrease between two adjacent time slices in order to account for physical limits associated 

with thermal power plants. The formulation is given in Equation (B.2). 

 

−𝑟𝑡 ∙ 𝐂𝐀𝐏𝑝,𝑡 ≤
𝐀𝐂𝐓𝑝,𝑠,𝑑+ ,𝑡,𝑣

𝑆𝐸𝐺𝑠,𝑑+ ∙ 𝐶2𝐴𝑡
−
𝐀𝐂𝐓𝑝,𝑠,𝑑,𝑡,𝑣

𝑆𝐸𝐺𝑠,𝑑 ∙ 𝐶2𝐴𝑡
≤ 𝑟𝑡 ∙ 𝐂𝐀𝐏𝑝,𝑡 

∀𝑝 ∈ 𝐏O, 𝑠 ∈ 𝐒, 𝑑, 𝑑 + 1 ∈ 𝑫, 𝑡 ∈ 𝐓ramp, 𝑣 ∈ 𝐕 

(B.2) 
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In the above equation, 𝑟𝑡  represents the ramp rate limits for those technologies defined as 

ramping technologies (𝑡 ∈ 𝐓ramp );  𝐂𝐀𝐏𝑡,𝑣  and 𝐀𝐂𝐓𝑝,𝑠,𝑑,𝑡,𝑣  represent the installed capacity 

and activity of technology 𝑡 deployed in vintage 𝑣, respectively. We assume for simplicity that 

technology ramp rates do not vary with technology vintage. In real-world energy systems, coal-

fired and nuclear power plants are mostly regarded as baseload sources due to technical and 

economic limitations, while natural gas-fired units are usually employed as load-following 

units given their greater operating flexibility and faster response. The ramp rates used in this 

study, as shown in Table B.1, are drawn from FERC [8], which is based on real-world samples 

in the PJM interconnection. In this study, only 60% of the existing coal capacity is subject to 

the ramp rate constraints, assuming they can be utilized as load-following units, while 40% is 

considered baseload and does not vary output through the day. This approach ensures that the 

coal units exceed their minimum run levels, which usually fall between 20% and 40% of their 

nameplate capacities [8,9].  

 

Table B.1. The ramp rate limits given by a sampling-based study for the generation fleet in 

PJM [8]. 

Tech name Ramp up/down 

(%/min) 

Ramp up/down 

(%/hr) 

Coal 0.7% 42% 

NG, combined 1.8% 108% 

NG, combustion 3% 180% 

 

Table B.1 shows that natural gas units can ramp up or down by more than 100% within an 

hour. Although the cold start-up time of a natural gas unit can be significantly longer than 

one hour, the issues on start-up are not accounted for in this study. Therefore, we assume the 

ramp rate constraint only applies to coal-fired units, and all nuclear units are viewed as 

baseload. Other thermal power plants with low ramping capability, such as biomass-fired 

steam turbines, are excluded due to their insignificant share. 
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B.2. An overview of the electric power system in North Carolina 

In 2015, total electricity generation in North Carolina was 128,388 GWh [10], as shown 

in Table B.2 and detailed by energy sources in Figure B.1 and Table B.3. The North Carolina 

Energy Policy Council projects that the demand for NC electricity will grow at an annual rate 

of 1.2% between 2015 and 2030 [11], which equates to a 20% increase by 2030. Note that this 

growth rate is based on the IRPs of Duke Energy Progress [6] and Duke Energy Carolinas [6], 

the two largest utilities serving North Carolina, which together provide over 70% of total 

electricity sales [12]. Dominion Energy, another electricity utility that primarily serves the 

northeastern corner of North Carolina, projects a slightly higher growth rate for its NC territory. 

Dominion’s total electricity sales to North Carolina were 4,428 GWh in 2015 [12], accounting 

for less than 4% of North Carolina’s total electricity generation. Therefore, we assume that 

total NC electricity demand will increase at a yearly growth rate of 1.2% from 2015 to 2050, 

and the historical NC electricity consumption in 2015 is used as the base year. Table B.2 shows 

the annual electricity demand projections for North Carolina, and Figure B.1 shows both the 

historical NC electricity consumption by fuel source and the projection of total electricity 

demand. 
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Table B.2. Annual electricity demand projections. 

Period 2015 2020 2025 2030 2035 2040 2045 2050 

Demand (TWh) 128 136 145 154 163 173 184 195 

 

 

 

 

Figure B.1. North Carolina's historical energy mix from 1990 to 2015 and electricity demand 

projections. The trajectories beyond 2015 represent future annual electricity demand. Note 

‘BIO’ represents bioenergy, ‘HYD’ represents hydroelectricity, ‘NGA’ represents natural 

gas, ‘PUM’ represents pumped hydro, ‘SOL’ represents solar PV, ‘COA’ represents coal, 

‘NUC’ represents nuclear. 
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Table B.3. North Carolina capacity and electricity generation mix in 2015 a. 

 

Capacity 

(MW) Generation (MWh) Cap. % Gen. % 

Capacity 

Factor 

Bioenergy 
b
 487 2,589,372 1.6% 2.0% 61% 

Coal 
c
 10,803 39,922,168 34.5% 31.1% 42% 

Oil 
d
 403 434,587 1.3% 0.3% 12% 

Hydro 2,004 4,742,004 6.4% 3.7% 27% 

NG 
e
 10,816 36,544,596 34.5% 28.5% 39% 

Solar PV 1,437 1,373,579 4.6% 1.1% 11% 

Nuclear 5,114 42,096,761 16.3% 32.8% 94% 

Pumped Hydro 86 94 0.3% 0.0% 0% 

Other 161 685,283 0.5% 0.5% 49% 

Total 31,311 128,388,444 100% 100%  
a. Data is from EIA’s Form 860 [13] and calibrated with EIA’s State Electricity Profile 

2015 [14]. 

b. Including wood/biomass steam turbines, municipal solid waste (MSW) steam turbines, 

landfill gas (LFG) internal combustion engines and LFG gas turbines.  

c. All coal used in North Carolina is bituminous. 

d. Primarily diesel oil combustion turbines. 

e. Includes both combined cycle (NGCC) and single cycle (NGSC). 

 

A critical challenge in the integration of renewable energy such as wind and solar PV 

is the intermittency associated with their output. To represent intra-annual variations in 

electricity output, one year is divided into multiple time slices. The time slice is assumed to be 

an indivisible unit within the model, over which the electricity generation from all technologies 

are assumed to be constant. In addition, electricity demand varies between time slices, and 

must be satisfied through electricity generation. Two parameters are employed to describe the 

time slices: the segment fraction (𝑆𝑒𝑔𝐹𝑟𝑎𝑐𝑠,𝑑) and the demand specific distributions (𝐷𝑆𝐷𝑠,𝑑,𝑐). 

The segment fraction is the fraction of one year represented by each time slice, and the demand-

specific distribution represents the fraction of annual demand that falls within each time slice. 

