
ABSTRACT 

 

PATANKAR, NEHA SATISH. Addressing Uncertainty in Energy System Optimization Models Over a 
Long Planning Horizon. (Under the direction of Dr. Joseph F. DeCarolis). 
 

Rapid technological changes and anthropogenic climate change are motivating a fundamental 

transformation of the global energy system. That transformation comes with significant uncertainties. 

Dealing with the effects of future uncertainties in energy systems is a major challenge, particularly over  

long time horizons. This thesis utilizes Tools for Energy Model Optimization and Analysis (Temoa), an 

open source energy system optimization model to conduct the analysis. Temoa is used to examine a wide 

range of future uncertainties across three different applications of the model. The first application uses 

stochastic programming to address how conflict uncertainty in South Sudan can affect the country’s 

electricity planning. The second application utilizes robust optimization to address parametric uncertainty 

and explore deep decarbonization pathways in the United States. The third application focuses on modeling 

consumer behavior regarding the choice between electricity consumption and the adoption of energy 

efficiency measures. 

 

Chapter 2 describes the ongoing armed conflict uncertainty in South Sudan, the newest country in the world. 

Assuming that armed conflict might lead to damage to power system infrastructure with a finite probability, 

we evaluate the importance of uncertainty analysis for power system capacity expansion planning. The 

model solution obtained with stochastic programming is evaluated by estimating the expected value of 

perfect information (EVPI), the value of the stochastic solution (VSS), and the expected cost of ignoring 

conflict (ECIC). The study finds that utilizing distributed solar generation hedges against the risk of conflict. 

The investment in centralized hydro generation, on the other hand, will lead to higher financial risks despite 

the lower cost of electricity generation when conflict uncertainty is ignored.  

 

Chapter 3 sheds light on the limitations of using stochastic programming for energy system capacity 

expansion problems, which leads to the formulation of a robust optimization problem. The objective is to 

better characterize robust pathways for US deep decarbonization while considering future uncertainty in 

future fuel prices and technology capital costs. The variations in fuel price projections affect the penetration 

of renewables and the deployment of more efficient technologies. Moreover, the fuel prices and investment 

cost of the technologies are autocorrelated.  The correlated robust optimization formulation is proposed 

based on the nature of data uncertainty. 

 



Another key challenge in energy system models is modeling the response of consumers to prices as well as 

the option to invest in energy efficiency in order to reduce electricity costs. Chapter 4 revises the Temoa 

formulation to describe the substitution effect between electricity and energy efficiency. The revised model 

formulated in chapter 4, referred to as the “energy efficiency model,” uses the production function defined 

in microeconomics theory to consider the substitution effect between electricity supply and the adoption of 

energy efficiency measures. The model is tested on a hypothetical test case, and sensitivity analysis is 

performed to quantify the effects of uncertain parameters on total (consumer plus producer) welfare.  The 

sensitivity analysis suggests that lower energy efficiency costs lead to higher welfare recovered for a given 

efficiency subsidy. Similarly, lower own price elasticity of end-use energy service demand increases the 

welfare recovered at a given efficiency level. Lastly, the energy efficiency subsidy needs to increase as the 

carbon tax increases in order to recover the maximum amount of welfare. 
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Chapter 1  Introduction 
 

“In the real world applications of linear programming one cannot ignore the possibility that a small 

uncertainty in the data can make the usual optimal solution completely meaningless from a practical 

viewpoint.”  ¾ Ben-Tal and Nemirovski (2000) 

 
1 The Utility of Energy System Optimization Models (ESOMs) 

The global community faces a daunting transition to a clean, affordable, and reliable energy system. The 

threat of climate change and the rapid pace of technological change are transforming the global energy 

system. Because energy technologies – ranging from resource extraction technologies to power plants to 

heating and cooling systems – are long-lived and capital intensive, it is critical to plan those investments 

while considering uncertainty that could affect future system performance.  

 

Energy system optimization models (ESOMs) are developed and utilized to explore the future decision 

landscape and deliver insights that can inform policy (DeCarolis et al., 2017). ESOMs are described 

algebraically as a network of linked processes that convert raw energy commodities such as coal, oil, and 

biomass into end-use demands such as lighting, transport, water heating. Each process is defined by a set 

of engineering, economic, and environmental characteristics associated with converting an energy 

commodity from one form to another. The engineering-economic input parameters that characterize each 

technology include capital cost, fixed and variable operations and maintenance cost, conversion efficiency, 

and capacity factor. Processes are linked together in a network via model constraints representing the 

allowable flow of energy commodities. ESOMs are typically formulated as linear programming models that 

perform capacity expansion in which technology capacity is installed and utilized to meet end-use demands. 

The objective of ESOMs is to meet a set of exogenously specified end-use demands at the minimum net 

present cost of energy supply by utilizing energy processes and commodities over a set time horizon. 

ESOMs simultaneously make technology investment decisions and operating decisions while maintaining 

energy balance between primary energy resources, secondary fuels, final energy consumption and end-use 

energy services.  

 
2 Motivation 

ESOM-based analysis often includes conventional scenario analysis to investigate different technical, 

economic, and policy assumptions in energy system capacity expansion plans. Given the complexity of 

real-world energy systems and long time horizons for planning, it is critical to apply ESOMs using 



   

2 
 

techniques that address future uncertainty. However, inherent structural and parametric uncertainties in 

energy systems are often underemphasized or overlooked in these models. Structural uncertainty arises 

from the difficulty in precisely modeling real world dynamics with a limited set of mathematical equations. 

Parametric uncertainty arises from the imprecise specification of input parameter values. Model-based 

analysis that ignores future uncertainty has a strong potential to mislead decision makers and planners, who 

deal with critical issues such as Green House Gas (GHG) emission mitigation and maintaining a reliable 

energy supply. ESOMs such as MARKAL, MESSAGE and TIMES have been used to address some of the 

uncertainty in planning of energy systems (Kanudia, 1998; Messner, 1996; Loulou, 2012). Yue et al. (2018) 

and DeCarolis (2016) both note that even though uncertainty in energy models is a widely accepted issue, 

the number of studies that formally apply uncertainty analysis techniques is still limited. Moreover, they 

emphasize the need to explore new techniques that consider broader range of parametric, political and 

policy uncertainty in ESOMs. 

 

3 Objective 

The goal of this thesis is to address two key challenges in energy system modeling. First, decision makers 

must act before uncertainty is resolved, and thus need planning strategies that explicitly consider future 

uncertainty. This thesis demonstrates how planning strategies can be produced with both stochastic linear 

programming (SLP) and robust optimization (RO). Second, ESOMs do a poor job capturing the uptake of 

energy technologies on the consumer side, often assuming that consumers simply select the most energy 

efficient technologies. This thesis presents a new way to model the uptake of energy efficiency, which is 

more consistent with microeconomic theory. All the model-based analysis presented here utilizes Tools for 

Energy Optimization and Analysis (Temoa), an open source energy system model developed at NC State 

(Hunter et al., 2013). The model code and data developed under this thesis is archived on GitHub 

(TemoaProject, 2019), allowing third parties to replicate the analysis presented in this thesis.  

 

The first model application explicitly considers the effects of conflict on electrification strategies in South 

Sudan. Such an approach is rare; for example, EAPP (2011) examined future electricity development in 

South Sudan by employing a least-cost capacity planning model. They concluded that South Sudan should 

focus on developing a series of large-scale hydroelectric projects. However, the least-cost capacity planning 

model applied in this study did not consider the role of conflict. Ignoring such risk can lead to inefficient 

outcomes in capacity expansion planning. To address this planning challenge, we build an SLP model that 

explicitly considers the possibility of damage to electricity infrastructure as a result of ongoing conflict. 

SLP works well in the South Sudan context where the scope is limited to the electric sector and only one 

uncertain parameter is considered. The resultant hedging strategy suggested by the SLP can inform future 
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electricity system planning efforts. We employ a stochastic energy system optimization model that 

explicitly considers the possibility of armed conflict leading to electric power generator damage. Given the 

deep uncertainty surrounding conflict and its effect on power system planning, planning strategies are 

generated under varying input assumptions. While this analysis focuses on South Sudan, the analytical 

framework can be applied to other conflict-prone countries. 

 

The second application examines the future development of the US energy system under a deep 

decarbonization scenario. The objective is to develop a planning strategy for technology deployment that 

considers uncertainty in future fuel prices and technology investment costs. In this case, the full energy 

system is considered with potentially thousands of uncertain input parameters. Under these circumstances, 

SLP is an inappropriate method because it suffers from the curse of dimensionality (Shapiro et al., 2009). 

Instead, RO is applied. RO generates series of solutions that are progressively less sensitive to the 

realization of input parameter uncertainty, thus yielding energy development pathways that are robust to 

future cost uncertainty. Previous literature has demonstrated the usefulness of robust optimization (RO) for 

analyzing energy systems (Babonneau, F. et al., 2009; Babonneau et al., 2012, Lorne and Tchung-Ming, 

2012, Labriet et al., 2015, Morel et al., 2019). This chapter extends the application of RO in ESOMs by 

considering correlation between uncertain parameters. A detailed methodology is provided to characterize 

the uncertainty in the energy system. We consider the uncertainty in fuel prices and technology investment 

costs by assessing the impact of uncertainty on energy planning decisions for the United States. 

 

The third application explores the combination of structural and parametric uncertainty in ESOMs. While 

common practice in ESOMs, the specification of exogenously specified end-use demands restrict the 

feedback from consumers side, leading to a structural uncertainty. We address this structural uncertainty 

by revising the model to represent the consumer’s choice between electricity and energy efficiency in a 

manner that is consistent with microeconomic theory. Advocates of ambitious climate policies often support 

simultaneously imposing a price on carbon and alternative policies, such as crediting energy efficiency 

(Baranzini, et al. 2015). Efficiency crediting policy provides an incentive to utilize energy-efficient 

technologies. The parametric uncertainties in the revised model arise from the cost and productivity of 

energy efficiency, elasticity of energy services, and the marginal external damage cost. Being able to more 

accurately model policy interactions can yield valuable insights that inform the development of efficient 

policy mechanisms to reduce emissions. In traditional least-cost, bottom-up ESOMs, exogeneous end-use 

energy service demand (e.g., cooking and lighting) are satisfied by a range of technologies with varying 

costs and efficiencies at minimum cost. However, such a simplistic approach ignores the role of consumers, 

and their willingness to tradeoff energy efficiency and electricity supply in order to meet end-use energy 
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service demands. In the fourth chapter, a revised model is constructed where, on the production side, electric 

utilities have an option of investing in electricity generation and investing in energy efficiency as a way to 

satisfy future demands. While on the demand side, consumers meet their demand for energy services by 

purchasing electricity and energy efficiency from a supplier. A wide range of consumer behavior including 

substitutability between electricity and energy efficiency and productivity of energy efficiency can be 

analyzed with this model. Moreover, we develop a hypothetical test case to analyze welfare gain from 

efficiency crediting policy as compared to welfare gain from carbon tax policy. 

 

The thesis is organized as follows. Chapters 2 and 3 quantify parametric uncertainty and incorporate the 

uncertainty into the model formulation using stochastic optimization and robust optimization, respectively. 

Chapters 4 present a new model formulation that incorporates energy efficiency into the satisfaction of end-

use demand in a way that is consistent with microeconomic theory. Chapter 5 provides a synthesis of 

insights and draws high-level conclusions across the various chapters. 
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Chapter 2 Building Conflict Uncertainty into 

Electricity Planning: A South Sudan Case Study 
 

1 Introduction  

Electricity supply security is critically important, especially in fragile and conflict-affected states where 

resumption of electricity services can restore confidence in the government and society, strengthen security, 

and revive the economy (World Bank, 2013). Addressing fragility, conflict, and violence (FCV) is required 

to end poverty and promote shared prosperity (World Bank, 2015). While the provision of affordable and 

reliable electricity supply can promote economic development and help countries exit the conflict trap 

(Collier, 2003), electric power systems are also vulnerable to conflict conditions. Attackers in many conflict 

environments have targeted electricity transmission lines and power generation plants, which can lead to 

long outages and the need for system restoration (Zerriffi, H. et. al., 2002).  

 

Acknowledging that each conflict has its own unique dynamics (Goldstone, 2008), recommendations 

should be based on a thorough examination of specific conflict situations. In this chapter, we explore 

potential electricity development pathways in South Sudan. South Sudan has been ranked as the most fragile 

country in the world for the last several years (Fund for Peace, 2017), and it is also one of the least developed 

countries in the world. There are approximately 250 km of paved roads and less than 30 MW of installed 

electric generating capacity serving 13 million people in a landlocked area slightly smaller than the US state 

of Texas (CIA, 2018). Soon after South Sudan gained its independence in 2011, the government started to 

attract investment funding for hydropower installations (IEA, 2014). Two years later, in 2013, a civil war 

erupted, and it is still ongoing despite a peace agreement signed in 2015 (The Guardian, 2016). To the best 

of our understanding, most of the investments in the electricity infrastructure expansion have been 

suspended. Despite having an abundance of natural resources, conflict in South Sudan makes the country 

prone to economic collapse (World Bank, 2016).  

 

Electrification strategies under FCV conditions should explicitly consider the risk of conflict in the 

decision-making process. However, this is often not the case. For example, EAPP (2011) examined future 

electricity development by employing a conventional least-cost capacity planning model and concluded 

that South Sudan should focus on developing a series of large-scale hydroelectric dams along the White 

Nile. Political issues were considered, but only exogenously to the optimization model. Such a focus on 

large scale infrastructure projects with long construction times produces inefficient outcomes. These 
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hydroelectric projects never broke ground, and instead hundreds of millions of dollars have been spent on 

generators and diesel fuel (Mozersky and Kammen, 2018). While incorporating conflict risk in energy 

system planning is challenging and subject to considerable uncertainty, it should not be ignored (Bazilian 

and Chattopadhyay, 2016).  

 

This chapter focuses on developing planning strategies for the South Sudan electric power system that 

explicitly consider conflict uncertainty. We model the South Sudan system using an open source energy 

system optimization model and incorporate conflict by performing multi-stage stochastic optimization 

(Birge and Louveaux, 2011; Pereira and Pinto, 1991; de Queiroz, 2016). Optimization is performed over a 

scenario tree that represents different conflict-related outcomes in the future, and the resultant stochastic 

solution suggests a near-term planning strategy. Given the paucity of data and large future uncertainties, 

we perform sensitivity analysis to identify critical assumptions and develop insights that explicitly consider 

conflict-related uncertainty.  

 

While the application of stochastic optimization yields a planning strategy, this analysis should nonetheless 

be viewed as an exercise to explore the decision space when conflict is explicitly considered. We are not 

able to capture all of the real-world conflict dynamics and potential power system failure modes. In addition, 

we emphasize that models alone cannot provide a solution in such complex decision landscapes but can 

yield insight that informs decision making. This chapter is intended to further the discussion between 

modelers and the decision makers, planners, and consultants who develop electrification strategies in FCV 

countries.  

 

The results presented here suggest promise for further application. Much of the analysis focused on energy 

development in Africa has been focused on universal access and climate change mitigation through 

renewables deployment (Lucas et. al., 2017; Africa Progress Report, 2015; AREI, 2017; Wu et. al., 2017; 

Deichmann et. al., 2011). Considering conflict-related uncertainty can add another dimension to future 

analysis, ensuring that energy supply is also resilient in the face of conflict, fragility, and violence.  

 

2 Methods 

Key aspects of the modeling effort are described in this section. We begin by describing Tools for Energy 

Model Optimization and Analysis (Temoa), the open source energy system optimization model and the 

South Sudan input dataset used to conduct this work. Next, we describe Method of Morris, a sensitivity 

analysis technique that allows us to identify the input parameters with the largest effect on total system cost. 