In this study, one year is divided into 96 time slices: 4 seasons, with each season 

including 24 times-of-day to create a representative hourly profile for each season. Since one 
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season actually consists of 90 to 92 days, the number of hours in one time slice depends on the 

number of days in the season where the time slice resides. The segment fraction of a time slice 

is given by dividing the number of hours in each time slice by the total number of hours in one 

year. 

The demand in an individual time slice (season 𝑠, time-of-day 𝑑) is given by summing 

up the hourly demands during time-of-day 𝑑 over all days in season 𝑠. The hourly electricity 

loads are drawn from FERC Form 714 [15]. Figure B.2 compares the modeled load duration 

curve with the real-world load duration curve for NC. The area under both solid and dashed 

profiles represents the annual electricity generation, which is the same in both cases. Note the 

simulated profile does not fully capture the peak load, given the use of 96 versus 8760 (hourly) 

time slices. 

 

Figure B.2. The actual load duration curve (dashed line) and the demand apportioned by 

model time slice within this study (solid line). The load duration curve is developed using 

2014 data from FERC’s Form 714 [15]. 
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B.2.1. Technologies and Commodities 

There are two categories of energy generation technologies used in the construction of 

the input dataset for North Carolina: residual (or existing) technologies, and future 

technologies. Residual technologies represent electricity generating technologies that already 

have existing capacity in North Carolina, and a summary of those technologies and their 

corresponding Temoa name is presented in Table B.4. This data is drawn from EIA’s Form 

860, which annually reports all electricity generators in each state by prime mover and energy 

source [16]. Each existing electric sector generator is mapped to a specific Temoa technology, 

which is described in detail in Table B.11. 

Within a single technology representation, not all individual generators are the same – 

older power plants tend to be less efficient and costlier to operate. In addition, as power plants 

age and reach the end of their useful life, their capacity must be retired. We therefore construct 

a retirement profile, which reduces the residual capacity of each technology based on an 

exogenously specified schedule. Temoa is capable of differentiating age within a single 

technology category using vintages. The vintage represents the year in which capacity for a 

specific technology was put into service. This differentiation is done by splitting the residual 

capacity displayed in Table B.4 into the appropriate vintage. Using EIA Form 860 data [13], 

vintages were set up into 5-year bins. For example, capacity built between 1993 and 1997 

(inclusive) is categorized as a 1995 vintage. For simplicity, all capacity added prior to 1958 is 

grouped into the 1960 vintage.  
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Table B.4. Capacity of residual technologies in North Carolina (2015) [10]. 

Technology Description Capacity (MW) 

EBIOSTMR Biomass – Steam Turbine 402 

ECOASTMR Coal – Steam Turbine 10,803 

EDSLCTR Diesel – Combustion Turbine 403 

EHYDCONR Hydro – Conventional 2,004 

EHYDREVR Hydro – Pumped Storage 86 

ELFGGTR Landfill Gas – Gas Turbine 15 

ELFGICER Landfill Gas – Integrated Gasification 60 

ENGACCR Natural Gas – Combined Cycle 4,766 

ENGACTR Natural Gas – Combustion Turbine 6,050 

ESOLPVR Centralized Solar PV 1,437 

EURNALWR Nuclear – Light Water Reactor 5,114 

TOTAL 31,140 

 

The next step in creating a retirement profile is to specify technology lifetimes. Temoa 

retires the capacity associated with a given vintage if its lifetime is exceeded at the beginning 

of an optimization period. EIA provides data on retired power plants across the US [16], which 

was used to find the average age of plants that have already been decommissioned. Next, plant 

lifetime data from the EPA [17], National Renewable Energy Laboratory (NREL) [18], and 

MiniCam [18] were compared (Table B.5). No wind residual technology is specified, as North 

Carolina did not have any wind capacity as of 2015 [16]. From this data, technology- and 

vintage-specific lifetimes were chosen for the Temoa model.  

Pre-existing, technology-specific capacity split into 5-year vintage bins with the 

associated technology lifetimes specified for each vintage provides the requisite information 

needed to model retirements over the 35-year optimization time horizon.  Figure B.3 presents 

the retirement profiles for the six largest categories of pre-existing capacity. Of the 31.1 GW 

of pre-existing capacity available to meet demand in 2015, only 1.9 GW remains in 2050. This 

increasing gap between pre-existing capacity and demand must be met through the addition of 

new capacity. 
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 Table B.5. Comparison of technology lifetimes in years for the US and across energy 

models [16–18]. 

Technology 
Avg Lifetime 

(entire US) 
NREL MiniCAM 

EPA 

MARKAL 
This paper 

EBIOSTMR 49 45 45 40 45 

ECOASTMR 53 60 45 40 60 

ECOASTMR_b 53 60 45 40 60 

EDSLCTR 41 n/a n/a 50 45 

EHYDCONR 68 n/a n/a 120 70 

EHYDREVR n/a n/a n/a 40 70 

ELFGGTR 16 30 45 30 30 

ELFGICER 14 30 45 30 30 

ENGACCR 30 30 45 30 40 

ENGACTR 37 30 45 30 40 

ESOLPVR 10 30 30 30 30 

EURNALWR 32 60 60 40 60 

 

 

Figure B.3. Retirement profile for residual capacity in North Carolina. Note that ‘LFG’ 

represents landfill gas, ‘NG’ represents natural gas, and ‘NUC’ represents nuclear power. 

 

New capacity is added by Temoa in each period to satisfy electricity demand. For this 

analysis, new generation technologies were drawn from the EPA MARKAL database [17] and 
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are listed in Table B.6. Technologies from this database have detailed technical and cost 

specifications by US Census Division and provide sufficient representation of electric 

generation technologies. Each technology used in Temoa represents a specific fuel (e.g., coal 

or natural gas) and prime mover (e.g., combustion turbine or combined cycle). It is important 

to note that not all future technologies are currently deployed in North Carolina, but they are 

made available for future investments. The costs and technical parameters that define each 

technology determine which technologies are deployed in future periods.  

 

Table B.6. Future energy generation technologies used in NC dataset. 

Technology Name Description 

ENGACC05 Natural Gas – Combined Cycle 

ENGACT05 Natural Gas – Combustion Turbine 

ENGAACC Natural Gas – Advanced Combined Cycle 

ENGAACT Natural Gas – Advanced Combustion Turbine 

ENGACCCCS Natural Gas – Combined Cycle with Carbon Capture and 

Sequestration (CCS) 

ECOALSTM Coal – Steam Turbine 

ECOALIGCC Coal – Integrated Coal Gasification Combined Cycle 

ECOALIGCCS Coal – Integrated Coal Gasification Combined Cycle with CCS 

ECOALIGCCS_b Coal – Integrated Coal Gasification Combined Cycle with CCS, 

baseload  

ECOALIGCC_b Coal – Integrated Coal Gasification Combined Cycle, baseload 

ECOALSTM_b Coal – Steam Turbine, baseload 

EURNALWR15 Nuclear – Light Water Reactors 

EBIOIGCC Biomass – Integrated Gasification Combined Cycle 

ESOLPVCEN Solar – PV Centralized Generation 

ESOLPVDIS Solar – PV Distributed Generation (rooftop solar) 

EWNDON Wind – Onshore (Generation Class 4) 

EWNDOFS Wind – Shallow Offshore (Generation Class 5) 

 

The function of commodities within Temoa is to link technologies together to form a 

network diagram. There are no technical or cost parameters for commodities. A full list of 

commodities used is given for reference in Table B.12. 
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B.2.2. Technical Parameters 

Each technology in Temoa must be supplied with a set of technical parameters that 

characterize its operation within each period. The properties in Table B.7 broadly define the 

operational characteristics of each technology in a way that allows the model to meet required 

physical constraints. Efficiency and emission activity of a technology are linked to vintages 

within a technology, whereas the remaining parameters are the same for all vintages and 

through all optimization periods. 

 

Table B.7. Technical parameters used to define operation of electricity technologies in Temoa. 

Parameter Description Source 

Efficiency 
The ratio of energy out of a technology to energy in 

(inverse to heat rate). 
[16,17] 

Availability 

Factor 

The maximum amount of electricity that can be produced 

in a given hourly time slice, relative to nominal capacity. 
[17,19,20] 

Capacity 

Credit 

The contribution to peak demand made by non-

dispatchable technologies. 
[21–23] 

Emission 

Factors 

Kilotons of CO2, SO2, and NOX emitted per PJ of energy 

generated. 
[24] 

Baseload 

Classification 

Classification of a technology as a “baseload” prevents 

electricity generation from changing throughout the day to 

follow varying demand. 

[25] 

Maximum 

Ramp Rate 

The maximum rate of change (%) of electricity production 

allowed in a power plant. 
[8] 

 

Baseload label 

According to the EIA, baseload technologies are designed to satisfy minimum system 

demand, and “produce electricity at an essentially constant rate and run continuously” [25]. If 

a technology is classified as baseload, Temoa does not allow the amount of electricity 

generated to vary hourly within a season. The North Carolina dataset treats nuclear as baseload, 
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per public statements by Duke Energy and the Duke Energy IRPs [6,7,26]. In addition, both 

existing and future coal are split into two technologies: 40% of the residual capacity is 

considered baseload per eGRID data [24], while the other 60% is subject to ramp rate 

constraints. For the new coal capacity added, Temoa will restrict its output variation within 

each season if it is labeled as baseload, and otherwise it will be subject to ramp rate constraints.  

 

Efficiencies 

The efficiencies for all the processes are gathered from the EPA MARKAL database 

[17] and are calibrated with EIA Assumptions to Annual Energy Outlook [27]. Both EPA and 

EIA provide estimates of the heat rate of each technology used in Temoa. Because the EPA 

data is categorized by Census Division, the data for the South Atlantic Division, where North 

Carolina is located, is used. In addition, operating data drawn from EIA Form 860 [13] and 

EIA Form 923 [10] is utilized as a more accurate estimate for the efficiencies of all existing 

power plants. Specifically, the efficiencies are calculated at the plant level based on the rated 

capacities reported in EIA Form 860 [13] and the annual electricity fuel consumption reported 

in EIA Form 923 [10]. The technology-specific efficiency is then given by the weighted 

average efficiency over all power plants of the same technology. For example, MARKAL 

estimates that residual natural gas combined-cycle generators in the South Atlantic have an 

efficiency of 42.2% [17]. However, an analysis of state-level data shows an efficiency of 47.4% 

[10]. For consistency, state-level data was used to correct the efficiencies of residual 

technologies only.  
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Availability factors 

In Temoa, the availability factor serves as the upper bound on capacity factor. The 

capacity factor is defined as the ratio of the actual electricity production to the maximum 

electricity production, if it operated continuously at its full capacity. For dispatchable 

technologies such as fossil-fuel fired units, the availability factor is set to 90% for all time 

slices to reflect periodic shutdowns due to required preventative maintenance. For non-

dispatchable technologies such as solar and wind power, the availability factors are determined 

by resource availability.  

In this study, the availability factors for all technologies except for wind and solar 

power are drawn from the EPA MARKAL database. However, the availability factors of wind 

and solar power were collected at a higher resolution due to the higher time slice resolution in 

this study. Therefore, the data for solar PV is drawn from the NREL Solar Power Data for 

Integration Studies [19], which consist of 1 year (2006) of 5-minute solar power and hourly 

day-ahead forecasts for approximately 6,000 simulated PV plants. Note that the plants are 

categorized into utility scale PV (UPV) and distributed PV (DPV). UPV has single axis 

tracking while DPV is fixed tilt equal to latitude. In addition, the data for both onshore and 

offshore wind power is drawn from the NREL Wind Integration National Dataset Toolkit [20]. 

Note that the availability factors for onshore wind are scaled down such that the annual 

equivalent capacity factor drops from 38% to 30% because both NREL [28] and EIA [16] show 

that the capacity factors reported by the WIND Toolkit are approximately 8% to 10% higher 

in most seasons.  

To convert these hourly capacity factors to the time slice capacity factors used in Temoa, 

first the hourly data was categorized by the season and time-of-day slices used in Temoa. The 
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average capacity factor across all sites in North Carolina during a specific season and time of 

day slice was used in the Temoa dataset. This process resulted in the hourly capacity factor 

profiles for wind and solar shown in Figure B.4, with averages shown in Table B.8.  

 

Table B.8. Average annual capacity factors and capacity credits for solar and wind power. 

Resource Type Technology Average Capacity 

Factor 

Capacity 

Credit 

Wind 
EWINDON 30.0% 20% 

EWINDOF 41.3% 20% 

Solar 
ESOLPVCEN 16.9% 35% 

ESOLPVDIS 15.2% 35% 

 

 

Figure B.4. The availability factors for future solar PV and wind power, and the hourly 

demand in 2015. Time slices are numbered sequentially on the horizontal axis, and the 

numbers shown correspond to the first timeslice in each season. 

 

0

5000

10000

15000

20000

25000

30000

0%

10%

20%

30%

40%

50%

60%

70%

1 25 49 73

Lo
ad

 (
M

W
)

A
va

ila
b

ili
ty

 F
ac

to
r

Time Slice

Wind, onshore Wind, Offshore Solar PV, rooftop

Solar PV, utility Hourly load



148 
 

Capacity Credits 

The hourly capacity factors plotted in Figure B.4 indicate that, with some exceptions, 

wind tends to be most productive during hours of low demand, while solar is most productive 

during higher demand times. This concept of varying contributions to peak demand reduction 

relates to capacity credit, which is a measure of how much a resource is able contribute to 

reducing peak demand [21–23]. Dispatchable generation, such as coal or natural gas, usually 

has capacity credits close to their nameplate capacity because they can be relied upon to 

generate during peak periods. By contrast, wind and solar receive less capacity credit because 

they are not dispatchable during peak demand periods. Methods for estimating the capacity 

credit of renewable sources differ depending on the metric used [22]. In this study, the capacity 

credits are utilized in the reserve margin constraints, and we draw capacity credit estimates 

from a report that utilizes the method of Effective Load Carrying Capability (ELCC). The 

ELCC of a power generator represents its ability to effectively increase the generating capacity 

available to a utility or power grid without increasing the utility’s loss of load risk [29]. 