Then we describe the stochastic model formulation, the method by which generator damage is estimated, 
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and the metrics used to assess the cost of conflict uncertainty. The appendix provides additional detail on 

technology specifications, demand projection, and the estimation of damages.  

 

2.1 Tools for Energy Model Optimization and Analysis (Temoa) 

Tools for Energy Model Optimization and Analysis (Temoa) is an open source, Python-based framework 

to conduct energy systems analysis. The core component of Temoa is a bottom-up, technology rich energy 

system optimization model (ESOM). The Temoa model formulation is similar to the MARKAL/TIMES 

model generators (Fishbone and Abilock, 1981), MESSAGE (Messner and Strubegger, 1995), and 

OSeMOSYS (Howells et al., 2011). Technologies are represented by a set of engineering-economic 

parameters and linked together in an energy system network through a user-specified series of commodity 

flows. The model employs linear optimization to minimize the system-wide cost of energy supply over the 

user-defined time horizon by optimizing the installed capacity and utilization of energy technologies. 

Several constraints ensure appropriate system performance, including energy supply sufficient to meet 

demand, energy balance at both the process and system-wide levels, and operating limits on baseload plants. 

The complete algebraic formulation of Temoa is published (Hunter et. al., 2013), and the model source 

code is publicly available through a GitHub repository (TemoaProject, 2018). 

 

2.2 Input Data 

A Temoa-compatible dataset to represent South Sudan was created for this analysis. The model time 

horizon extends from 2017 to 2037, with five-year time periods defined at 2017, 2022, 2027, and 2032. 

When performing stochastic optimization, conflict uncertainty is resolved in the latter three time stages. 

The climate of South Sudan is tropical and has a wet and dry season. Most rainfall occurs from May to 

October while December, January, and February are the driest months. To capture diurnal variation in 

electricity production from solar Photovoltaic (PV), each day is split into day and night, and to represent 

the tropical climate of South Sudan, each year is split in two seasons: wet (May to October) and dry 

(November to April). For simplicity, we assume that demand is equally divided across all the time slices: 

wet-day, wet-night, dry-day, and dry-night.  

 

South Sudan has very little existing infrastructure, including 30 MW of electricity generation capacity 

mainly from portable diesel generators (World Bank, 2013). Based on a planning report by Hatch (2014), 

we model a largely hypothetical electricity grid connecting 5 hydro power plants and 11 thermal power 

plants to meet electricity demand at 13 different demand centers located across 10 constitutionally 

established states. Electricity transmission links between demand centers and between demand centers and 

the proposed hydro and thermal plants are modeled explicitly, as shown in Figure 2.1.  
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As an alternative to the proposed hydro and thermal plants, we also include distributed solar photovoltaics 

(PV), which can be built at each demand point as an alternative source of electricity generation (Figure 2.1) 

but produce no electricity at night. An advantage of distributed solar PV is its modularity; it can be deployed 

on a small scale at critical locations and built up over time. For example, Mozersky and Kammen (2018) 

suggest that solar PV could initially be funded by international donor governments and used to generate 

electricity on protected compounds associated with non-governmental organizations, UN agencies and 

peacekeeping bases, and protection of civilians (POC) camps. We omit consideration of centralized solar 

PV facilities, as they suffer from the same vulnerabilities as the centralized hydro and thermal plants. In 

this analysis, we also omit consideration of storage coupled to the solar PV systems. While storage is a 

feasible option that could allow solar generated electricity to meet demand at night, modeling it properly 

requires a higher temporal resolution of electricity supply and demand, ideally hourly, in order to capture 

the individual store and dispatch decisions. Such a representation is beyond the scope of this study. 

 

Generator locations are based on Hatch (2014), and Appendix Table 2.1 maps each existing and proposed 

generator to South Sudan’s ten states. 

 

 
Figure 2.1: Layout of the modeled South Sudan system. Proposed locations (see Appendix Table 2.2) for 

new hydro and thermal capacity are based on Hatch (2014). Solar PV can be constructed within each of the 

13 demand centers. Existing and proposed capacities are denoted in GW. 
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For simplicity, we assume that the investment cost, fixed cost, variable cost, capacity factor and efficiency 

of a technology remain unchanged over the model time horizon. Cost and performance associated with 

hydro power plants are taken from Hatch (2014). EIA (2013) is used to estimate solar PV cost, and the 

location-specific solar PV capacity factors are taken from IRENA (2018). Both the investment costs 

associated with proposed thermal power plants and the efficiency of existing thermal power plants are taken 

from Hatch (2014). The rest of the cost and performance coefficients are taken from Trüby, J. (2014) due 

to the unavailability of region-specific data. All of the thermal power plants are assumed to run on diesel. 

The most recent available estimate on the diesel price is $1.98/liter (World Bank, 2017). Operations and 

maintenance costs for the transmission lines are omitted, as we assume they are small relative to their 

investment cost. Investments in new hydro and thermal capacity (Figure 2.1) also require dedicated 

transmission lines. The model ensures that the transmission lines are built along with the power plants. No 

new investment in thermal or hydro capacity other than the proposed capacity denoted in Figure 2.1 is 

permitted. Because hydro capacity requires a significant lead time, we model a 5-year, 1-period delay 

between hydro capacity construction and when it can generate electricity. All future costs associated with 

technology deployment, operations, and incurred damage are discounted to the base year (2017) using a 

3% global discount rate. For simplicity, all generating technologies are assumed to have a 30-year technical 

lifetime. 

 

Electricity demand is an exogenous input taken from a comprehensive infrastructure action plan produced 

by the African Development Bank Group in 2013 (AfDB, 2013). The report includes a load forecast for the 

ten former South Sudan state capitals as well as for three additional important population centers. The 

demand growth in the short-term is estimated based on the historical demand growth trends of the South 

Sudan Electricity Corporation (SSEC). The demand forecast for the medium- to long-term is estimated 

based on projected consumption by customer and tariff categories, including domestic/household, 

commercial, and government. The potential demand in Juba and Malakal is based on field surveys 

undertaken by the SSEC. Commercial demand is assumed to grow at 10% per year while the government 

demand is projected to grow at 6% per year. Estimated demand by region as given in Hatch (2014) is 

provided in the Appendix. 

 

Conflict will likely raise the electricity price, which in turn will suppress projected demand growth. 

Estimating demand elasticity in a country such as South Sudan is extremely difficult given the paucity of 

data, but we can assume that most of the population will be unwilling to tolerate high electricity prices. For 

simplicity, we assume that when electricity prices exceed a threshold value, consumers will choose to curtail 

their demand. We refer to this threshold as the curtailment cost. We assume that curtailment cost varies 
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from 0.1 to 0.8 $/kWh, which encapsulates the range estimated by Oseni and Pollitt (2013). In addition, 

Steinbuks and Foster (2010) use the marginal cost method of revealed preference approach and estimate 

the outage cost in sub-Saharan Africa between 0.13 – 0.76 $/kWh (2007 prices). Throughout our analysis, 

we vary the curtailment cost, which serves as a sensitivity on the level of consumer demand met by 

electricity supply. The required amount of electricity supply decreases as the prescribed curtailment cost 

decreases. 

 

2.3 Method of Morris 

Before conducting the stochastic optimization, we apply the Method of Morris (Morris, 1991) in order to 

identify the input parameters that produce the largest change on total system cost. The results are used to 

prioritize data collection needs and inform the stochastic program model formulation (Francesca, 2007). 

Unlike other sensitivity methods (Saltelli et al., 2004, 2005; Cacuci and Ionesco-Bujor, 2004, Pappenberger 

et al., 2006), the Method of Morris falls under the simplest class of one-factor-at-a-time (OAT) screening 

techniques. It assumes 𝑙 levels per input factor and generates a set of trajectories through the input space. 

As such, the Method of Morris generates a grid of uncertain model input parameters, 𝑥0, 𝑖 = 1,…𝑘, where 

the range [𝑥08, 𝑥09] of each uncertain input parameter 𝑖 is split into 𝑙 intervals of equal length. Each trajectory 

starts at different realizations of input parameters chosen at random and are built by successively selecting 

one of the inputs randomly and moving it to an adjacent level. These trajectories are used to estimate the 

mean and the standard deviation of each input parameter on total system cost. A high estimated mean 

indicates that the input parameter is important; a high estimated standard deviation indicates important 

interactions between that input parameter and other inputs.   

 

In this analysis, we consider curtailment cost, electricity demand as well as generator capacity factor, fixed 

operations and maintenance costs, and investment costs as uncertain parameters. While the latter three 

parameters vary by generator type, they were grouped together in Method of Morris such that the same 

proportional perturbation to each parameter is made across each of the three generator technologies. For 

example, in a given Method of Morris iteration, a 3% perturbation to capacity factor is applied to solar PV, 

thermal, and hydro plants uniformly. This approach reduces the number of required trajectories and 

therefore the computational burden associated with the Method of Morris. Given five model inputs, we 

have 𝑙; points in the grid, which we call the ‘experimental space’ Ƒ. From Ƒ, 𝑟 points are drawn at random, 

and the model is evaluated to obtain its objective function value at each of the 𝑟 points. For each model 

input value defined as 𝑥0, 𝑖 = 1,… , 𝑘, the elementary effect of 𝑖=> input factor on the objective function 

𝐹(𝑥) is defined as 
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𝑑0(𝑥) = @
𝐹(𝑥A,… , 𝑥08A, 𝑥0 + Δ,… , 𝑥) − 𝐹(𝑥)

Δ E (1) 

 

where, Δ is a value such that the point (𝑥A, … , 𝑥08A, 𝑥0 + Δ,… , 𝑥F) remains in the experimental space Ƒ for 

all 𝑖, 𝑖 = 1,… , 𝑘. Further, 𝜇0∗ is the estimated mean of the distribution of elementary effects, 𝐺0: 𝜇0∗ =

|𝑑0(𝑥)|~𝐺0 (Campolongo et al., 2007). It addresses the screening problem by identifying the subset of the 

model parameters that are not influential and hence can be fixed to any value within their ranges of 

uncertainty without significantly affecting the model outcome of interest. To conduct this part of the 

analysis, we utilized SALib (Herman and Usher, 2017), an open source Python library, which includes a 

complete implementation of the Method of Morris.  

 

2.4 Stochastic Problem Formulation 

Planners in countries such as South Sudan must make decisions in the face of deep uncertainty regarding 

future conflict. Energy system models often ignore future uncertainty by assuming perfect foresight across 

the entire model time horizon. In this case, individual model scenarios assume the future is known with 

certainty prior to the model run. In the case of conflict modeling, conventional scenario analysis would 

mean assuming a specific conflict scenario for a given model run. While such an approach using 

conventional scenario analysis can yield insight, it does not lead to a single unified strategy in the face of 

future uncertainty (Kann and Weyant, 2000). A key challenge for planners in FCV countries is to develop 

a near-term investment strategy that accounts for future conflict uncertainty. 

 

To address this challenge, we frame the problem as a multi-stage stochastic optimization, which allows us 

to directly account for conflict uncertainty by incorporating it within the model formulation. Performing 

stochastic optimization requires us to consider future outcomes, assign probabilities to those outcomes, and 

quantify the effects of those outcomes. This information is organized in a scenario tree (Figure 2.2), which 

describes the set of possible outcomes that may unfold over time1. Optimization is performed 

simultaneously over the entire scenario tree. Because the scenario tree accounts for different probability-

weighted outcomes, the resultant model solution provides a near-term planning strategy that account for 

future conflict-related uncertainty.  

 

Conflict can result in many forms of damage within the power system, including damage to generators, 

transmission and distribution lines, fuel supply infrastructure and logistics, and maintenance. For simplicity, 

                                                
1 For a formal mathematical treatment of stochastic optimization, see Dantzig, (2010), Shapiro et al. (2009), and Birge 
and Louveaux (2011). 
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we focus on potential damage to the generators themselves. Thus, we design a scenario tree that considers 

a binary outcome at each time stage: either generator damage occurs, or it does not. Subjective probabilities 

denoting the probability of damage to generators during conflict are assigned to each branch in the scenario 

tree. Whether armed conflict leads to generator damage is deeply uncertain; and thus, we create the scenario 

tree around this factor in order to explicitly test the effect of different damage probabilities on the 

deployment of new capacity. We assume that damage to generators results in increased fixed operations 

and maintenance (O&M) cost and a decrease in capacity factor for 5 years following the time of damage. 

We begin by describing the scenario tree structure, followed by the damage estimation method. 

 

2.4.1 Scenario Tree Structure 

The stochastic programming model includes three uncertain time stages and two branches (realizations) per 

node within the event tree. The two branches emanating from each node represent the possibility that 

generator damage either occurs with probability 𝑃𝑟(𝐷) or does not occur with probability (1 − 𝑃𝑟(𝐷)) in 

the next time stage. To test the system response to uncertain damage probabilities, we assume two sets of 

nodal probabilities: high (𝑃𝑟(𝐷) = 0.9) and medium (𝑃𝑟(𝐷) = 0.5), as shown in Table 2.1. We also tested 

a low nodal (𝑃𝑟(𝐷) = 0.1) probability of damage but found results similar to the base case, and therefore 

omitted them in the results section. Considering conflict-related damage with a binary outcome over three 

uncertain time stages leads the scenario tree shown in Figure 2.2. 

 

  
Figure 2.2: (a) Scenario tree representation with three uncertain stages, where each region of South Sudan 

has its own damage intensity and each demand center within a given region experiences the same damage 

intensity. (b) Given this tree structure, there are 8 potentially different pathways through the scenario tree 

representing different combinations of damage versus no damage to generators at each of the three uncertain 

time stages. Two of the 8 pathways are shown. 
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Table 0.1: Node probabilities of a scenario tree. 

Damage probability High  Medium 

Probability of generator damage: Pr(D) 0.90 0.50 

Probability of no generator damage: 1 – Pr(D) 0.10 0.50 
 

2.4.2 Damage Estimation 

With the scenario tree shown in Figure 2.2, we must quantify the damage on the branches where conflict-

related damage occurs. The resultant damage quantification is embedded within the scenario tree used to 

perform the stochastic optimization and affects the investment decisions in different capacity types. In this 

analysis, we assume that conflict-related damage takes two forms: an increase in fixed operations and 

maintenance (O&M) cost, and a decrease in capacity factor. The increased cost and degraded capacity 

factor are both incurred for one model time period following the occurrence of damage. This section focuses 

on the damage estimation method; the numerical values are provided in the appendix. Notation used to 

estimate damage includes the following: 

 

𝑃𝑟	(𝐶) Probability of conflict in South Sudan 

𝑅𝐶𝑅  Regional conflict rate, which represents the percentage of conflict occurring in a specific 

region given that conflict occurs in South Sudan 

FOM Fixed operations and maintenance cost ($/kW-yr) 

EFOM Estimated increase in FOM based on the investment cost, 𝑅𝐶𝑅, 𝑃𝑟(𝐶), and 𝐷𝑅 

DR Damage rate representing the rate of FOM increase 

CF Capacity factor 

ECF Estimated capacity factor following damage; based on CF, 𝑅𝐶𝑅, Pr(𝐶), and 𝐷𝐶𝐹 

DCF Percent reduction in CF following damage 

 

Because conflict is likely to persist in South Sudan over the next two decades, we set the conflict 

probability, Pr(𝐶), at 0.9 in all scenarios. The regional conflict rate (RCR) is estimated from Raleigh et al. 