Although previous studies show that capacity credits are affected by factors such as location 

and existing renewable energy penetration, modeling capacity credits as dependent variables 

will introduce non-linearities into the Temoa formulation. Therefore, it is assumed that 

capacity credits will remain constant at 20% for both onshore and offshore wind [30,31], and 

35% for all forms of solar PV [29], summarized in Table B.8.  For simplicity, all forms of 

dispatchable technologies are assumed to have a capacity credit of 100%. 
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Emission factors 

Emission factors are primarily obtained from the EPA’s MARKAL database and 

eGRID data [24]. This study considers three types of emissions: NOX, SO2, and CO2. 

Generators in North Carolina were analyzed and cross-referenced to generator details found in 

EIA Form 860 [13] to calculate technology-specific emission rates. In addition, a network of 

emission control devices allows Temoa to install carbon capture and sequestration retrofits on 

coal steam plants, if necessary, to meet emission limits. The emission rates used in the NC 

dataset are summarized in Table B.9 for fossil-based generation technologies. Technologies 

that utilize biomass are considered carbon neutral, as most biomass generation in North 

Carolina is from wood waste products [10]. 

We assume that new pulverized coal plants will be equipped with state-of-the-art SO2 

and NOX removal devices and thus no future retrofitting will be required. However, existing 

coal plants assume uncontrolled emissions of SO2 and NOX, and emission control retrofits are 

required to meet air quality standards. In this study, SO2 removal through flue gas 

desulfurization (FGD) is categorized based on coal type and sulfur level, and NOX removal 

technologies include low NOX burners (LNB), selective non-catalytic reduction (SNCR) and 

selective catalytic reduction (SCR). The capacities of existing retrofit installations are drawn 

from the EPA eGrid database. In addition, Temoa can install carbon capture and sequestration 

(CCS) on both existing and new coal units to meet CO2 emission limits. 
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Table B.9. Emission factors of all electricity generating technologies for North Carolina. 

Fossil Fuel Technology 
Emission Factors (kt / PJout) 

CO2 NOX SO2 

ENGACTR 204 0.019 0.001 

ENGACT05 158 0.015 0.0008 

ENGAACT 126 0.012 0.0006 

ENGACCR 136 0.0128 0 

ENGACC05 100.25 0.0094 0 

ENGAACC 93.4 0.0088 0 

ENGACCCCS 11.0 0.010 0 

EDSLCTR 314.3 0.487 1.605 

EBIOSTMR 0 0.273 0.790 

EBIOIGCC 0 0.196 0.104 

ECOALSTM 227.887 0.892 3.057 

ECOALSTM w/ CCS 34.124 0.892 3.057 

ECOALIGCC 33.847 0.883 3.026 

ECOALIGCCS 10.754 0.842 2.886 

ECOASTMR 251.193 0.983 3.369 

 

 

B.2.3. Environmental regulations 

North Carolina’s emissions of SO2 and NOX from 1990 to 2014 by source are displayed 

in Figure B.5. Coal contributed over 50% of NC’s electricity generation from 1990 to 2007 

and is the primary driver of both pollutants. In addition, NOX emissions from natural gas began 

to rise after 2010 because more natural gas was employed as a result of its lower price. The 

SO2 emission factor from natural gas is an order of magnitude lower than from coal [32] and 

therefore its contribution to SO2 emissions is minimal. 

SO2 emissions started to decline in 2005, due to the promulgation of a set of regulations 

at both the federal [33] and state level [34] under the Clean Air Act. The EPA’s Clean Air 

Interstate Rule (CAIR), a cap-and-trade program intended to reduce SO2 and NOX emissions 

beyond the levels defined by the Acid Rain Program in the eastern half of the United States, 

led to the retrofit of 91 GW [35] of coal-fired power capacity with FGD scrubbers between 
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2005 and 2011 nationwide. In addition, in 2002 North Carolina implemented the Clean 

Smokestacks Act, its own state-level regulation [34], resulting in a significantly faster 

reduction of SO2 emissions than in neighboring states [36] between 2002 and 2012. Likewise, 

emissions of NOX peaked in 1997 at 280 kilotons and declined considerably thereafter, due to 

the implementation of the Acid Rain Program, whose first phase spanned from 1996 to 2000 

[37] and the Clean Smokestacks Act [34]. 

In 2011, the US EPA finalized the Cross-State Air Pollution Rule (CSAPR) as a 

replacement to the CAIR program, requiring 28 states in the eastern United States to reduce 

SO2, annual NOX, and ozone season NOX emissions from fossil fuel-fired power plants [38]. 

North Carolina is among the 28 affected states that reduce its annual SO2 and NOX emissions. 

CSAPR sets an “assurance limit” in 2015 and 2017 for each state, which takes into account 

their historical production and available control technology [39]. This assurance limit consists 

of a “budget” (primary allocation) and “variability” (provided for flexibility). To model this 

policy in Temoa, we apply the 2015 assurance limit in the first period, and the 2017 budget 

limit in all later periods, as we assume no policy changes in our baseline dataset (and thus no 

additional regulation of SO2 and NOx limits beyond CASPR limits). The CASPR limits are 

displayed in Figure B.5. 
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Figure B.5. Historical emissions and emission limits of (a) SO2 and (b) NOX for North 

Carolina’s electric power sector through 2050. Emission sources are distinguished by fuel type. 

The vertical red line indicates the first period of the optimized horizon, which is 2015. The red 

squares after 2015 represent existing emission limits, which are assumed to remain place for 

the duration of the model time horizon. 

 

Beyond the emission control regulations, North Carolina implemented a Renewable 

Energy Portfolio Standard in 2007 [40]. This legislation sets requirements for utilities to 

generate a certain percentage of their electricity sales from renewable sources. These 

requirements are enumerated in Table B.10 below. The RPS is implemented in Temoa via a 

minimum activity constraint [1]. This is handled by creating an intermediary technology which 

converts the commodity “renewable electricity” into “electricity” at 100% efficiency and zero 

cost. Each technology in Temoa that is covered by the RPS (i.e., solar, geothermal, wind, 

biomass, landfill gas, and small hydro) is modified to generate “renewable electricity” instead 

of “electricity”. The minimum activity constraint is then applied to this new intermediary 

technology in each Temoa optimization period. Minimum required shares for swine and 

poultry waste are ignored in this analysis, as they make up less than one percent of total 

electricity demand, and reliable cost data for these technologies is not publicly available at this 

time. 
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Table B.10: Renewable Energy Portfolio Standard in North Carolina [40]. 