(2010), which has monitored the conflicts occurring in South Sudan since its independence in 2011. South 

Sudan is constitutionally divided into 10 regions. We assume that conflict occurs in each of these regions 

with frequency values based on conflicts in 2016 (see Appendix Table 2.3 for RCR values). Generator 

damage, represented by an increase in FOM (denoted EFOM) and decrease in CF (denoted ECF), varies by 

generator type and the location of the generator.  
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Following Mozersky and Kammen (2018), we make the critical assumption that solar photovoltaics (PV) 

will be more resilient to conflict-related damage, and thus the changes to solar-related fixed O&M and 

capacity factor are less severe compared to hydro and thermal plants. In this analysis, the damage rate (DR) 

represents the increase in the fixed operations and maintenance cost (FOM) equivalent to the annual 

payment on investment cost. For thermal and hydro power plants, the DR is calculated using 100% of the 

annual payment on capital, while for solar PV, the DR is calculated using 10% of the annual payment on 

capital. For example, we assume an investment cost of 3350 $/kW for solar photovoltaics. Over a 30-year 

lifetime, the annual payment on capital is 171 $/kW-yr using a 3% discount rate. The damage is assumed 

to be 10% of this cost, or 17.1 $/kW-yr. Since the solar fixed O&M is 25 $/kW-yr (see Appendix Table 

2.3), the damage rate is calculated as (17.1 + 25) / 25 $/kW-yr, which equals 1.68. Thus damage to solar 

increases its fixed O&M by 68%. (See Appendix for detailed calculations of DR.) 

 

We do not have data to derive an empirical value for the DR, and thus the assumed values here represent 

an informed judgment on our part. The difference in DR between solar versus hydro and thermal plants is 

intended to reflect the modularity and smaller scale of the solar installations. For example, 100 installations 

of 10 kW solar are likely to incur less damage than a single 1000 kW installation of thermal capacity.  

 

While stochastic optimization explicitly addresses conflict uncertainty and how it could shape power system 

development, additional exogenous uncertainties are considered. First, as mentioned above, the subjective 

probability of conflict-related damage within a given model time period was tested at high (90%) and 

medium (50%) levels (Table 2.1). Second, given the high sensitivity to curtailment cost as illustrated in 

Figure 2.1, the stochastic optimization is repeated at different curtailment cost values. Third, we test three 

different methods that translate the presence of conflict into power plant damage. The first damage 

estimation method calculates damage based on historical tallies of armed conflict by region within South 

Sudan (Raleigh et al., 2010). The second method is similar to the first, but the damage estimates are scaled 

up such that maximum damage is incurred by at least one generator of each type. The third method ignores 

differences in regional conflict frequencies and maximizes damage estimates assigned to each individual 

generator. The three different damage estimation methods are described below. 

 

Regional Damage 
In this method, generator damage is proportional to past conflict frequency by region, such that power 

plants in more conflict-prone regions will have higher damage costs. In this case, we increase the base FOM 

by the product of FOM, the maximum damage rate, DR, the regional conflict rate, RCR, and the probability 

of conflict, 𝑃𝑟(𝐶). We use a similar formula to evaluate the reduced capacity factor, ECF. Most of the 
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proposed hydro capacity is in Eastern and Central Equatoria, where a higher rate of conflict was observed 

in 2016. As a result, the model prefers to build relatively expensive distributed solar PV over the cheap 

hydro power to avoid the damage cost. 

 

𝐸𝐹𝑂𝑀 = 𝐹𝑂𝑀 × (1 + 𝐷𝑅 × 𝑅𝐶𝑅 × 𝑃𝑟(𝐶))                                                (2) 

  𝐸𝐶𝐹 = 𝐶𝐹 × (1 − (1 − 	𝐷𝐶𝐹) × 	𝑅𝐶𝑅 × Pr(𝐶))                                            (3) 

 

Intensified Regional Damage 

In this method, a scaling factor 𝛼 is added to Equation (2) and a scaling factor 𝛽 is added to Equation (3).  

The value of 𝛼 is calibrated such that the annual damage cost incurred by at least one hydro and one thermal 

unit over a single model time period is equivalent to the annual payment on its capital cost. Likewise, the 

𝛼 value for solar is calibrated such that the annual damage cost associated with at least one solar installation 

is equivalent to 10% of the annual payment on its capital cost over one model time period. Similarly, the 

value of 𝛽 is calculated so that capacity factor of the same thermal and hydro power plants is decreased by 

90% while the capacity factor of the same solar PV units is decreased by 10%. We note that the damage 

cost varies across individual generators because the RCR varies by region and the DR varies by plant type. 

This method leads to higher damage costs compared to the “regional damage method” above.  

 
𝐸𝐹𝑂𝑀 = 𝐹𝑂𝑀 × (1 + 𝛼 × 	𝐷𝑅 × 𝑅𝐶𝑅 × 𝑃𝑟(𝐶))                                          (4) 

𝐸𝐶𝐹 = 𝐶𝐹 × (1 − 𝛽 × (1 − 		𝐷𝐶𝐹) × 𝑅𝐶𝑅 × Pr(𝐶))                                       (5) 

 

Max Damage 

This method produces the highest damage estimates. In this case, the RCR and 𝑃𝑟(𝐶) terms are removed. 

For all hydro and thermal plants, the annual increase in FOM for each year in one time period is equal to 

the annual payment on its capital, and for all solar units, the annual increase is in FOM is equal to 10% of 

the annual payment on its capital. Similarly, for all years in a single model time period, the capacity factor 

of all the thermal and hydro power plants is decreased by 90%, and all solar PV capacity factors are 

decreased by 10%.  

 

𝐸𝐹𝑂𝑀 = 𝐹𝑂𝑀 × 	𝐷𝑅                                                                        (6) 

𝐸𝐶𝐹 = 𝐶𝐹 × (1 − 	𝐷𝐶𝐹)                                                                (7) 
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2.5 Metrics to assess value: EVPI, VSS and ECIC 

Decision makers should be able to assess the economic value of plans made using stochastic programs. In 

this chapter, we use the expected value of perfect information (EVPI) (Birge and Louveaux, 2011) and the 

value of the stochastic solution (VSS) (Birge, 1982) to characterize the economic impact of conflict damage 

on power systems and the economic value of the hedging strategy, respectively. In addition, we introduce 

a third metric called the ‘expected cost of ignoring conflict’ (ECIC) that estimates the savings associated 

with pursuing the stochastic programming solution rather than a least cost (naive) solution that ignores 

conflict completely. The resultant values associated with all three metrics vary depending on the ESOM 

parameterization and the scenario tree representation used in the stochastic optimization.  

 

2.5.1 Expected Value of Perfect Information (EVPI) 

The EVPI represents the amount of money that decision makers should be willing to pay in order to 

eliminate future uncertainty. Even when the EVPI is low, naïve decisions that ignore future uncertainty can 

perform poorly (Mercier and Van Hentenryck, 2007). Each forward path in the scenario tree is first solved 

deterministically and then the expected cost over those scenarios is calculated. This is known as the 

expected value of the wait-and-see solution (Madansky, 1960):  

 

	𝔼Y[𝑍Z[\ ] = 	] 𝑝\(𝑍Z[\ )
Y∈`

 (1) 

 

where 𝑍Z[\  is a deterministic model specified according to the set of forward paths 𝛺, and 𝜔 represents a 

single scenario realization. The EVPI, which represents the difference between the wait-and-see and 

stochastic solutions, is then computed for multi-stage stochastic programs: 

 

𝐸𝑉𝑃𝐼 = 𝑍ef − 	𝔼\[𝑍Z[\ ] (2) 

 

where 𝑍ef represents the multi-stage, stochastic program solved using the entire scenario tree instead of 

optimizing a single forward path.  

 

2.5.2 Value of Stochastic Solution (VSS) 

The VSS assesses the incremental value of the stochastic solution compared to a deterministic solve that 

considers the uncertain parameters represented at their expected values. The expected value of the uncertain 

parameters in the scenario tree is given as: 
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𝜉=̅ = 	] 𝑝\(𝜉=\)
Y∈`

 (3) 

 

where 𝜉=\ is the realization of the uncertain parameters in scenario 𝜔 at time stage 𝑡 which has a probability 

𝑝\ of occurrence. The deterministic model is specified for this purpose by considering the future realization 

of the uncertain parameter, ξi, for time period, 𝑡 = 2,… , 𝑇, at the expected value ξi. We define 𝜉 =

l𝜉m		𝜉n 	 ∙∙∙ 𝜉= ∙∙∙ 𝜉pq and we represent this problem by 𝑍Z[r𝜉s. Figure 2.3 depicts a deterministic three-stage 

problem where the uncertain parameters are defined to be at their expected values for Stages 2 and 3 

respectively.  

 

 

Figure 2.3: Single forward path in a three-stage problem used to solve  𝑍Z[(𝜉). 

 

Results obtained in the first time stage of the deterministic model 𝑍Z[(𝜉)	 are fixed as the first stage 

decisions for the stochastic program, and the optimization over the scenario tree is performed. Following 

Escudero et. al. (2007), we let 𝑥=, ∀𝑡 ∈ 𝑇, be the optimal solution at a given time stage obtained by solving 

the deterministic problem, 𝑍Z[(𝜉). For calculating VSS, the decision vector of a recourse problem at Stage 

1, 𝑥A, is fixed as the optimal decision vector at Stage 1, 𝑥A, obtained by solving 𝑍Z[r𝜉s. If we let the 

solution to the recourse problem be denoted by 𝑍ef(xA = xA), then the value of the stochastic solution can 

be defined as: 

 

𝑉𝑆𝑆 = 𝑍ef(𝑥A = 𝑥A) − 𝑍ef (3) 

 

If the VSS is small, it implies that the stochastic optimization conveys little value, since the future 

uncertainty can be well-represented by a deterministic formulation. 

 

2.5.3 Expected Cost of Ignoring Conflict (ECIC) 

The expected cost of ignoring conflict (ECIC) represents the savings associated with following the hedging 

strategy produced by the stochastic optimization instead of naively following a forward path that does not 

consider conflict and then having to take recourse action. ECIC is conceptually similar to a well-known 

metric, the expected cost of ignoring uncertainty (ECIU) (Birge and Louveaux, 2011), however, here we 

focus on only one particular naïve scenario in which conflict is ignored entirely. ECIC is also similar to the 
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VSS, except the first stage decisions reflect the solution to the naïve scenario rather than the solution to 

deterministic scenario based on expected values for uncertain parameters. 

 

We have two scenarios emanating from each node in the scenario tree: generator damage occurs (𝜔A) and 

no generator damage occurs (𝜔m). Hence, the deterministic model is represented as 𝑍Z[(𝜉\v), where 𝜉\v  

represents the realization of uncertain parameters when no damage occurs across the planning horizon.  

Once the decision is made at Stage 1 using the naïve solution, we consider its cost in all the forward paths 

represented in the scenario tree. ECIC assesses the incremental value of a decision plan obtained using the 

recourse problem (𝑍ef), where future uncertainty is explicitly considered instead of the naive solution that 

ignores it and requires significant recourse action in future periods.  

 

We let 𝑥=w , ∀𝑡 ∈ 𝑇, be the optimal solution at a given time stage obtained by solving the deterministic 

problem, 𝑍Z[(𝜉\v). To calculate ECIC, the decision vector of a recourse problem at Stage 1, 𝑥A, is fixed 

at the optimal decision vector at Stage 1, 𝑥Ax, obtained by solving the naïve scenario 𝑍Z[(𝜉\v). If we let the 

solution to this recourse problem be denoted by 𝑍ef(xA = 𝑥Ax	), then the expected cost of ignoring conflict 

can be defined as: 

 

𝐸𝐶𝐼𝐶 = 𝑍ef(𝑥A = 𝑥Ax	) − 𝑍ef (12) 

 

A small ECIC suggests that ignoring generator damage is inexpensive, and hence the stochastic 

solution does not yield much value 

 

3 Results and Discussion 

We begin by describing the Method of Morris results, which inform the analysis performed with the 

stochastic version of the model. Next, results from the stochastic optimization are presented under different 

assumed conflict scenarios. We conclude by discussing the stochastic output metrics – EVPI, VSS and 

ECIC – and use them to draw insights about future electric power development in South Sudan. 

 

3.1 Identifying key input sensitivities 

Before conducting the stochastic optimization, we run a base case that serves as a benchmark and assumes 

no conflict in South Sudan. We apply Method of Morris to the base case in order to identify the input 

parameters that produce the largest effect on total electricity supply cost over the time horizon. This initial 

sensitivity analysis ignores conflict risk, which is addressed explicitly in the stochastic programming model. 

Key parameters tested include the electricity curtailment cost and end-use electricity demand as well as the 
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capacity factors, investment costs, and fixed operations and maintenance costs associated with new electric 

generating units. Figure 2.4 indicates that the cost of electricity supply is most sensitive to electricity 

curtailment costs.  

 

 
Figure 2.4: Change is the total cost of energy supply given a ±20% change in the value of five different 

input parameters using the Method of Morris. The length of the bars indicates the average effect of each 

parameter on total system-wide cost, and the error bars indicate the standard deviation across an ensemble 

of runs. 

 

3.2 Capacity expansion under conflict uncertainty 

Results from the first model time period (2017) reveal how the near-term hedging strategy produced by the 

stochastic optimization accounts for conflict uncertainty (Figure 2.5). The amount of installed capacity 

varies by the damage probability, curtailment cost, and damage estimation method. However, some patterns 

are evident. At all but the lowest curtailment value of 0.10 $/kWh, solar PV is a cost-effective option to 

meet demand given its greater resilience in the face of conflict. The combination of high damage probability 

and high damage values decreases the deployment of large hydro plants. In the case with high damage 

probability and maximum damage (Figure 2.5a), it is most-effective to utilize solar PV and simply curtail 

demand at night when the curtailment cost is less than 0.6 $/kWh. Thermal capacity is only deployed when 

the curtailment cost is 0.6 $/kWh or above. Figure 2.5 suggests that an explicit consideration of conflict can 

have a large effect on near-term electric sector planning. 
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Figure 2.5: Installed capacity in the first model time period (2017) assuming (a) high probability of power 

plant damage, and (b) medium probability of power plant damage. The stochastic optimization is repeated 

for different curtailment costs and damage estimation methods: base (no damage), regional, intensified, and 

max damage. Differences in the total amount of installed capacity stem from differential use of demand 

curtailment and differences in technology-specific capacity factors. Given a 5-year delay in hydro 

availability, hydro constructed in 2017 is not available for generation until 2022. 

 

The different conflict pathways represented in the scenario tree can lead to diverging deployment pathways 

over time. Figure 2.6 illustrates how the deployment pathways of solar, hydro, and thermal differ under 

extreme scenarios; the vertical axis represents the difference in installed capacity between the scenario 

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

0.1 0.15 0.2 0.25 0.3 0.4 0.6 0.8

In
st
al
le
d	
Ca

pa
cit
y	(
GW

)

Curtailment	Cost	($/kWh)

Thermal Solar Hydro
a

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

Ba
se

Re
gi
on
al
	

In
te
ns
ifi
ed

M
ax

0.1 0.15 0.2 0.25 0.3 0.4 0.6 0.8

In
st
al
le
d	
Ca

pa
cit
y	(
GW

)

Curtailment	Cost	($/kWh)

Thermal Solar Hydrob



   

21 
 

where generator damage occurs in each of the three future time periods, and the scenario where no generator 

damage occurs throughout the planning horizon. Under high damage probability (Figure 2.6a), the 

expansion of hydro capacity is limited and there is little divergence between the no damage and all damage 

scenarios. As the expected damage increases (moving left-to-right in Figure 2.6), there is greater divergence 

in the installed capacity by technology. Persistent conflict-related damage across the time horizon suggests 

the use of more solar PV and less hydro and thermal capacity. Differences in installed capacity between 

these extreme scenarios are larger under moderate damage probabilities because the expected damage costs 

are lower, allowing for greater variations in installed capacity as uncertainty about generator damage is 

revealed. This effect is amplified at higher curtailment costs because it is more cost-effective to build 

additional capacity than curtail demand. For example, under moderate damage probability and maximum 

damage, differences in 2032 installed capacity between different scenarios range up to 1 GW out of a total 

of 2.4 - 3.0 GW installed. 
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Figure 2.6: Difference in installed capacity between the two most extreme forward paths through the 

scenario tree: no generator damage and damage in every time period. Positive differences indicate higher 

installed capacity in the all-damage scenario. Differences are shown with (a) high damage probability and 

(b) medium damage probability, and in both cases, three different damage estimation methods. Differences 

are also shown at three different curtailment costs given in parentheses: 0.15, 0.25, and 0.8 $/kWh. 

 

Figure 2.7 presents the total cumulative installed capacity of hydro and solar by 2032 across all scenarios. 

Under low curtailment values of 0.15 $/kWh, only modest amounts of hydro and solar are deployed; it is 

more cost-effective to simply curtail demand. Under high damage probability (first and third rows of Figure 

2.7), only the scenario with regionalized damage costs and moderate to high curtailment costs allow for 

appreciable amounts of hydro capacity. In general, the high expected damages associated with high damage 

probabilities suppress the construction of hydro and increase the deployment of solar PV. By contrast, 
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cumulative hydro capacity increases under medium damage probabilities (second row of Figure 2.7). In 

this case, hydro remains cost-effective despite the anticipated damage costs.  

 

 
Figure 2.7: Cumulative installed capacity of hydro (top two rows) and solar (bottom two rows) as a function 

of the damage estimation method, damage probabilities (high or medium), and the number of time periods 

within the model time horizon that include conflict-related damage. Solar and hydro deployment are 

represented at different curtailment values, given in parentheses within the legend. 

 

3.3 The value of hedging  

Figs. 5-7 illustrate how assumptions about the probability of generator damage, method to estimate 

damages, curtailment cost, and number of time periods with conflict affect the installed capacity over time. 

It is also critical to assess how these factors affect the economics of electricity supply in South Sudan, and 

whether hedging strategies produced by the stochastic optimization provide economic value beyond a 

simpler deterministic model. 



   

24 
 

Figure 2.8a presents the expected value of perfect information (EVPI), which can be interpreted in this 

context as the amount that South Sudan electricity planners should be willing to pay in order to eliminate 

uncertainty over future conflict. Figure 2.8 plots the EVPI as a function of the exogenously prescribed 

curtailment cost, ranging from 0.1 to 0.8 $/kWh. The results indicate that the EVPI increases as the damage 

costs increase from the “regional damage” to “maximum damage” scenarios. In other words, as the 

economic impacts of conflict-related damage increase, the EVPI increases. Under high probability of 

damage, the EVPI increases with curtailment cost. Higher curtailment costs imply that electricity is more 

highly valued, which means the model must rely more on electricity supply to meet demand at high 

curtailment costs. As a result, the value of information increases with curtailment cost under the high 

damage scenario, because the cost of damage can have a large effect on the total system cost. By contrast, 

under medium damage probability, the EVPI peaks at around 8% of the total baseline cost under the 

“intensified regional damage” and “maximum damage” scenarios at a curtailment cost value of 0.20 $/kWh. 

At higher curtailment values, the EVPI decreases because curtailment is effectively too expensive, and the 

strategy relies on building generating capacity, thus reducing the value of information. We also tested 

curtailment values exceeding 1 $/kWh in the high probability of damage case, and see the same decline in 

EVPI as shown in the medium probability case. The difference between the two scenarios is that the high 

damage probability makes the expected damage more costly, and thus the peak in EVPI occurs at a higher 

curtailment cost. Overall, the EVPI results indicate that when key input parameters take on intermediate 

values, the results are sensitive to how the uncertainty is resolved and therefore the value of information is 

comparatively high. 

 

The value of the stochastic solution (VSS) in Figure 2.8b follows a similar pattern to EVPI. The VSS 

indicates the relative value of the stochastic solution compared with a deterministic formulation that uses 

expected values for the uncertain damages. In the high damage probability case, the damages are high 

enough that the planning strategy is more straightforward and relies more on curtailment, which can be 

well-represented by a deterministic version. By contrast, the VSS results indicate that a medium damage 

probability and moderate curtailment values produce the largest VSS, reaching a peak of approximately 4% 

of the baseline cost. Thus, stochastic optimization has the greatest value in scenarios with intermediate 

values for damage probability and curtailment cost, where future uncertainty is highest. 

 

The ECIC shown in Figure 2.8c represents the difference between the hedging strategy and the naive 

solution that ignores conflict-related damage and requires recourse. Similar to the VSS, a small ECIC value 

implies that the hedging strategy produced by stochastic optimization, which accounts for future uncertainty 

in generator damage, conveys little economic advantage over a naïve least-cost pathway. The results 
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indicate that the ECIC is at a maximum when the curtailment value is lowest (0.10 $/kWh), and decreases 

as the curtailment cost increases. Because the naïve solution does not consider conflict at all, a large amount 

of hydro capacity is built in 2017. However, conflict-related damage in later periods leads to expensive 

recourse that requires a shift toward solar. Recourse is more expensive under the high probability of damage 

case because the anticipated damages are higher. Because hydro includes a one-period delay in 

construction, more solar and thermal capacity is deployed in 2017 as the curtailment costs increase. Thus, 

higher curtailment costs force more solar deployment in the naïve scenario, which leads to less expensive 

recourse action in future periods when conflict occurs. Hence the decline in ECIC as a function of 

curtailment cost. 
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Figure 2.8: Measures of economic cost associated with future conflict uncertainty, including (a) the 

expected value of perfect information (EVPI), (b) value of the stochastic solution (VSS), and (c) the 

expected cost of ignoring conflict (ECIC). Methods producing higher damage estimates produce higher 

values for these metrics. 
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4 Conclusion and policy implications 

Fourteen of the top 20 most fragile countries are in sub-Saharan Africa (Fund for Peace, 2017). This 

modeling exercise demonstrates the need for such countries to explicitly consider the risk of conflict as they 

build out their electric power systems. We construct an analytical framework that employs an energy system 

optimization model along with sensitivity analysis and stochastic optimization to examine how potential 

future conflict can affect near-term electricity planning. We apply this framework to examine planning 

alternatives for South Sudan. We emphasize that the results presented here are meant to demonstrate how 

consideration of conflict in model-based analysis can inform planning, but additional refinement is required 

before it is used to inform decision making. 

 

Even with the use of stochastic optimization, near-term deployment strategies still depend on exogenous 

assumptions; in this case, curtailment cost, damage probabilities, and the estimation method by which the 

presence of conflict can result in damage to electric generators. The ECIC results indicate that naively 

following a least cost planning strategy results in expensive recourse actions, particularly when the naïve 

scenario relies heavily on hydro. The ECIC peaks at approximately 60% of the baseline cost, which is 

extremely high because conflict-related damage converts much of the installed hydro capacity into a 

stranded asset. By comparison, van der Weijde and Hobbs (2012) examine transmission planning in Great 

Britain and estimate an overall ECIU value of 0.08% of the stochastic solution cost. Such high ECIC values 

in the South Sudan case suggest the potential for large economic losses in a country that can ill afford them. 

 

Both the EVPI and VSS reach peak values under moderate damage probability and curtailment cost. In this 

intermediate range of input values, hedging based on consideration of future outcomes provides the most 

economic benefit. By contrast, more extreme scenario assumptions that make conflict-related generator 

damage either a near certainty or a remote possibility result in relatively straightforward decision strategies 

that do not require much hedging. Therefore, future work aimed at refining the range of input assumptions 

can help determine the utility of applying stochastic optimization to develop electric sector planning 

strategies under conflict. 

 

5 Caveats and Future Work 

As mentioned in the introduction, this analysis explores a simplified decision landscape that includes the 

explicit consideration of conflict in an electricity expansion planning exercise. Given the complexity of 

real-world conflict dynamics, we made a number of simplifying assumptions. 
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First, we assume an exogenously specified demand increase over time, with demand curtailment occurring 

at a prescribed cost. The use of a curtailment cost – above which electricity is no longer demanded – is a 

simplifying assumption employed to make the model computationally tractable. Repeating the stochastic 

optimization at different curtailment cost values is functionally equivalent to adjusting the level of 

electricity demand that must be met.  As the curtailment cost is lowered, less electricity demand will be met 

with supply. In reality, there would be a continuous response to prices: as prices increase, demand decreases, 

and vice versa. Future effort should focus on estimating the demand elasticity for electricity, which would 

allow the demand to adjust endogenously to realized electricity prices. Because South Sudan has never had 

significant electricity infrastructure, such elasticities would be highly uncertain, and could be incorporated 

as an uncertain parameter into the stochastic optimization. 

 

Second, while we characterized three different methods to calculate damage to generators, more empirical 

data that quantifies how conflict affects electricity infrastructure would improve our analysis. We assume, 

for example, that the probability of conflict, 𝑃𝑟(𝐶), and regional conflict rate, 𝑅𝐶𝑅, do not vary with time. 

In addition, we assume independence among key damage-related parameters, including the probability of 

damage, 𝑃𝑟(𝐷), regional conflict rate, 𝑅𝐶𝑅, probability of conflict, 𝑃𝑟(𝐶), and the damage rate, 𝐷𝑅. In 

reality, we would expect, for example, that the regional conflict would affect the damage rate, which would 

in turn affect the probability of damage. We are not aware of an existing dataset that would allow us to 

derive the correlation between these parameters. Future work could include additional sensitivity analysis 

to quantify how parameter correlation affects the damage estimates. The importance of time dependence 

and correlation among parameters also depends on the timeframe for analysis and the characteristics of the 

conflict. For example, given the persistence of the South Sudan conflict, assuming the conflict dynamics 

remain largely the same over the next 15 years may result in a plausible capacity expansion plan under 

conflict. 

 

Also, in addition to considering damage to generators, future analysis should also consider damage to 

transmission and distribution lines, fuel supply infrastructure, and the resultant effect on cost and delay 

associated with maintenance. Damage to transmission and distribution infrastructure would 

disproportionately affect the centralized hydro and thermal plants, which typically rely on long distance, 

high voltage transmission lines to deliver electricity. By contrast, the modularity of solar allows for separate 

installations or microgrids with a limited amount of distribution infrastructure. While this vulnerability is 

partially captured by the higher damage rate for hydro and thermal facilities compared to solar, the effect 

on transmission and distribution lines could be modeled explicitly. The vulnerability of fuel supply 

infrastructure would only affect the thermal plants, which only see limited deployment in the current 
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analysis. Consideration of maintenance and repair should also be considered in future work. The effect on 

maintenance should consider plant locations, the ability to move through the terrain and source parts, and 

human capital required to repair and maintain the facilities. Given the modularity of solar and the ability to 

place it strategically within currently protected locations, we speculate that maintenance would incur larger 

costs and delays on the centralized plants. 
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Chapter 3 A Novel Approach to Consider Parametric 

Uncertainty in Bottom-Up Energy System Models: US 

Case Study 
 

A. Abbreviations  

ESOM Energy system optimization model 

SLP Stochastic Linear Program 

SA Sensitivity Analysis 

RO Robust Optimization 

ESPP Energy system planning problem 

𝑃𝐷𝐹 Probability density function 

𝑅𝑃𝑆 Renewable Portfolio Standard 

𝑇𝑒𝑚𝑜𝑎 Tools for Energy Model Optimization and Analysis 

𝑀𝐶𝑆 Mid Century strategy 

𝑀𝐶𝐴 Monte Carlo Analysis 

𝐺𝐻𝐺 Green House Gas 

  

B. Sets  

𝑖	 ∈ 𝐼   Technologies 

𝑣, 𝑣� 	∈ 	 𝑉0	 Vintages associated with technology 𝑖 

𝑡, 𝑡̃ 	∈ 	 𝑇0 Time period associated with technology 𝑖 

𝑇 All model time periods 

𝐼A�   Technologies with uncertain investment cost 

𝐼m�  Technologies representing fuels 

𝑆 Feasible domain for the maximization problem given in (6a) 

𝜂 Feasible domain for the maximization problem given in (11a) 

  

C. Parameters  

𝐼𝐶0,� Nominal investment cost of technology i and vintage v [$ Million/GW] 

𝐼𝐶0,�∗  Realization of investment cost of technology i and vintage v [$ Million/GW] 

∆𝐼𝐶0,� Investment costs deviation of technology i and vintage v [$ Million/GW] 
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𝐹𝐶0,�,= Fixed costs of technology i, vintage v at time period t [$ Million/GWh] 

𝑉𝐶0,�,= Nominal variable cost of technology i, vintage v at time period t [$ 

Million/GWh] 

𝑉𝐶0,�,=∗  Realization of variable cost of technology i, vintage v at time period t [$ 

Million/GWh] 

∆𝑉𝐶0,�,= Maximum deviation in variable cost of technology i, vintage v at time period 

t [$ Million/GWh] 

𝛾0,�,= Conversion from capacity to activity [h] 

𝐷𝑒𝑚𝑎𝑛𝑑= Demand at time period 𝑡 [GWh] 

𝐵 Matrix of coefficients for constraint (1c) 

𝑏 Right-hand-side of constraint (1c) 

𝛤 Budget of uncertainty 

𝜀 Probability that more than n uncertain parameters assume their worst case 

value  

𝑔��,0,� Correlation between 𝐼𝐶0,� and 𝐼𝐶0,��, 𝑣, 𝑣� ∈ 𝑉0 

𝑔=�,��,0,�,=  Correlation between 𝑉𝐶0,�,=  and 𝐼𝐶0,��, 𝑣, 𝑣� ∈ 𝑉0, 𝑡̃ ∈ 𝑇0 

𝑿0,= Random variable used to represent the uncertain parameters 

𝑋0,=��� Worst case value of the random variable 𝑿0,= 

𝜎0,= Standard deviation of the random variable 𝑿0,= 

𝜌0 Temporal correlation coefficient of technology i 

𝜇0,= Mean of a random variable 𝑿0,=  

𝒁=9A =	𝑿0,=9A|𝑿0,=  A random variable denoting a value of 𝑿0,=9A given the value of 𝑿0,=  

𝜇𝒁���  Mean of a random variable 𝒁=9A 

  

D. Decision Variables  

𝑪𝑨𝑷0,� Capacity of technology 𝑖 with vintage 𝑣 in [GW] 

𝑨𝑪𝑻0,�,= Activity associated with technology i, vintage v at time period t [GWh] 

𝑿 Vector of decision variables in constraint (1c) 

𝒔0,� Scaled deviation of investment cost associated with technology i, vintage v. 

Varies within [-1,1] (7) 

𝒔0,�,=  Scaled deviation of variable cost associated with technology i, vintage v. 