Calendar Year 
RPS 

Requirement 

Carveouts Maximum share 

of RPS Allowed 

from Energy 

Efficiency 

Solar 

Energy 

Swine 

Waste 

Poultry 

Waste 

(MWh) a 

2012 3% 0.07% 0.07% 170,000 25% 

2015 6% 0.14% 0.14% 900,000 25% 

2018 10% 0.20% 0.20% 900,000 25% 

2021 and thereafter 12.5% 0.20% 0.20% 900,000 40% 

a. Compliance through the use of poultry waste is specified in MWh given its small 

percentage share. 

 

 

This study also accounts for the federal investment tax credit (ITC). The federal ITC 

applies to residential and business investments [41] and reduces the investment costs of eligible 

technologies by 30% for investments made before 2020; 26% for investments made before 

2022; and 10% for investments made thereafter. Within Temoa, the residential tax credit 

applies only to distributed solar, while the business tax credit applies to utility scale solar, wind, 

and geothermal. 

 

B.2.4. Natural gas supply limits 

In order to reflect limitations on natural gas production and usage, an upper bound was 

placed on natural gas supply to North Carolina. This upper bound was based on a historical 

analysis of natural gas consumption by all NC sectors (electricity, residential, commercial, 

industrial, and transportation) [42] as well as future projections of population growth [43] and 

national natural gas production [27]. The upper bound placed on natural gas consumption 

accounts for new pipelines scheduled for completion in North Carolina, and assumes that the 

electricity sector will continue to increase its share of natural gas. Figure B.6 displays the 
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historical natural gas consumption in the electricity sector as well as the projected upper bound 

of natural gas used in the Temoa model. 

  

Figure B.6. Natural gas historical use and future capacity limits 

 

B.2.5. Costs 

Temoa minimizes the total net present cost, which is broken into three main 

components: investment costs, fixed costs, and variable costs. (Salvage value is derived from 

investment costs). Investment costs represent the initial capital outlay plus loan costs needed 

to build new capacity, fixed costs represent operations and maintenance costs that are 

independent of generation level, and variable costs include operational expenses that are 

dependent on the generation level. Variable costs are also used to specify fuel commodity 

prices. 

Cost estimates for all three categories were obtained from several sources, but primarily 

from the Environmental Protection Agency’s (EPA) MARKAL database. The EPA maintains 

its own MARKAL-compatible dataset of energy costs based on the nine Census Divisions [17]. 
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For the purposes of this model, costs from the South Atlantic region were used for North 

Carolina. 

Investment costs in the MARKAL dataset are in units of million dollars per gigawatt 

(M$/GW), in 2005 dollars. The costs used in this North Carolina dataset are 2015 constant 

dollars, so the cost estimates from the EPA were adjusted using the Consumer Price Index [44]. 

These costs are the “overnight” capital costs, which assume that the capacity added is available 

at the beginning of the period in which the costs are incurred [45]. For conventional 

technologies, such as nuclear, coal steam, simple- and combined-cycle natural gas, and 

emission control technologies, costs within the MARKAL database are relatively mature and 

were directly transferred into Temoa.  

Due to the rapid drop in the investment costs of renewable technologies, especially 

wind and solar PV, the costs from the MARKAL database are further calibrated with a variety 

of other sources, such as EIA’s Assumptions to the AEO 2017 [27] and Lawrence Berkeley 

Lab’s comprehensive utility and distributed solar cost studies [46,47]. In the MARKAL 

database, wind and solar PV generation are specified for five cost categories and five generator 

classes. North Carolina does not have significant experience with wind, so the average regional 

investment costs are used. By contrast, North Carolina developers have significant project 

experience with solar PV [48], so costs are drawn from EPA MARKAL Cost Category B only. 

These costs are slightly lower than actual project costs in the region [47], which reflect 

operational efficiencies within the North Carolina solar development community. In addition, 

the federal and state investment tax credits for renewable energy [41] are accounted for by 

reducing the associated investment costs. For example, the federal business tax credit provides 

a 30% tax credit for qualified renewable expenses between 2016 and 2019, which is reduced 
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to 10% for all years after 2022. This discount was applied directly to the investment costs for 

the technologies covered under the legislation [41].  Finally, as the MARKAL database does 

not estimate future costs for distributed solar, North Carolina specific project costs and trends 

from Lawrence Berkeley Lab’s annual report were used to estimate the costs of rooftop solar 

[46]. A full listing of new technologies and their investment costs can be found in Table B.13. 

Fixed costs are incurred annually and specified in units of million dollars per gigawatt-

year (M$/GW-yr), while variable costs are proportional to electricity generated and specified 

in units of million dollars per petajoule (M$/PJ). Most variable and fixed costs are drawn from 

the MARKAL database following the same methodology as discussed above.  

Fuel costs are accounted for through fuel importing technologies. The costs of fossil 

fuels, including coal, natural gas, and distillate fuel oil, were obtained from the EIA’s Annual 

Energy Outlook 2017 reference case [27] and are displayed in Figure B.7. Note that the costs 

shown here represent the baseline scenario only. A complete listing of fixed and variable O&M 

costs can be found in Table B.14–Table B.15. 

 

Figure B.7. Fossil fuel prices drawn from the reference scenario without the Clean Power 

Plan for the South Atlantic Census Division. Source: AEO 2017 [27]. 
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The costs and technical parameters described above were used to create the baseline 

dataset for North Carolina. Scenario-specific parameters include fossil fuel costs and the upper 

bound placed on CO2 emissions. 

 

B.3. Supplementary figures 

In addition to the above data for the baseline scenario, our study also considers 

uncertainties associated with fuel prices and implementation of the EPA Clean Power Plan. 

Figure B.8 shows natural gas and coal prices from all three fuel price scenarios and Figure B.9 

illustrates NC’s historical CO2 emissions and the CPP limits. 

 

 

Figure B.8. Forecasted prices of natural gas and coal. Note that the fuel prices in the R, L 

and H scenarios are drawn from the Reference, High Oil and Gas Resource, and Low Oil and 

Gas Resource scenarios in AEO2017, respectively. 
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Figure B.9. Historical CO2 emissions from North Carolina’s electric power sector and the 

mass-based emissions targets from the CPP. The red vertical line represents the first period 

of the optimized horizon and the red square represents the emission limit. Note that the 

emission limit takes effect in 2025. 

 

Due to the length limit, the manuscript only includes break-even investment costs for 

utility solar PV, onshore wind, and biomass IGCC. However, the break-even analysis can be 

applied to any technology. Figure B.10 shows the break-even costs of four other technologies 

including nuclear power, advanced fossil fuel powered units with carbon capture and storage, 

and offshore wind power.  