Varies within [-1,1] (7) 

𝒑 Dual variable associated with constraint (5)  



   

32 
 

𝒒0,�A  Dual variables associated with constraint �𝑠0,�¡¢ � ≤ 1 

𝒒0,�,=m  Dual variables associated with constraint �𝑠0,�,=¤¢ � ≤ 1 

𝒓0,�A  Dual variables for the maximization problem in (6a) 

𝒓0,�,=m  Dual variables for the maximization problem in (6a) 

𝑾 Continuous variable used to convert objective function into a constraint 

𝜼��,0,� Independent symmetrically distributed random variable 

𝜼=�,��,0,�,= Independent symmetrically distributed random variable 

𝒒��,0A 	 Dual variables associated with constraint �𝜂��,0,�¡¢ � ≤ 1 

𝒒=�,��,0
m 	 Dual variables associated with constraint �𝜂=�,��,0,�,=¤¢ � ≤ 1 

𝒚��,0A  Dual variables for the maximization problem in (11a) 

𝒚=�,��,0
m  Dual variables for the maximization problem in (11a) 

 

1 Introduction 

Energy system optimization models (ESOMs) provide a way to explore the future decision space by 

providing a self-consistent framework for evaluation. As a result, ESOMs are widely used to analyze energy 

system capacity expansion plans to investigate different technical, economic, and policy assumptions. The 

insights obtained from ESOMs can be used to inform policy decisions, and thus energy models should 

account for uncertainty that can affect policy outcomes (Turton and Barreto, 2006; Kannan, and Strachan, 

2009; Li et al., 2011). However, inherent uncertainties are often underemphasized or ignored altogether in 

ESOMs. Uncertainties in ESOMs can be categorized as parametric and structural.  Structural uncertainty 

arises from the inability of the mathematical equations embedded in the model to fully represent real 

systems. By contrast, parametric uncertainty arises from imperfect knowledge of the parameter values used 

in the model. Policy makers are confronted with decisions that must be taken before future uncertainty is 

resolved, and models should reflect that reality by embedding the uncertainty into the model formulation, 

thereby yielding a strategy that accounts for future uncertainty. 

 

Developing a hedging strategy that provides one single best course of action while accounting for future 

uncertainty can generally be accomplished by two different methods: stochastic linear programming (SLP) 

and robust optimization (RO) (Yue et al., 2018; Hu and Hobbs, 2010). Stochastic linear programming 

requires the modeler to develop a scenario tree, assign subjective probabilities and outcomes to each branch 

in the tree, and then optimize the model over the whole tree. A key limitation of SLP is the curse of 

dimensionality (Shapiro et al., 2009), whereby the number of decision variables are an exponential function 

of the number of uncertain parameters and time periods. A second approach, which does not suffer from 
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the curse of dimensionality, is RO. Robust Optimization combines features of sensitivity analysis (SA), 

multi-objective optimization, and stochastic linear programming (SLP) to generate a series of solutions that 

are progressively less sensitive to the realization of uncertainty associated with the inputs, thereby providing 

robust solutions to decision makers (Mulvey et al., 1995). This method requires the modeler to choose a set 

of uncertain parameters, assign a range of potential values to those parameters, and then iteratively perform 

optimization runs, where each run includes a given number of parameters assuming their worst-case value. 

Given that ESOMs have to work with uncertain technology cost and performance data, the number of 

uncertain parameters is often more than what SLP can consider. RO on the other hand, is a more suitable 

approach for finding a hedging strategy when considering a large number of uncertain parameters.  

 

The purpose of this chapter is to apply RO to develop a strategy for deep decarbonization in the United 

States. The United States currently has no federal greenhouse gas (GHG) emission mitigation policy, has 

withdrawn from the Paris Climate Accord, and repealed the EPA’s Clean Power Plan. Given the lack of 

near-term federal action to address climate change, it is critical to evaluate other potential policies for 

emission reduction. In this work, we perform RO to develop insights about robust future technology 

pathways that achieve the targets set forth in the Obama’s Mid-Century Strategy (MCS). While the MCS 

may not be a feasible option from a political perspective, results from the RO can be used to inform 

alternative policy options that can achieve deep emissions reductions with a similar portfolio of 

technologies. The RO formulation is implemented in an open source ESOM called Tools for Energy Model 

Optimization and Analysis (Temoa), in conjunction with a US input dataset to explore robust technology 

development pathways that result in deep decarbonization. To perform this analysis, we develop an 

emissions constraint to represent the MCS developed under the Obama Administration. The MCS is 

designed to meet the US nationally determined contribution under the Paris Agreement. While RO has been 

used for several decades, its application to energy system optimization models has been very limited. The 

RO formulation presented here is generalized, and can be applied to other ESOMs and datasets. 

 

The RO approach was first developed by Soyster (1973) and was first applied to environmental model by 

Babonneau et al. (2009). It was later developed by Babonneau et al. (2012), Lorne and Tchung-Ming 

(2012), Labriet et al. (2015), Morel et al. (2019) for the energy system models. However, there are several 

limitations in this previous work: they do not provide a methodology for assigning ranges to uncertain input 

parameters, do not consider correlation between the uncertain parameters, and do not provide a general RO 

formulation for bottom up ESOMs.  

 



   

34 
 

Building on the existing literature related to RO in energy system capacity expansion planning, this chapter 

makes three key contributions. First, preliminary screening techniques are used to select the most sensitive 

cost parameters. The ranges of uncertain parameters have been arbitrarily assigned in the literature. We 

introduce a systematic methodology to form the uncertainty set. Second, the cost parameters in the ESOM 

are temporally correlated. The correlated RO methodology (CR-ESOM) is applied to ESOMs for the first 

time. Third, this chapter is the first application of the RO methodology to a large scale representation of US 

energy system. 
 

The reminder of the chapter is organized as follows. Section 2 provides a detailed literature review of RO 

development and application, and also highlights the advantages and disadvantages of RO compared to SA 

and SLP. Section 3 describes the specific RO methodology used in this chapter, including the formulation 

of the RO counterpart for ESOMs with and without temporal correlation between uncertain data. A 

description of the US energy system database is given in Section 4. Section 5 presents the methodology to 

build the uncertainty set while Section 6 presents the results and provides discussion. Section 7 presents 

conclusions from the analysis. 

 

2 Robust optimization 

In energy systems, it is critical to develop plans that account for this future uncertainty. Soyster (1973) 

proposed a first step towards finding a feasible solution by constructing a model that provides a feasible 

solution under any realization of uncertain parameters. His approach has two drawbacks. First, his model 

is nonlinear, which resulted in a high computational burden. Second, the resulting solution is highly 

conservative since the model remains feasible for even the worst-case value of all uncertain parameters. To 

improve his approach, subsequent developments were made to explore the tradeoff between the 

conservativeness of the solution and optimality (Ghaoui et al., 1998; Ben-Tal et al., 2002; Bertsimas and 

Sim, 2004; Bertsimas et al., 2008). In particular, the approach proposed by Bertsimas and Sim (2004) stands 

out as it lets the decision maker choose the tolerance towards risk by specifying budget of uncertainty. For 

the highest budget of uncertainty, the formulation proposed by Soyster (1973) becomes a special case of 

the formulation proposed by Bertsimas and Sim (2004). 

 

SLP has been used in the ESOM community for addressing uncertainty (Kanudia, 1998; Messner, 1996; 

Loulou, 2012). However, the RO approach provided by Bertsimas and Sim (2004) provides distinct 

advantages for real world application of ESOMs: it is not necessary to specify the probability distribution 

of uncertain parameters or choose a particular realization (scenario) of an uncertain parameter. As 

mentioned above, RO lets the modeler specify the range of an uncertain parameter, whereas SLP quickly 
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becomes computationally intensive when considering a large number of possible realizations for an 

uncertain parameter. Moreover, RO enables the modeler to find a solution to a problem with the least 

amount of infeasibility, whereas SLP may become infeasible under the realization of an uncertain parameter 

not included in the scenario tree.  

 

Along with some distinct advantages of RO over SA and SLP, it also has some limitations. Rather than a 

more fine-grained probability distribution, RO only considers the worst case value for each parameter, 

which may skew the model results. However, parametric uncertainty in ESOMs is high, and the data 

required to construct a probability distribution often does not exist. 

 

2.1 Robust optimization in power system modeling 

While the focus of this paper is on energy system models, RO has been more widely applied to power 

system models (i.e., models that focus exclusively on electricity), and thus a summary is presented here. 

Power and energy system models rely input parameters whose values must be estimated. The estimated 

parameter values, however, may be different from the actual values because of data limitations, biased data, 

unrealistic assumptions, numerical errors in the estimation process, or the nonstationary nature of the data. 

An RO formulation for a power system capacity expansion problem was first developed by Malcol and 

Zenios (1994) for uncertain power demand. They analyze the tradeoff between the inability to recover the 

cost of excess capacity and a need to curtail electricity demand. They introduce a variance and penalty term 

in the objective function of a cost-minimizing problem to reduce the volatility of the total system cost and 

discourage the curtailment of electricity demand. Since the electric utilities are often penalized for excess 

capacity as well as for curtailing demand, considering the parameter uncertainties leads to a more robust 

planning strategy. Several papers have also explored the application of RO in generation expansion 

planning using different variations of the methodology to answer generation expansion planning related 

questions (Chen, C. et al., 2012; Hajimiragha, H. et al., 2011; Dehghan, S. et al., 2014; Baringo, L., and 

Baringo, A., 2018). Chen et al. (2012) developed a robust interval stochastic optimization (RISO) 

considering uncertain pollutant transfer within the region, uncertain electricity demand, and uncertain cost. 

Hajimiragha et al. (2011) and Dehghan et al. (2014) present noteworthy applications of RO on a real-world 

power system. Hajimiragha et al. (2011) uses the methodology proposed by Bertsimas and Sim (2004) for 

analyzing the potential for Ontario’s grid to handle a transition to plug-in-hybrid vehicles considering 

uncertainty in electricity price, while Dehghan et al. (2014) develops single- and two-stage RO formulation 

to demonstrate the effect of uncertain demand, operation cost and investment cost on Iran’s power system 

planning. 
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Uncertainties present in the power system also affect transmission capacity expansion planning. Since 

electricity transmission infrastructure is usually built to withstand severe conditions, the RO approach 

becomes an apt choice for decision-making under uncertainty (Ruiz and Conejo, 2015). Alizadeh et al. 

(2013) first formulated the transmission expansion planning problem based on the RO formulation proposed 

by Bertsimas and Sim (2004). They tested the formulation on three different IEEE test cases to find the 

optimal transmission capacity expansion plan under various uncertainties. Several papers have then used 

various RO formulations to analyze the impact of unforeseen equipment failure, adverse weather, and other 

uncertain techno-economic parameters with IEEE test cases (Chen et al., 2014; Ruiz and Conejo, 2015; 

Yuan et al., 2016; Baringo and Baringo, 2018). Chen et al. (2014) Compares the min-max cost RO model 

with the min-max regret RO model while Baringo and Baringo (2018) as well as Ruiz and Conejo (2015) 

use a variation of the well-known adaptive RO methodology proposed by Bertsimas et al. (2011). The MILP 

formulation in these papers, where the transmission line is represented as a binary variable, provides a 

robust transmission expansion plan under various types of uncertainties.  

 

Another growing source of uncertainty in power system operations and planning is associated with supply 

uncertainty associated with an increasing share of renewable sources in electricity generation. Real-world 

case studies of Belgium and China have been analyzed under variable renewable generation for dispatch 

planning (Martinez-Mares and Fuerte-Esquivel, 2013; Wei et al., 2015). Zhang et al. (2018) and Zhao et al. 

(2013) formulate multi-stage RO problems to analyze the effect of uncertain renewable generation with 

demand response and test the model on IEEE test cases.  

 

An additional focus of RO applied to renewable energy generation pertains to microgrid planning problems 

(Yu et al., 2016; Hussain et al., 2016; Zhang et al., 2018; Hosseinzadeh and Salmasi, 2015). Accurately 

scheduling dispatchable power is essential for the reliability of microgrids. However, the uncertainty with 

demand response and renewable generation represents a scheduling challenge. Hussain et al. (2016) 

formulates a min-max cost RO model that considers renewable generation and demand forecast 

uncertainties for scheduling multiple microgrids. Yu et al. (2016) develops a multi-objective RO model as 

an MILP that minimizes the expected cost as well as the worst-case cost considering operational 

uncertainties (load variations, weather fluctuations, fuel price fluctuations) and conflicting interests 

(minimizing expected cost and worst-case scenario cost) among the microgrid stakeholders. 

 

2.2 Robust optimization in energy system modeling 

Since this work is focused on energy system optimization models (ESOMs), we provide a brief description 

of these models before reviewing previous applications. ESOMs can be described algebraically as a network 
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of linked processes that convert raw energy commodities (e.g., coal, oil, biomass) into end-use demands 

(e.g., lighting, transport, water heating) through a series of one or more intermediate energy forms (e.g., 

electricity, gasoline, ethanol). Each process is defined by a set of engineering, economic, and environmental 

characteristics (e.g., capital, fixed and/or variable cost, efficiency, capacity factor) associated with 

converting an energy commodity from one form to another. Processes are linked together in a network via 

model constraints representing the allowable flow of energy commodities. The objective of ESOMs is to 

minimize the net present cost of energy supply (composed of capital costs, operation & maintenance costs, 

and fuel costs) by utilizing energy processes and commodities over a under-specified time horizon to meet 

a set of exogenously specified end-use demands. ESOM simultaneously make technology investment and 

operating decisions while enforcing an energy balance between primary energy resources, secondary fuels, 

final energy consumption, and end-use energy services. ESOMs are typically formulated as linear 

programming models, where installed technology capacity is treated as a continuous variable. In the 

analysis described below, we utilize an open source ESOM called ‘Temoa.’ 

 
Uncertainties in peak electricity demand, renewable generation, future fuel prices and technology 

investment costs are also a part of ESOMs, which unlike power system models, cover the entire energy 

system, ranging from fuel resource extraction to the satisfaction of end-use demands across the commercial, 

residential, industrial, and transportation sectors. Since ESOMs usually deal with planning strategies over 

decades, addressing the uncertainty in fuel prices and technologies investment costs under different future 

scenarios is critical to developing robust planning and investment strategies. 

 

In a methodology-oriented paper, Babonneau et al. (2009) first proposed the use of RO in environment and 

energy optimization models. The authors apply RO to a simple test case under an emission target policy 

where pollutant transfer within regions as well as end use demand is uncertain. Such an application can 

assist in forming regional emission reduction policies. Babonneau et al. (2012) further applied RO to 

examine energy security issues in Europe with the TIAM-world model. The authors find that nearly 100% 

reliability of the European Union (EU) energy supply could be guaranteed with an extra 0.7% of total 

energy cost. The reliability improvement is achieved mainly through shifts from imports to domestic 

resources. The work of Lorne and Tchung-Ming (2012) applied the RO methodology proposed by 

Bertsimas and Sim (2004) to analyze the impact of energy technology cost and CO2 price uncertainties in 

the achievement of biofuels policies in France with the MIRET model. The paper concludes that given fuel 

cost uncertainty, biofuels are an excellent way to overcome fossil fuel dependency. However, Babonneau 

et al. (2012) considers uncertainty only in the availability of the resources. Moreover, both Babonneau et 
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al. (2012) and Lorne and Tchung-Ming (2012) assign a range based on expert’s judgement, ±𝑀%, that 

remains constant over all the uncertain parameters.  

 

In addition to policy insights, RO can point out critical sources of uncertainty in the energy system. Labriet 

et al. (2015) analyzed the impacts of uncertainties in investment costs and primary energy costs in France 

on carbon mitigation using the TIAM-WORLD and the MIRET models. The analysis concludes that 

scenarios with higher uncertainty budgets have more diversified fuel usage, which demonstrates that 

diversification is a good hedging strategy. Technologies that use biofuels have a higher penetration in 

scenarios with higher uncertainty budgets. As a result, biofuels can be considered as a robust hedging 

strategy against cost uncertainties. 

 

3 Robust optimization formulation 

The purpose of this chapter is to build parametric uncertainty related to future fuel prices and capital costs 

into an RO formulation in order to develop a strategy for deep decarbonization in the United States. The 

approach is divided into four parts: gathering the data for the US energy system, designing an optimization 

problem to consider parametric uncertainty, characterizing the uncertainty, and providing robust strategies 

for GHG emission mitigation. Figure 3.1 outlines the flow of information through analysis. First, beginning 

in the upper left hand corner, we compile data from public sources into a Temoa-compatible, relational 

database representing the US energy system as a single region (Section 4). Second, we feed the data to 

Temoa under a constraint on CO2 emissions that follows the Mid-Century Strategy (MCS) developed by 

the Obama Administration (House, 2016). The US nationally determined contribution (NDC) was 26-28% 

below 2005 levels by 2025 under the Paris Accord (Climate Action Tracker), and the MCS released under 

the Obama Administration suggests an 80% reduction below 2005 levels by 2050. The solution obtained 

from this step provides the optimal capacity expansion plan that does not consider any future parametric 

uncertainty. Henceforth, this solution is called the ‘naïve’ solution. 
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Figure 3.1: Methodology for obtaining robust alternate policies for GHG emission mitigation in the 

absence of federal climate policy. 

 

Third, the worst case values and autocorrelation are estimated for the input fuel prices and capital costs 

(Section 5). Fourth, we formulate the RO model in two steps. The first RO (R-ESOM) formulation does 

not consider temporal autocorrelation in uncertain parameters (Section 3.2.1). Such autocorrelation is 

important in capacity expansion models because most input parameters are indexed by model time period, 

but the RO procedure assumes that each parameter value in each time period can be treated independently. 

As an example, in this basic R-ESOM formulation natural gas prices can take on their worst-case value in 

2030, but the prices in other time periods remain at their baseline values. Building on this formulation, we 

construct a correlated RO (CR-ESOM) formulation (section 3.2.2). In this version, a parameter taking on 

its worst-case value in a given time period will in turn affect the parameter value in the other time periods 

through a correlation parameter. We do not present the results for R-ESOM; however, we provide the 

description of the model as CR-ESOM is an extension of the R-ESOM.  

 

The solution obtained by solving CR-ESOM represents the ‘robust’ solution. Fifth, to compare the 

effectiveness of the robust solution over the naïve solution, we perform a solution quality evaluation 

using Monte Carlo Analysis (MCA) (Section 3.3). Results from the RO analysis are used to draw insight 

about robust pathways for deep decarbonization. 

 

3.1 A simplified ESOM formulation 

For the exogenously specified end-use demand, a simplified form of a general ESOM formulation with the 

objective to minimize total system costs can be written as the following linear program. 

Data (section 4)
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min	 ]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+ ] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

 (1) 

s. t.		 ] ]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤®

 ∀	𝑡 ∈ 𝑇 (1a) 

								 ] 𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
¤®²p®

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇0, 𝑣 ∈ 𝑉0, 𝑖

∈ 𝐼 

(1b) 

										𝐵𝑿	 ≥ 𝑏 (1c)  

 

In the above model (1)-(1c), 𝑉, 𝐼 and 𝑇 are the set of all vintages, technologies and model time periods, 

respectively where, 𝑣 is the vintage of the capacity of technology 𝑖 in time period 𝑡. 𝐼𝐶0,�, 𝐹𝐶0,�,= and 𝑉𝐶0,�,= 

are the investment cost, fixed and variable operations and maintenance costs of technology 𝑖, respectively. 

𝑪𝑨𝑷0,� is the decision variable representing available capacity of technology 𝑖 of vintage 𝑣. In the above 

model formulation, the total commodity production from a process is referred to as “activity”. 𝑨𝑪𝑻0,�,= is 

the decision variable representing activity of technology 𝑖 of vintage 𝑣 in time period 𝑡. Moreover, 𝛾0,�,= is 

the factor that converts available capacity to available activity. 𝐷𝑒𝑚𝑎𝑛𝑑= is the demand in time period 𝑡. 

Furthermore, 𝐵 represents the coefficients of all the other constraints, and 𝑏 represents the right-hand side 

of such constraints. Equation (1) expresses the total discounted cost to be minimized, (1a) is the set of 

demand satisfaction constraints, where the right-hand-side 𝐷𝑒𝑚𝑎𝑛𝑑= are the exogenous demands that needs 

to be satisfied, (1b) represents the relationship between available capacity and activity and (1c) is the set of 

all other constraints such as flow balance, resource availability, technology share, process balance, lower 

and upper bounds on decision variables, limit on technology lifetime, reserve margin and storage 

constraints. Hunter et al. (2013) provides a detailed formulation for the constraints included in (1c). The 

model (1)-(1c) can also be written as (2)-(2d) stated next. 

 

min	𝑊 (2) 

s. t.		𝑊 − ´]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

µ 	≥ 0 

(2a) 

							]]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤®

 ∀	𝑡 ∈ 𝑇 (2b) 
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						 ] 𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
¤®²p®

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇0, 𝑖 ∈ 𝐼 (2c) 

							𝐵𝑿	 ≥ 𝑏 (2d)  

 

Where, 𝑊 is a dummy variable introduced to write the model’s objective function in the form of a 

constraint. Since we assume uncertainty in variable cost and technologies investment cost as well as fuel 

costs, only constraint (2a) will contain uncertain parameters when attempting to solve an extension of model 

(2) under uncertainty. 

 

3.2 Robust optimization formulation 

The first RO formulation proposed by Soyster (1973) constructs a solution that is feasible for any realization 

of uncertain data. As a result, the solution is too conservative in the sense that we give up too much of the 

optimality of the ‘naive’ solution in order to guarantee robustness. Bertsimas and Sim (2004), on the 

contrary, formulates the RO model based on the stipulation that nature will be restricted in its behavior. In 

other words, only a subset of the uncertain parameters will change in order to affect the system cost 

adversely. This approach has the property that if nature behaves like this, then the robust solution will be 

feasible deterministically. The literature for the application of RO in ESOM has adopted the Bertsimas and 

Sim (2004) formulation for uncorrelated uncertain parameters. Even though for the results presented in this 

chapter we use correlated version of the RO formulation, we provide the uncorrelated RO formulation for 

maintaining the consistency.   

 
3.2.1 RO formulation for uncorrelated variables - R-ESOM 

In this section we assume that the uncertain ESOM parameters are independently random. We provide a 

formulation for the uncertain investment cost and fuel prices; however, the formulation can be extended to 

consider the uncertainty in fixed operations and maintenance cost. Let 𝐼A�  be the set of technologies with 

uncertain investment cost and 𝐼m�  be the set of technologies with uncertain variable cost. The elements of 

the vector,	𝐼𝐶0,� i.e., investment cost of a technology 𝑖 with vintage 𝑣, for 𝑖 ∈ 𝐼A�  and 𝑉𝐶0,�,= i.e., variable 

cost of a technology 𝑖 with vintage 𝑣 in time period 𝑡 for 𝑖 ∈ 𝐼m� , are assumed to be subjected to uncertainty. 

Let the uncertain realization associated with investment cost and variable cost be denoted as 	

𝐼𝐶0,�∗  and 𝑉𝐶0,�,=∗ , respectively. 𝐼𝐶0,�∗ belongs to a symmetrical interval l𝐼𝐶0,� − ∆𝐼𝐶0,�, 𝐼𝐶0,� + ∆𝐼𝐶0,�q defined 

by the decision maker, where 𝐼𝐶0,� and ∆𝐼𝐶0,� are used to represent nominal values and deviation 

magnitudes, respectively. This interval is centered at the point forecast 𝐼𝐶0,�, while ∆𝐼𝐶0,� measures the 

precision of the estimate. Similarly, 𝑉𝐶0,�,=∗  belongs to a symmetrical interval l𝑉𝐶0,�,= − ∆𝑉𝐶0,�,= , 𝑉𝐶0,�,= +
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∆𝑉𝐶0,�,=q defined by the decision maker. The scaled deviation 𝑠0,�¡¢  of uncertain investment cost 𝐼𝐶0,�∗  and 

𝑠0,�,=¤¢  of uncertain variable cost 𝑉𝐶0,�,=∗  from its nominal value can then be defined as (3) and (4), respectively. 

 

𝒔0,�¡¢ =
𝐼𝐶0,�∗ − 𝐼𝐶0,�
∆𝐼𝐶0,�

 ∀𝑖 ∈ 𝐼A� , 𝑣 ∈ 𝑉0 (3) 

𝒔0,�,=¤¢ =
𝑉𝐶0,�,=∗ − 𝑉𝐶0,�,=

∆𝑉𝐶0,�,=
 

∀𝑖 ∈ 𝐼m� , 𝑣 ∈ 𝑉0, 𝑡 ∈ 𝑇0 (4) 

 

The scaled deviation 𝑠0,�¡¢  belongs to [−1,1] as (𝐼𝐶0,�∗ − 𝐼𝐶0,�) varies within l−∆𝐼𝐶0,�, ∆𝐼𝐶0,�q. Similarly, 𝒔0,�,=¤¢  

belongs to [−1,1]. The aggregate scaled deviation for the constraint with uncertain parameters, 

∑ ∑ �𝒔0,�¡¢ �0∈¡���∈¤® + ∑ ∑ ∑ �𝒔0,�,=¤¢ �0∈¡v��∈¤®=∈p® , which is more accurate than individual ones, can take any 

value between 0 and 𝑛, where 𝑛 is the total number of uncertain parameters. However, it is unlikely that all 

of the coefficients take their worst cases simultaneously. Consequently, the true value of ∑ ∑ �𝒔0,�¡¢ �0∈¡���∈¤® +

∑ ∑ ∑ �𝒔0,�,=¤¢ �0∈¡v��∈¤®=∈p® can be assumed to be in a narrower range as given in (5), i.e., 

 

]]�𝒔0,�¡¢ �
0∈¡���∈¤®

+] ]]�𝒔0,�,=¤¢ �
0∈¡v��∈¤®=∈p®

≤ Γ (5) 

 

where 𝛤 ∈ [0, 𝑁], referred to as the budget of uncertainty of the constraint containing uncertain parameters, 

is used to adjust the robustness against the level of conservatism of the solution. Its value reflects the 

decision maker’s tolerance for risk. Thus, Γ = 0 indicates no “protection” against uncertainty and Γ = 𝑁 

yields a very conservative solution since it can be interpreted as all the uncertain parameters’ taking their 

worst-case values at the same time. For any values between 0 and 𝑁, the decision maker makes a trade-off 

between the protection level of the constraint and the degree of conservatism of the solution. Based on 

(Bertsimas and Sim, 2004), on the general ESOM model (2)-(2d) and on Equations (3)-(5) the R-ESOM 

formulation can be written as (6)-(6d). 

 

min	𝑊 (6) 
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s. t.		𝑊 − ´]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

µ

− max
𝒔®,º
»¼,			𝒔®,º,�

½¼ 	∈	¾
´]]∆𝐼𝐶0,� ∙ 𝐶𝐴𝑃0,� ∙

0∈¡¿��∈¤®

𝒔0,�¡¢ + ] ]]∆𝑉𝐶0,�,= ∙ 𝐴𝐶𝑇0,�,=
0∈¡¿v�∈¤®=∈p®

∙ 𝒔0,�,=¤¢ µ 	≥ 0 

(6a) 

							]]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤

 ∀	𝑡 ∈ 𝑇 (6b) 

						 ] 𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
¤®²p®

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇, 𝑣 ∈ 𝑉0, 𝑖

∈ 𝐼 

(6c) 

							𝐵𝑿	 ≥ 𝑏 (6d)  

𝑆 = À�𝒔0,�¡¢ � ≤ 1	∀𝑖 ∈ 𝐼¿A, 𝑣 ∈ 𝑉0; �𝒔0,�,=¤¢ � ≤ 1	∀𝑖 ∈ 𝐼¿m, 𝑣 ∈ 𝑉0, 𝑡

∈ 𝑇0; ]]�𝒔0,�¡¢ �
0∈¡���∈¤®

+ ] ]]�𝒔0,�,=¤¢ �
0∈¡v��∈¤®=∈p®

≤ ΓÂ 

(6e) 

 

In the above model, (6e) is a feasible domain for the maximization problem given in (6a). For a user selected 

Γ, maximization problem in constraint (6a) provides a protection against infeasibility by assuming that total 

system cost includes the worst case cost of Γ uncertain parameters. It maximizes the protection for a given 

𝐶𝐴𝑃0,� and 𝐴𝐶𝑇0,�,= by varying 𝒔0,�¡¢  and 𝒔0,�,=¤¢  over 𝑆. Note that maximization model is a linear programming 

problem as we keep the 𝐶𝐴𝑃0,� and 𝐴𝐶𝑇0,�,= constant as defined by the minimization model. Problem (6) 

can be solved by iteratively solving minimization and maximization models to minimize 𝑊. To avoid the 

iterative method, we can simplify model (6)-(6d) through the application of strong duality,  which says that 

at the optimum, objective function value of the dual problem is same as primal problem (Bertsimas and 

Tsitsiklis, 1997). The dual of the maximization problem is given below in (7)-(7e) 

 

min	 ]]𝒒0,�¡¢

0∈¡���∈¤®

+] ]]𝒒0,�,=¤¢

0∈¡v��∈¤®=∈p®

+ Γ ∙ 𝒑 (7) 

𝒑 + 𝒒0,�¡¢ ≥ ∆𝐼𝐶0,� ∙ 𝒓0,�¡¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼A� 	 (7a)	

𝒑 + 𝒒0,�,=¤¢ ≥ ∆𝑉𝐶0,�,= ∙ 𝒓0,�,=¤¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡 ∈ 𝑇0  (7b) 
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−𝒓0,�¡¢ ≤ 𝐶𝐴𝑃0,� ≤ 𝒓0,�¡¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼A�  (7c) 

−𝒓0,�,=¤¢ ≤ 𝐴𝐶𝑇0,�,= ≤ 𝒓0,�,=¤¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡 ∈ 𝑇0  (7d) 

𝒑, 	𝒒0,�¡¢ , 𝒒0,�,=¤¢ , 𝒓0,�¡¢ , 𝒓0,�,=¤¢ ≥ 0 ∀	𝑖 ∈ 𝐼, 𝑣 ∈ 𝑉0, 𝑡 ∈ 𝑇0  (7e) 

 

Where, 𝒑, 	𝒒0,�¡¢ , 𝒒0,�,=¤¢ , 𝒓0,�¡¢ , 𝒓0,�,=¤¢  are the dual variables associated with the constraints (6e). The simplified 

version of (6)-(6d) is given in (8)-(8i) where we replace the maximization problem with the objective 

function of the dual problem. Constraints of (7)-(7e) can be added as they are without changing the solution 

to the problem (6)-(6d). 