First, unlike solar PV or onshore wind power as discussed in the paper, Figure B.10a-f 

clearly show that the break-even costs of nuclear, IGCC with CCS, and NGCC with CCS are 

not affected by the REPS because they are not included in the REPS. However, Figure B.10g-

h show that the implementation of REPS tends to reduce the spread of the break-even costs of 

offshore wind power, since it is included in the renewable portfolio. 
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In addition, the break-even costs shown in Figure B.10 also reflects the effects of the 

CPP. During most periods, implementing the CPP increases the break-even costs of all 

technologies, especially nuclear and offshore wind. The CPP increases the average break-even 

costs of nuclear by 200-400 $/kW, and offshore wind (without REPS) by 300-500 $/kW. 

Because nuclear and offshore wind do not emit CO2, both technologies benefit more from the 

CPP than fossil fuel units.  
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Figure B.10. Break-even investment costs of nuclear power with the REPS (a) and without 

the REPS (b); coal-fired integrated gasification combined cycle (IGCC) with carbon capture 

and sequestration (CCS) with the REPS (c) and without the REPS (d); natural gas combined-

cycle (NGCC) with CCS with the REPS (e) and without the REPS (f); and offshore wind 

with the REPS (g) and without the REPS (h). 
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To examine the effects from natural gas supply limits, we repeat all scenarios without 

any limit on natural gas supply. Figure B.11 illustrates the capacity and generation mix, while 

Figure B.12 presents the associated SO2, NOX, and CO2 emissions. 

 

Figure B.11. The capacity mix (a) and electricity generation mix (b) of all scenarios without 

natural gas supply limits. The scenario results are grouped by period and follow the order 

shown in each subplot for 2015. 
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Figure B.12. Emissions of (a) SO2, (b) NOX and (c) CO2 from 2015 to 2055 for all six 

scenarios without natural gas supply limits. The scenario results are grouped by period and 

follow the order shown in each subplot for 2015. White bars represent emission reductions 

due to emission control technologies. 
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B.4. Discussion on the break-even cost analysis 

Results from the break-even cost analysis have been presented in Figure 3.4 and Figure 

B.10. However, the approach based on reduced costs presents some difficulty. Figure B.13 

shows installed capacities of biomass IGCC in the R scenario as a function of its investment 

cost in 2020 (green line), which is manually varied with a cost multiplier. In this case, biomass 

IGCC is not deployed in 2020 until its investment cost drops below 2158 $/kW, which 

represents 59% of its original value. By definition, the break-even cost of biomass IGCC in 

2020 is 2158 $/kW. The break-even costs are represented as a function of cost multipliers in 

Figure B.13 (red line); note that when the cost multiplier is less than 59%, the break-even cost 

is simply the product of the cost multiplier and original investment cost. Figure B.13 also 

includes estimates derived from the reduced costs returned by CPLEX with three algorithms: 

barrier, primal simplex and dual simplex. The primal and dual simplex estimates are higher 

than the actual values when cost multipliers are greater than 63%, while estimates from all 

three algorithms are lower than the actual values when cost multipliers are between 51% and 

59%. Therefore, the reduced cost estimates occasionally fail to return the correct break-even 

costs. In summary, estimates based on reduced costs tend to overestimate the break-even costs 

if the technology under consideration is not deployed, and to underestimate the break-even 

costs if the technology has been deployed.  

Further analysis is required to identify the causes of the anomalies presented here. A 

possible explanation is that the estimates derived from reduced costs represent threshold values 

beyond which a change in the optimal basis will be incurred [49]. However, the change in the 

optimal basis does not necessarily make the entering decision variable become positive, since 



164 
 

the complementary slackness condition still holds if both the variable and its reduced cost are 

zero.  

Although errors in the break-even cost estimates may be incurred due to imperfections 

in this approach, several methods can be employed to improve the estimates. First, if a 

technology is deployed during a specific period, the break-even cost is known, since it must 

equal its investment cost in that period due to complementary slackness. In addition, as Figure 

B.13 suggests, when a technology is not deployed, the correct break-even costs can be obtained 

by selecting the minimum estimate derived from reduced costs returned by different algorithms, 

or different solvers. A binary search method can also be employed to derive the correct break-

even costs of a specific technology according to the definition of break-even cost. The results 

presented in this analysis are derived using multiple solvers and different algorithms and have 

been calibrated with solutions from the binary search method. However, the brute force binary 

search method is significantly more time consuming than the reduced cost approach outlined 

in this study, since each complete run of binary search includes an indefinite number of 

independent model solves, as opposed to only one single run when using reduced costs. 

Furthermore, each run of the binary search only returns the break-even cost of one technology 

in a single year, while the reduced cost approach can return break-even costs of all technologies 

in every period.  

As discussed in Chapter 1, in energy system models, small perturbations in highly 

uncertain model inputs often lead to significantly altered results. Such behavior can often be 

traced to the intrinsic properties of linear programming, especially when an input parameter is 

close to its break-even value. Sensitivity analysis is an indispensable tool to evaluate the 

robustness of model results. Figure B.13 suggests that the estimates derived from reduced costs 
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show good agreement with the correct break-even costs, when the investment cost is slightly 

above it, implying viability of this approach in sensitivity analysis. The reduced cost approach 

can be employed to identify those technologies that are sitting on a knife edge, which can 

initiate further analysis. 

 

Figure B.13. Investment cost and installed capacity as a function of the cost multiplier. The 

green line represents the installed capacity of biomass IGCC as a function of the cost 

multiplier, the red line represents the realized break-even investment cost as a function of the 

cost multiplier, and the blue, black, and gray lines represent break-even costs calculated from 

reduced costs as a function of the cost multiplier returned by three different solution 

algorithms employed by CPLEX. Ideally, the break-even costs obtained through reduced 

costs should match the red line. 
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B.6. Datasets 

B.6.1. Dataset A – Technologies 

 

Table B.11. Technologies mapped from EIA Form 860 to this study. 

Technology 
Prime 

Mover a 

Energy 

Source b 

TEMOA 

Tech c 

Existing Capacity 

(MW) d 

All Other ST TDF unknown  107.0  

All Other ST WH unknown  54.0  

Conventional Hydroelectric HY WAT EHYDCONR  2,004.1  

Conventional Steam Coal ST BIT ECOASTMR  10,802.8  

Hydroelectric Pumped Storage PS WAT EHYDREVR  86.0  

Landfill Gas FC LFG unknown  10.0  

Landfill Gas GT LFG ELFGGTR  15.4  

Landfill Gas IC LFG ELFGICER  59.9  

Natural Gas Combined Cycle CA NG ENGACCR  1,812.8  

Natural Gas Combined Cycle CT NG ENGACCR  2,953.2  

Natural Gas Combustion Turbine GT NG ENGACTR  6,049.7  

Nuclear ST NUC EURNALWR  5,113.6  

Other Waste Biomass ST SLW EBIOSTMR  0.8  

Petroleum Liquids GT DFO EDSLCTR  241.0  

Petroleum Liquids IC DFO EDSLCTR  161.8  

Solar Photovoltaic PV SUN ESOLPVR  1,436.8  

Wood/Wood Waste Biomass ST WDS EBIOSTMR  209.7  

Wood/Wood Waste Biomass ST BLQ EBIOSTMR  191.7  

a. Prime mover code from EIA Form 860: ST – Steam turbine, HY – Hydro turbine, PS – Energy 

storage, FC – Fuel cell, GT – Gas turbine, IC – Internal combustion engine, CA – Combined 

cycle steam part, CT – Combined cycle combustion turbine part, PV – Photovoltaic. 