 

min	𝑊 (8) 

s. t.𝑊 − ´]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+ ] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+ ] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

µ

− ´]]𝒒0,�¡¢

0∈¡���∈¤®

+ ] ]]𝒒0,�,=¤¢

0∈¡v��∈¤®=∈p®

+ Γ ∙ 𝒑µ ≥ 0 

(8a) 

					] ]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤®

 ∀	𝑡 ∈ 𝑇 (8b) 

				 ] 𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
¤®²p®

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇0, 𝑣 ∈ 𝑉0, 𝑖

∈ 𝐼 

(8c) 

					𝐵𝑿	 ≥ 𝑏 (8d)  

					𝒑 + 𝒒0,�¡¢ ≥ ∆𝐼𝐶0,� ∙ 𝒓0,�¡¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼A� 	 (8e)	

					𝒑 + 𝒒0,�,=¤¢ ≥ ∆𝑉𝐶0,�,= ∙ 𝒓0,�,=¤¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡 ∈ 𝑇0  (8f) 

		−𝒓0,�¡¢ ≤ 𝑪𝑨𝑷0,� ≤ 𝒓0,�¡¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼A�  (8g) 

		−𝒓0,�,=¤¢ ≤ 𝑨𝑪𝑻0,�,= ≤ 𝒓0,�,=¤¢  ∀	𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡 ∈ 𝑇0  (8h) 

					𝒑, 	𝒒0,�¡¢ , 𝒒0,�,=¤¢ , 𝒓0,�¡¢ , 𝒓0,�,=¤¢ ≥ 0 ∀	𝑖 ∈ 𝐼, 𝑣 ∈ 𝑉0, 𝑡 ∈ 𝑇0  (8i) 

 

Observe that this robust formulation requires the determination of a budget of uncertainty for each 

constraint subject to uncertainty, as well as the definition of new decision variables  𝒑, 	𝒒0,�¡¢ , 𝒒0,�,=¤¢ , 𝒓0,�¡¢ , and 

𝒓0,�,=¤¢ .  In (Bertsimas, 2004), it is shown that irrespective of the distribution of uncertain parameters, the 

probability, 𝜀, can be calculated as 1 − 𝜙 Ä	Å8A
√Ç
	È, where 𝜙(∙) represents the cumulative density function 

(CDF) of a normal distribution and 𝑁 is the total number of uncertain parameters. It is the probability that 

the number of uncertain parameters assuming worst case value exceeds the specified budget of uncertainty 
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Γ ∈ [0, 𝑁], In other words, if the decision maker chooses the budget of uncertainty Γ, then the probability 

of total system cost going beyond the optimal objective function value of R-ESOM is less than 𝜀. Figure 

3.2 plots 𝜀  for example values of 𝑁. 

 

 
Figure 3.2: Probability that number of uncertain variables assuming worst case value exceeds Γ. N’ 

represents total number of uncertain parameters in a constraint. For example, for an optimization problem 

with 10 uncertain parameters in a constraint, if we set budget of uncertainty (𝛤) = 4, then the probability 

that more than 4 uncertain variables assume their worst-case value is 17.13%. 

 
3.3.2 RO formulation for correlated variables (CR-ESOM) 

In reality, the ESOM parameters are not independently random. For example, investment cost of technology 

𝑖 with vintage 𝑣A, 𝐼𝐶0,��, might depend on 𝐼𝐶0,�É  and vice versa, where 𝑣A, … , 𝑣Ê, … , 𝑣|¤®| ∈ 𝑉0 and 𝑉0 is the 

set of vintages of technology 𝑖. Now, to model temporal correlation for uncertain parameters, we assume 

that investment cost of a technology has a positive correlation with the investment cost of the same 

technology of all available vintages. In other words, an increase in 𝐼𝐶0,��leads to an increase in 𝐼𝐶0,�É, ∀𝑣Ê ∈

𝑉0 and a decrease in 𝐼𝐶0,�� leads to a decrease in 𝐼𝐶0,�É. Each entry 𝐼𝐶0,�, 𝑖 ∈ 𝐼A�  and 𝑉𝐶0,�,=, 𝑖 ∈ 𝐼m�  is modeled 

as:  

 

𝐼𝐶0,�∗ = 𝐼𝐶0,� + ] 𝜂��,0,�¡¢ ∙ 	𝑔��,0,�¡¢

��∈¤®

∙ 𝐼𝐶0,� (9) 

𝑉𝐶0,�,=∗ = 𝑉𝐶0,�,= +] ] 𝜂=�,��,0,�,=
¤¢ ∙ 𝑔=�,��,0,�,=

¤¢ ∙ 𝑉𝐶0,�,=
��∈¤®=�∈p®

 (10) 

 

Where, 𝜂��,0,�¡¢  and 𝜂=�,�� ,0,�,=
¤¢  are independent and symmetrically distributed random variables in [-1,1], 	𝑔��,0,�¡¢  

is the effect of 𝐼𝐶0,��  on 𝐼𝐶0,� for 𝑣� ∈ 𝑉0 and 	𝑔=�,�� ,0,�,=
¤¢  is the effect of 𝑉𝐶0,��,=� on 𝑉𝐶0,�,= for 𝑣� ∈ 𝑉0, 𝑡̃ ∈ 𝑇0. For 
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example, from the methodology in section 5 if we determine that 𝐼𝐶0,� may increase by 20% then 	𝑔��,0,�¡¢ =

0.2. Note that under this model there are �𝐼A��. |𝑉0| + �𝐼m��. |𝑉0|. |𝑇0| potential sources of uncertainty.  

 

Analogously to (8), the CR-ESOM formulation can be given as (11)-(11d). 

 

min	𝑊 (11) 

s. t.		𝑊 − ´]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

µ

− max
𝜼ºw,®,º
»¼ ,			𝜼�Ë,ºw,®,º,�

½¼ 	∈	Ì
´] ]]𝜼��,0,�¡¢ ∙ 𝑔��,0,�¡¢ ∙ 𝐼𝐶0,� ∙ 𝐶𝐴𝑃0,�

0∈¡¿��∈¤®��∈¤®

+] ] ] ]]𝜼=�,��,0,�,=
¤¢ 	 ∙ 𝑔=�,�� ,0,�,=

¤¢ ∙ 	𝑉𝐶0,�,= ∙ 𝐴𝐶𝑇0,�,=
0∈¡¿v�∈¤®=∈p®��∈¤®=�∈p®

µ 	≥ 0 

(11a) 

								]]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤

 ∀	𝑡 ∈ 𝑇 (11b) 

							]𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
�²=

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇, 𝑖

∈ 𝐼 

(11c) 

							𝐵𝑿	 ≥ 𝑏 (11d)  

			𝜂 = À�𝜼��,0,�¡¢ � ≤ 1	∀𝑖 ∈ 𝐼¿A, 𝑣 ∈ 𝑉0, 𝑣� ∈ 𝑉0; �𝜼=�,�� ,0,�,=
¤¢ � ≤ 1, ∀𝑖 ∈ 𝐼¿m, 𝑣 ∈ 𝑉, 𝑡 ∈ 𝑇, 𝑣� ∈ 𝑉0, 𝑡̃

∈ 𝑇0; 	] ]]�𝜼��,0,�¡¢ �
0∈¡¿��∈¤��∈¤®

+ ] ]]]]�𝜼=�,��,0,�,=
¤¢ �

0∈¡¿v�∈¤=∈p��∈¤®=�∈p®

≤ ΓÂ 

(11e) 

 

Where, (11e) is the feasible domain of the maximization problem given in (11a). Similar to the methodology 

presented in R-ESOM, through the application of strong duality (11) can be written as the linear program 

represented by (13)-(13i). 

 

min	𝑊 (13) 



   

47 
 

s. t.𝑊 − ´]]𝐼𝐶0,� ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®

+ ] ]]𝐹𝐶0,�,= ∙ 𝑪𝑨𝑷0,�
0∈¡�∈¤®=∈p®

+] ]]𝑉𝐶0,�,= ∙ 𝑨𝑪𝑻0,�,=
0∈¡�∈¤®=∈p®

µ − ´Γ ∙ 𝒑 + ]]𝒒��,0¡¢

0∈¡¿���∈¤®

+ ] ]]𝒒=�,��,0
¤¢

0∈¡¿v��∈¤®=�∈p®

µ

≥ 0 

(13a) 

]]𝑨𝑪𝑻0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤

 ∀	𝑡 ∈ 𝑇 (13b) 

]𝛾0,�,= ∙ 𝑪𝑨𝑷0,�
�²=

≥ 𝑨𝑪𝑻0,�,= ∀	𝑡 ∈ 𝑇0, 𝑖

∈ 𝐼 

(13c) 

𝐵𝑿	 ≥ 𝑏 (13d)  

𝒑 + 𝒒��,0¡¢ ≥ 𝒚��,0¡¢  𝑣� ∈ 𝑉0, 𝑖 ∈ 𝐼A� 	 (13e)	

𝒑 + 𝒒=�,��,0
¤¢ ≥ 𝒚=�,��,0

¤¢  𝑣� ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡̃ ∈ 𝑇0  (13f) 

−𝒚��,0¡¢ ≤ ] 	𝑔��,0,�¡¢

�∈¤®

∙ 𝐼𝐶0,� ∙ 𝐶𝐴𝑃0,� ≤ 𝒚��,0¡¢  𝑣� ∈ 𝑉0, 𝑖 ∈ 𝐼A�  (13g) 

−𝒚=�,��,0
¤¢ ≤ ] ] 	𝑔=�,��,0,�,=

¤¢

�∈¤®

∙ 𝑉𝐶0,�,= ∙
=∈p®

𝐴𝐶𝑇0,�,= ≤ 𝒚=�,�� ,0
¤¢  𝑣� ∈ 𝑉0, 𝑖 ∈ 𝐼m� , 𝑡̃ ∈ 𝑇0  (13h) 

𝒑,𝒒��,0¡¢ , 𝒒=�,�� ,0
¤¢ , 𝒚��,0¡¢ , 𝒚=�,�� ,0

¤¢ ≥ 0 (13i) 

 

Similar to (8), in the constraint (13a), rΓ ∙ 𝒑 + ∑ ∑ 𝒒��,0¡¢0∈¡¿���∈¤® + ∑ ∑ ∑ 𝒒=�,��,0
¤¢

0∈¡¿v��∈¤®=�∈p® s represents the 

objective function of the dual problem of max
𝜼ºw,®,º
»¼ ,			𝜼�Ë,ºw,®,º,�

½¼ 	∈	Ì
r∑ ∑ ∑ 𝜼��,0,�¡¢ ∙ 𝑔��,0,�¡¢ ∙ 𝐼𝐶0,� ∙ 𝐶𝐴𝑃0,�0∈¡¿��∈¤®��∈¤® +

∑ ∑ ∑ ∑ ∑ 𝜼=�,��,0,�,=
¤¢ ∙ 𝑔=�,��,0,�,=

¤¢ ∙ 𝑉𝐶0,�,= ∙ 𝐴𝐶𝑇0,�,=0∈¡¿v�∈¤®=∈p®��∈¤®=�∈p® s	 while constraints (13e), (13f), (13g), 

(13h) and (13i) are the corresponding constraints of the dual problem. 

 

We created an embarrassingly parallel implementation of the CR-ESOM framework to minimize the 

computational time (Allen and Wilkinson, 1999). We use the “joblib” library in python to parallelize all the 

iterative runs of the model (Joblib, 2019). We run the model using a workstation containing two Multi-Core 

Intel Xeon E5-2600 series processors, representing a total of 24 compute cores. The resulting linear model 

is solved using CPLEX. The computational time to solve the deterministic model is 8-9 minutes while 

solving the CR-ESOM formulation takes 20-22 minutes. 
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3.3 Evaluating quality of the RO solution 

Solution quality analysis in the context of SLPs is generally concerned with evaluating solutions or policies 

obtained by an optimization algorithm in out-of-sample cases. Previous work has evaluated solution quality 

for SLPs (Bayraksan and Morton, 2006; Bayraksan and Morton, 2009; Mak et al., 1999; de Queiroz, 2011). 

The goal is to verify how good the solution or policy would be compared to other potential solutions. This 

approach is based on Monte Carlo Sampling and the fact that in reality, parameters rarely assume their 

worst possible values. Rather, the realization of uncertain parameters is between the nominal and worst 

case value. Generally, decisions associated to the first stage problem are fixed and recourse actions are 

made in Stages 2 up to Sage T following the defined optimization policy and the realization of the 

uncertainty in each of the stages according to the sampled scenarios.  

 

For the purpose of evaluating solution quality of the CR-ESOM, we let the model make capacity investment 

decisions based on the worst-case scenario for the uncertain parameters, but the model bases operational 

decisions on the realization of uncertain parameters simulated using Monte Carlo Sampling.  

 

We use Monte Carlo Analysis (MCA) to address parametric uncertainties and analyze the problem in a 

systematic manner.  The principle of MCA is to propagate uncertainties by simultaneously sampling 

multiple uncertain input parameters represented by probability distributions. From this analysis, we can 

compare the quality of the robust solution with the naïve solution under potential future realization of 

uncertain parameters. The MCA is carried out in the following steps.  

 

1. Define the upper and lower bound for uncertain parameters. Nominal values are considered as the 

lower bound while the methodology to determine the upper bound is given in Section 5. 

2. Given the high uncertainty associated with these future parameter values, we do not attempt to 

quantify different probability distributions for each parameter. Instead, a uniform distribution is 

assumed for each parameter over the uncertain range.  

3. Sample size is set equal to 1000 and a sample of random values is generated based on the uniform 

probability distributions. 

4. The budget of uncertainty is selected based on modeler’s judgement.  

5. Optimal decision variables for technology capacity is obtained by solving the CR-ESOM for a 

given budget of uncertainty. 

6. In a naïve, least-cost version of ESOM, decision variables for technology capacity are set equal to 

the decision variables obtained from the robust solution.  
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7. Realization of uncertain parameters from the first randomly generated sample is fed into the least-

cost version of the ESOM. 

8. The total system cost of the naïve run is stored. 

9. The procedure is repeated 1000 times. 

10. For the same set of randomly generated samples, the same procedure is applied where optimal 

decision variables for technology capacity are obtained by solving by naïve version without RO. 

11. The expected cost and standard deviation of the naïve solution is compared with the robust solution 

 

4 US case study 

The Temoa-compatible input database is drawn from the US EPA MARKAL database (Lenox, et al., 2013), 

NREL (NREL, 2019), and the EIA Annual Energy Outlook (AEO, 2018) and includes residential, 

commercial, transportation, industrial and electric sectors. The model time horizon spans from 2017 to 

2050, with 5-year time periods. To represent seasonal and diurnal variations in energy supply and demand, 

the model must perform energy commodity balances across a set of time slices that represent different 

combinations of seasons and times of day. In the input database used in this analysis, we represent three 

seasons (summer, winter, intermediate) and four times of times of day: AM (6AM - 12PM), peak (12PM - 

3PM), PM (3PM - 9PM), and night (9PM - 6AM). 

 

The end-use sectors (residential, commercial, transportation and industrial sectors) include demand 

technologies that convert secondary energy carriers (e.g., electricity, natural gas, liquid fuels) into useful 

energy services (e.g., space heating, space cooling, vehicle miles traveled). These energy service demands 

are specified exogenously and are drawn from the USEPA9r database. For example, the residential sector 

includes demands for space heating, space cooling, water heating, freezing, refrigeration, lighting, and 

miscellaneous electricity for appliances. 

 

Data on existing capacities of technologies in the residential, commercial and transportation sectors as well 

as their techno-economic parameters are drawn from the USEPA9r (Lenox, et al., 2013). These parameters 

include overnight investment costs, conversion efficiencies and technology lifetime. Existing capacities 

data on electric sector technologies are drawn from 2018 EIA data. We develop our own simplified 

representation of the industrial sector, which includes options for deep decarbonization via power-to-gas 

technologies. Finally, instead of modeling extraction and transport of fossil fuels such as natural gas, coal 

and liquid fuels, we simply define import technologies for these fuels into each of the nine regions. Fuel 

prices are exogenous to the model and are taken from the AEO 2018 Outlook (AEO, 2018). While we make 

the simplifying assumption that fuel prices are not responsive to endogenous changes within the model, 
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retrospective analysis indicates that there is considerable uncertainty associated with the projection of future 

fuel prices (AEO, 2018). A brief sectoral description of the input dataset is provided in Table 3.1. The 

database itself is publicly available for testing and verification through Github (Github, 2019). 