b. Energy source code from EIA Form 860. Note that although two fuel sources are provided for 

some technologies, the technology in EIA Form 860 is mapped to Temoa technology only 

based on the type of prime mover and energy source 1. Energy source codes: TDF – Tire-

derived fuels, WH – Waste heat, WAT – Water, BIT – Bituminous coal, LFG – Landfill gas, 

NG – Natural gas, NUC – Nuclear, SLW – Sludge waste, DFO – Distillated fuel oil (including 

diesel, No. 1, No. 2, and No. 4 fuel oils), SUN – Solar, WDS – Wood/Wood waste solid, BLQ 

– Black liquor. 

c. Technologies named “unknown” are excluded. 

d. Note that summer capacities from EIA Form 860 are used to calculate existing capacities 

following traditions in EIA State Electricity Profiles. 
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B.6.2. Dataset B – Commodities 

 

Table B.12. List of commodities used in this study. 

Commodity 

Sector 

p = physical 

e = emissions 

Description 

Ethos p Dummy commodity to supply inputs 

COALSTMCC p Coal 

COALIGCCCC p Coal 

COALIGCC p Coal 

COALSTM p Coal 

ELCNGAEA p Natural Gas 

ELCDSLEA p Diesel 

LFGICEEA p Landfill gas to ICE 

LFGGTREA p Landfill gas to gas turbines 

URNA p Uranium 

ELCBIGCCEA p Biomass to IGCC 

ELCBIOSTM p Biomass to steam 

ELCGEO p Geothermal 

SOL p Solar 

WND p Wind 

ELCHYD p Hydro 

ELCRNWB p Electricity, physical, from renewables 

ELC p Electricity, physical, to transmission 

ELCDIS p Electricity, physical, to distribution 

ELCDMD d Electricity, demand 

co2 e CO2 emissions 

so2_ELC e SO2 emissions from the electric sector 

nox_ELC e NOX emissions from the electric sector 

so2_SUP e SO2 emissions from the supply sector 

nox_SUP e NOX emissions from the supply sector 

COALSTM_R_B p Existing BIT coal steam to the blending tech 

COAB_R p 
Existing BIT coal after SCR/SNCR or SCR PT to the bit 

blending technology for existing coal steam 

COAB_R_SCR_PT p 
Existing bituminous coal after LNB retrofit or passthrough 

to the SCR SNCSR NOX retrofit or passthrough 

COAB_R_LNB p 
Existing bituminous coal after CO2 capture to the LNB 

retrofit 

COAB_R_LNB_PT p 
Existing bituminous coal after SO2 or CO2 passthrough to 

the LNB NOX retrofit or passthrough 

COAB_R_CC p 
Existing bituminous coal after SO2 removal to the CO2 

capture retrofit or passthrough 
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B.6.3. Dataset C – Costs 

 

Table B.13. List of overnight investment costs in M$/GW or $/kW. 

Technology 2015 2020 2025 2030 2035 2040 2045 2050 

EBIOIGCC  3,805.0   3,657.0   3,582.0   3,582.0   3,508.0   3,508.0   3,508.0   3,508.0  

ECOALIGCC  3,736.0   3,590.0   3,518.0   3,518.0   3,445.0   3,445.0   3,445.0   3,445.0  

ECOALIGCCS  6,494.0   6,121.0   5,747.0   5,747.0   5,747.0   5,747.0   5,747.0   5,747.0  

ECOALSTM  2,898.0   2,825.0   2,789.0   2,789.0   2,753.0   2,753.0   2,753.0   2,753.0  

EGEOBCFS  2,517.0   2,391.0   2,328.0   2,328.0   2,266.0   2,266.0   2,266.0   2,266.0  

ENGAACC  1,002.0   969.0   953.0   953.0   936.0   936.0   936.0   936.0  

ENGAACT  679.0   654.0   641.0   641.0   628.0   628.0   628.0   628.0  

ENGACC05  923.0   923.0   923.0   923.0   923.0   923.0   923.0   923.0  

ENGACCCCS  2,023.0   1,902.0   1,780.0   1,780.0   1,780.0   1,780.0   1,780.0   1,780.0  

ENGACT05  979.0   979.0   979.0   979.0   979.0   979.0   979.0   979.0  

ESOLPVCEN  1,199.1   1,505.9   1,735.2   1,638.0   1,541.7   1,541.7   1,541.7   1,541.7  

ESOLPVDIS  1,575.0   2,856.4   3,320.0   3,080.0   2,850.0   2,650.0   2,650.0   2,650.0  

ESOLSTCEN  2,788.0   2,758.0   3,417.0   3,337.0   3,178.0   3,178.0   3,178.0   3,178.0  

EURNALWR15  5,048.0   4,796.0   4,670.0   4,670.0   4,543.0   4,543.0   4,543.0   4,543.0  

EWNDOFS  3,843.7   5,216.0   4,942.0   4,667.0   4,393.0   4,393.0   4,393.0   4,393.0  

EWNDON  1,292.9   1,842.0   1,838.0   1,833.0   1,829.0   1,829.0   1,829.0   1,829.0  

E_LNBSCR_COAB_N 1.535 1.535 1.535 1.535 1.535 1.535 1.535 1.535 

E_LNBSNCR_COAB_N 0.786 0.786 0.786 0.786 0.786 0.786 0.786 0.786 

E_SNCR_COAB_N 0.544 0.544 0.544 0.544 0.544 0.544 0.544 0.544 

E_SCR_COAB_N 1.284 1.284 1.284 1.284 1.284 1.284 1.284 1.284 

E_LNB_COAB_N 0.252 0.252 0.252 0.252 0.252 0.252 0.252 0.252 

E_CCR_COAB 15.11 15.11 15.11 15.11 15.11 15.11 15.11 15.11 

E_FGD_COABH_N 3.184 3.184 3.184 3.184 3.184 3.184 3.184 3.184 

E_FGD_COABM_N 2.347 2.347 2.347 2.347 2.347 2.347 2.347 2.347 

E_FGD_COABL_N 3.797 3.797 3.797 3.797 3.797 3.797 3.797 3.797 

E_CCR_COALIGCC_N 14.52 14.52 14.52 14.52 14.52 14.52 14.52 14.52 

E_CCR_COALSTM_N 20 20 20 20 20 20 20 20 
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Table B.14. List of fixed costs for all technologies in M$/GW-yr, or $/kW-yr. 

Technology Vintage 2015 2020 2025 2030 2035 2040 2045 2050 

EBIOIGCC ALL 112 112 112 112 112 112 112 112 

EBIOSTMR ALL 12.5 12.5 12.5 12.5 12.5 12.5 12.5 12.5 

ECOALIGCC ALL 54.5 54.5 54.5 54.5 54.5 54.5 54.5 54.5 

ECOALIGCCS ALL 79.4 79.4 79.4 79.4 79.4 79.4 79.4 79.4 

ECOALSTM ALL 33 33 33 33 33 33 33 33 

ECOASTMR ALL 33 33 33 33 33 33 33 33 

EDSLCTR ALL 5.8 5.8 5.8 5.8 5.8 5.8 5.8 5.8 

EGEOBCFS ALL 119.7 119.7 119.7 119.7 119.7 119.7 119.7 119.7 

EHYDCONR ALL 9.7 9.7 9.7 9.7 9.7 9.7 9.7 9.7 

EHYDREVR ALL 14.4 14.4 14.4 14.4 14.4 14.4 14.4 14.4 

ELFGGTR ALL 159.2 159.2 159.2 159.2 159.2 159.2 159.2 159.2 

ELFGICER ALL 197.5 197.5 197.5 197.5 197.5 197.5 197.5 197.5 

ELFGICER ALL 197.5 197.5 197.5 197.5 197.5 197.5 197.5 197.5 

ENGAACC ALL 16.3 16.3 16.3 16.3 16.3 16.3 16.3 16.3 

ENGAACT ALL 7.5 7.5 7.5 7.5 7.5 7.5 7.5 7.5 

ENGACC05 ALL 14 14 14 14 14 14 14 14 

ENGACCCCS ALL 34.7 34.7 34.7 34.7 34.7 34.7 34.7 34.7 

ENGACCR ALL 4.6 4.6 4.6 4.6 4.6 4.6 4.6 4.6 

ENGACT05 ALL 7.8 7.8 7.8 7.8 7.8 7.8 7.8 7.8 

ENGACTR ALL 5.8 5.8 5.8 5.8 5.8 5.8 5.8 5.8 

ESOLPVCEN ALL 19.4 19.4 19.4 19.4 19.4 19.4 19.4 19.4 

ESOLPVDIS ALL 0 0 0 0 0 0 0 0 

ESOLPVR ALL 20 20 20 20 20 20 20 20 

ESOLSTCEN ALL 63 63 63 63 63 63 63 63 

EURNALWR ALL 83.4 83.4 83.4 83.4 83.4 83.4 83.4 83.4 

EURNALWR15 ALL 98.9 98.9 98.9 98.9 98.9 98.9 98.9 98.9 

EWNDOFS ALL 66.5 66.5 66.5 66.5 66.5 66.5 66.5 66.5 

EWNDON 2015-2020 23.5 23.5 23.5 23.5 23.5 23.5 23.5 23.5 

EWNDON 2025 n/a n/a 22.5 22.5 22.5 22.5 22.5 22.5 

EWNDON 2030-2050 n/a n/a n/a 21.4 21.4 21.4 21.4 21.4 

E_CCR_COAB ALL 0.264 0.264 0.264 0.264 0.264 0.264 0.264 0.264 

E_CCR_COALIGCC_N ALL 0.435 0.435 0.435 0.435 0.435 0.435 0.435 0.435 

E_CCR_COALSTM_N ALL 0.346 0.346 0.346 0.346 0.346 0.346 0.346 0.346 

E_LNBSCR_COAB ALL 0.009 0.009 0.009 0.009 0.009 0.009 0.009 0.009 

E_LNBSNCR_COAB ALL 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 

E_SCR_COAB_N ALL 0.009 0.009 0.009 0.009 0.009 0.009 0.009 0.009 

E_SNCR_COAB ALL 0.008 0.008 0.008 0.008 0.008 0.008 0.008 0.008 
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Table B.15. List of variable costs for all technologies in this study, M$/PJ, or $/GJ. 

Technology Vintage 2015 2020 2025 2030 2035 2040 2045 2050 

EBIOIGCC ALL 1.549 1.549 1.549 1.549 1.549 1.549 1.549 1.549 

EBIOSTMR ALL 5.909 5.909 5.909 5.909 5.909 5.909 5.909 5.909 

ECOALIGCC ALL 2.126 2.126 2.126 2.126 2.126 2.126 2.126 2.126 

ECOALIGCCS ALL 2.559 2.559 2.559 2.559 2.559 2.559 2.559 2.559 

ECOALSTM ALL 1.316 1.316 1.316 1.316 1.316 1.316 1.316 1.316 

ECOASTMR ALL 1.316 1.316 1.316 1.316 1.316 1.316 1.316 1.316 

EDSLCTR ALL 10.233 10.233 10.233 10.233 10.233 10.233 10.233 10.233 

EGEOBCFS ALL 0 0 0 0 0 0 0 0 

EHYDCONR ALL 5.244 5.244 5.244 5.244 5.244 5.244 5.244 5.244 

EHYDREVR ALL 6.124 6.124 6.124 6.124 6.124 6.124 6.124 6.124 

ELFGGTR ALL 0 0 0 0 0 0 0 0 

ELFGICER ALL 0 0 0 0 0 0 0 0 

ENGAACC ALL 0.963 0.963 0.963 0.963 0.963 0.963 0.963 0.963 

ENGAACT ALL 3.053 3.053 3.053 3.053 3.053 3.053 3.053 3.053 

ENGACC05 ALL 1.06 1.06 1.06 1.06 1.06 1.06 1.06 1.06 

ENGACCCCS ALL 2.053 2.053 2.053 2.053 2.053 2.053 2.053 2.053 

ENGACCR ALL 1.426 1.426 1.426 1.426 1.426 1.426 1.426 1.426 

ENGACT05 ALL 4.549 4.549 4.549 4.549 4.549 4.549 4.549 4.549 

ENGACTR ALL 9.314 9.314 9.314 9.314 9.314 9.314 9.314 9.314 

ESOLPVCEN ALL 0 0 0 0 0 0 0 0 

ESOLPVDIS ALL 0 0 0 0 0 0 0 0 

ESOLPVR ALL 0 0 0 0 0 0 0 0 

ESOLSTCEN ALL 0 0 0 0 0 0 0 0 

EURNALWR ALL 0.459 0.459 0.459 0.459 0.459 0.459 0.459 0.459 

EURNALWR15 ALL 0.63 0.63 0.63 0.63 0.63 0.63 0.63 0.63 

EWNDOFS ALL 0 0 0 0 0 0 0 0 

EWNDON ALL 0 0 0 0 0 0 0 0 

EE ALL 1.62 1.42 1.77 2.16 2.59 3.13 3.6 4.15 

EDISTR ALL 6.407 7.018 7.188 7.348 7.585 7.781 8 8.1 

ETRANS ALL 1.935 2.389 2.547 2.735 2.953 3.121 3.235 3.28 

 

 