 

Table 0.1: Sectoral-level detail in the Temoa input database. 
Sector Description 

Fuel Supply Fuel prices are specified exogenously. Baseline projections are drawn from the 2018 Annual Energy 

Outlook (EIA, 2017). There is no limit on fuel availability except for biofuel use in the transportation 

sector (Babaee et al., 2014). 

Electric The electric sector includes 34 generating technologies. Air pollution control retrofits for coal include 

low NOx burners, selective catalytic reduction, selective non-catalytic reduction, and flue gas 

desulfurization. Costs and performance characteristics are largely drawn from the EPA US MARKAL 

database (Lenox et al., 2013), and existing capacity estimates are drawn from the US EIA (EIA, 2017). 

Transportation The transportation sector is divided into four modes: road, rail, air, and water. Road transport is modeled 

with greater detail by dividing it into three subsectors: light duty transportation, heavy duty transportation, 

and off-highway transportation. The light duty sector includes 6 size classes and 9 different vehicle 

technologies. Data is largely drawn from EPA US MARKAL database (Lenox et al., 2013). 

Industrial Given the high degree of heterogeneity in the industrial sector, it is modeled simplistically. The process 

heat and CHP are modeled in detail while the other industrial end uses are modeled as a set of fuel share 

constraints that are calibrated to the 2017 Annual Energy Outlook (EIA, 2017). 

Commercial The commercial sector includes the following end-use demands: space heating, space cooling, water 

heating, refrigeration, lighting, cooking, and ventilation. A total of 83 demand technologies are included 

to meet these end-use demands. Data is largely drawn from EPA US MARKAL database (Lenox et al., 

2013). 

Residential The residential sector includes the following end-use demands: space heating, space cooling, water 

heating, freezing, refrigeration, lighting, cooking, and appliances. A total of 69 demand technologies are 

included to meet these end-use demands. Data is largely drawn from EPA US MARKAL database (Lenox 

et al., 2013). 

Power to Gas The power to gas sector in Temoa uses electricity to produce hydrogen, which is then converted to 

methanol and synthetic natural gas. Cost and performance characteristics are drawn from various sources 

which are listed in the Appendix. 

To orient our baseline to a familiar projection, our baseline assumptions draw heavily on the AEO (2018) 

and Assumptions to the AEO (2018b). The detailed description of the database is given in the Appendix. 

 

5 Building the uncertainty set 

To solve the CR-ESOM, bounds on the uncertain input parameter and the parameter autocorrelation are 

required. Though beyond the scope of this analysis, the same approach can be extended to include the 

correlation between two different parameters; for example, between natural gas and coal prices. Using 
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historical fuel price data, we observe that fuel prices are temporally correlated. For example, after the 1979 

oil embargo, natural gas prices remained higher than usual for the next few years. The existing literature 

applying RO to ESOMs ignores this temporal autocorrelation, which diminishes the effect of fuel price 

uncertainty. 

 

For simplicity, uncertain parameters are first categorized into groups: fuel price and investment cost. We 

then determine the uncertainty bounds and the autocorrelation coefficients for each group based on 

various sources of data.   

 

5.1 Grouping of the parameters  

In total, the model has 6415 uncertain cost parameters, which includes investment costs, fixed operations 

and maintenance (O&M), variable O&M, and fuel prices. Eshraghi et al. (2018) conducts a Monte Carlo 

analysis for the US ESOM and shows that among the cost parameters, investment cost and fuel price have 

the highest impact on the objective function. As a result, uncertainty in the O&M costs are not considered 

in this analysis. After excluding the fixed and variable O&M cost parameters, the remaining 2224 uncertain 

parameters are divided into 22 groups of investment cost and fuel price parameters. As a trade-off between 

time and accuracy, the parameters are divided into groups based on the similarities in the base technology. 

For example, rooftop solar PV and centralized solar PV represent different implementations of the same 

underlying technology.  Similarly, the uncertainty in electric vehicle cost is tied to the cost of Lithium-ion 

batteries, which are also used in stationary storage applications. As a result, different types of electric 

vehicles are grouped together to form one category called ‘electric vehicles’.    

 

5.2 Uncertainty characterization 

Figure 3.3 provides a general flowchart to characterize the range and autocorrelation for the uncertain input 

parameters. The method consists of six criteria applied to the uncertain parameter. Each criteria corresponds 

to a different data source for determining the uncertainty of the parameter. If the uncertain parameter 

satisfies the given criteria, then the corresponding data is collected for the computation of correlation 

coefficient and uncertainty range. Then, we calculate the standard deviation and the correlation coefficient 

considering a five-year time lag. The highest cost associated with each fuel price and capital cost is 

considered to be its worst-case value. 

 
5.2.1 Criteria for investigating uncertainty 

The six criteria shown in Figure 3.3 are applied to each selected uncertain parameter in the US energy 

system. We use an ‘if-else’ strategy to choose the data for each parameter. For example, if the criteria P1 
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is not satisfied then we move to criteria P2. For characterizing the uncertainty in the investment cost of 

relatively new technologies, we use criteria P1-P4. Criteria P2, P5 and P6 are used for the uncertainty 

characterization of fuel cost as follows. 

 

P1: Can we obtain a range from the Open EI data? Open Energy Information (EI) is a platform created and 

managed by NREL (NREL, 2019) that collects energy-related data from various national labs, agencies, 

journal chapters and experts. They act as a reliable platform for gathering power plant and transportation 

sector investment cost data from various sources. We use the data published after 2010 since Open EI has 

very few studies that provide data prior to 2010. Not all the studies provide data for all our model time 

periods, which extend from 2017 to 2050. Hence, we collect the worst case values, i.e., the highest value 

of the parameter projection given in the literature for 2020 and 2050. We assume that 2017 investment cost 

and fuel cost is certain since it is a historical year. For the remaining time periods, we linearly interpolate 

the upper bound for the uncertain investment cost parameter from 2020 and 2050 values. 

P2: Is the range proposed in the literature? In some cases, uncertainty ranges for key parameters are 

provided. For example, open EI does not report biomass feedstock costs. However, Moret et al. (2019) 

reports the uncertainty bound for the feedstock. If the case study is not for the United States, then we look 

at case studies for other countries.  

P3: Can we obtain the range from NREL? If the data for the group of the technologies cannot be obtained 

by P1 or P2, then we check the ATB report provided by NREL. The ATB report gives the investment cost 

values for electric generating technologies for 3 scenarios – low, medium and constant. We treat the 

‘constant’ scenario as the upper bound for the uncertain investment cost parameter that falls in this category. 

P4: What if the data for the parameter is not readily available? Data for some of the groups of the 

parameters is not readily available. As a result, we divide these parameters in two groups: relatively new 

technologies and mature technologies. We then characterize the uncertainty for these parameters based on 

the other technologies that are in a similar research phase. The majority of the residential, commercial and 

industrial sector technologies have been well developed over several decades. Moreover, LPG vehicles and 

aviation technologies are also well developed. As a result, we assume that all the technologies in these 

sectors fall under the ‘mature technology’ category. Technologies related to power-to-X and biofuels are 

still in the research phase. Therefore, they are categorized as ‘relatively new’. This technology 

categorization involves judgment and should be iteratively refined over time. We follow the methodology 

proposed in Moret et al. (2019) to determine the worst-case investment cost for both new and mature 

technologies. We choose a representative technology based on data availability. The uncertainty bounds for 

all the mature technologies is then set as per the uncertainty bound of the representative technology. For 

the US database, natural gas boiler technology is chosen as a representative technology. From the available 
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data for natural gas boilers, we find that the worst case value is 21.6% higher than its nominal value. Hence, 

the upper bound for all mature technologies is set at 21.6% above their nominal values. We apply a similar 

methodology for the relatively new technology category with solar PV as a representative technology. 

P5: Is the range available in AEO forecast? We use this category for determining the fuel price uncertainty. 

AEO provides the fuel prices for 8 different scenarios. The scenario that gives the highest price for a given 

fuel is used as the worst case value. This scenario provides the upper bound for the uncertain parameter. 

P6: Can we determine the range from the historical data? If the AEO does not provide the upper bound for 

the fuel, then the historical upper bound is set as the worst case value of the fuel. For the US database, only 

uranium falls in this category. The upper bound for this fuel remains the same through the time horizon. 

 

 
Figure 3.3: Uncertainty characterization: six criteria are used to select uncertain parameter values in the 

model. Each criterion corresponds to a different method for investigating the uncertainty of the parameter 

and the correlation coefficient.  

 

The results obtained from the above analysis are summarized in the following Table 3.2.  
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Table 0.1: Application of uncertainty characterization method to the US energy system model. We divide 

2224 parameters in 22 categories.  

Category 
Criteria (section 5.2.1) Correlation (section 5.2.2) 

By type 
P1 P2 P3 P4 P5 P6 Forecast Hist. data 

 Investment cost    

New coal  ✓     ✓ ✓ ✓ 

Natural gas  ✓     ✓ ✓ ✓ 

Nuclear  ✓     ✓ ✓  

Solar  ✓     ✓ ✓ ✓ 

Wind  ✓     ✓ ✓  

Storage   ✓    ✓   

Biopower  ✓     ✓ ✓  

Electric vehicles  ✓     ✓ ✓  

Diesel  ✓     ✓ ✓  

Diesel hybrid  ✓     ✓ ✓  

Gasoline  ✓     ✓ ✓  

Gasoline hybrid  ✓     ✓ ✓  

PHEV  ✓     ✓ ✓  

Relatively new    ✓   - -  

Mature technologies    ✓   - -  

 Fuel price    

Natural gas     ✓   ✓  

Coal     ✓   ✓ ✓ 

Oil     ✓   ✓ ✓ 

Biomass ✓       ✓  

Nuclear      ✓  ✓  

 
5.2.2 Correlation coefficient 

We assume that the unit price of fuel and investment cost of technology are subject to uncertainty. We 

follow different methodologies to obtain data for computing correlation for fuel prices and investment costs. 

First, we model the temporal correlation 𝜌0 for fuel price 𝑖 using the correlated RO (CR-ESOM) 

formulation. To represent the real-world correlation, we use historical fuel price data from AEO (2018). 

The time horizon for the US database extends to 2050 with 5 year time periods. Hence, we consider the 

data for the last 50 years, i.e., since 1970 and compute the autocorrelation with a 5-year lag to match the 

length of future model time periods. Data for the sub-bituminous coal is available from 1979. No historical 
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data for industrial coal was obtained, therefore, the weighted average of bituminous, sub-bituminous and 

lignite coal was used to determine the correlation coefficient for the industrial coal price. The share of 

bituminous, sub-bituminous, and lignite coal in 2017 was 46.6%, 46.4% and 8.1% respectively. Auto-

correlation between the uncertain fuel price parameters is given in Table 3.3. 

 

Table 0.1: Correlation between uncertain parameters used for formulation in 3.2. 
Fuel Correlation Data Reference 

Natural Gas 0.5798 1970 - http://www.eia.gov/dnav/ng/ng_pri_sum_dcu_nus_a.htm 

Bituminous coal 0.3857 1970 - https://www.eia.gov/totalenergy/data/annual/showtext.php?t=ptb0709 

Lignite coal 0.3492 1970 - https://www.eia.gov/totalenergy/data/annual/showtext.php?t=ptb0709 

Sub bituminous 

coal 
0.871 1979 - 

https://www.eia.gov/totalenergy/data/annual/showtext.php?t=ptb0709 

oil 0.3015 1970 - https://www.eia.gov/totalenergy/data/annual/showtext.php?t=ptb0523 

Industrial coal 0.6017 - 
Weighted average of the other types of coal (2017 share – Bituminous 

coal - 46.6%; Sub Bituminous coal – 46.4%; Lignite coal – 8.1%) 

Biomass 0.5868 1970 - https://www.macrotrends.net/2531/soybean-prices-historical-chart-data 

Nuclear 0.6701 1981 - 
https://www.eia.gov/totalenergy/data/browser/index.php?tbl=T08.02#/?f

=Aandstart=1949andend=2018andcharted=10-11 

 
Next, we consider the uncertainty in investment cost. Similar to the correlation in fuel prices, the investment 

cost of technology 𝑖 also experiences temporal correlation. For example, the investment cost of solar PV 

has been decreasing for the last few years. As a result, it will likely decrease for the next several years. To 

find the correlation for technology investment costs, we use historical data collected by Open EI (NREL, 

2019). However, for some technologies, the historical data collected by Open EI is not sufficient to compute 

correlation. Consequently, we also include future projection data through 2050 for computing the 

correlation of all technologies with investment cost uncertainty. The resultant correlation coefficients for 

the 22 groups of technologies is given in Table 3.4. For simplicity, we assume that the temporal correlation 

for mature technologies is 100%, such that when a mature technology takes on its worst-case value in a 

particular time period, it retains that worst-case value for all preceding and subsequent time periods. 
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Table 0.2: Correlation coefficient for the 22 groups of technologies. For technologies consuming coal, 

natural gas and solar, we have access to data by technology type. 

Category Type Correlation coefficient 

New coal Coal IGCC 0.334 

Coal IGCC CCS 0.547 

Natural gas NG ACC 0.135 

NG ACC CCS 0.644 

NG ACT 0.527 

Nuclear - 0.597 

Solar Solar PV 0.534 

Solar TH 0.809 

Wind - 0.309 

Storage - 0.996 

Biopower - 0.752 

Electric vehicles - 0.691 

Diesel - 0.174 

Diesel hybrid - 0.606 

Gasoline - 0.597 

Gasoline hybrid - 0.108 

PHEV - 0.233 

Relatively new - 0.534 

Mature technologies - 1 

 

5.2.3 Determining the effects of correlation on the uncertain parameters 

If the fuel price in time period 𝑡 assumes the worst case value, it affects the fuel price for the entire time 

horizon. For the CR-ESOM formulation we assume that the fuel price in time period 𝑡 is a normally 

distributed random variable, 𝑿0,= with mean, 𝜇0,=, given by the AEO 2019 reference case values. AEO 2019 

provides fuel prices for 8 scenarios. The scenario with the highest fuel price is considered as a worst case 

scenario for each of the fuel price parameter, 𝑋0,=���.  

 

𝑿0,= is correlated with 𝑿0,=9A,with a correlation coefficient given in Table 3.3. Assuming that both 𝑿0,=  and 

𝑿0,=9A are normally distributed random variables, 𝒁=9A = 	𝑿0,=9A|𝑿0,=  is also a normally distributed random 

variable with 𝜇𝒁��� = 𝜇0,=9A + 𝜌0r𝑋0,=��� − 𝜇0,=s𝜎0,=9A/𝜎0,=. The mean of 𝒁, 	𝜇𝒁��� , provides the value of 

𝑿0,=9A given that 𝑿0,= assumes the worst-case value, 𝑋0,=���. Similarly, the value of 𝑿0,=9m given the value of 

𝑿0,= is given by 𝜇𝒁��v = 𝜇0,=9m + 𝜌0r𝜇𝒁��� − 𝜇0,=9As𝜎0,=9m/𝜎0,=9A. Note that 𝑡 + 1 corresponds to the next 

time period and 𝑡 + 2 to the time period after that. The same procedure can be applied for previous time 
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periods. The computation of 𝜇𝒁���  requires the data for the standard deviation, 𝜎0,= , of the random variable. 

Since we are assuming that 𝑿0,= is normally distributed, the standard deviation can be given as  𝜎0,= =

(𝑋0,=��� − 𝜇0,=)/𝑛 where, 𝑛 depends on 𝑋0,=���. If the worst case fuel price, 𝑋0,=���, provided by AEO 2019 is 

beyond 99.7 percentile of the normal distribution, i.e. 3 standard deviations away from the mean, the 

standard deviation 𝜎0,=  of a fuel 𝑖 in time period 𝑡 is given by (𝑋0,=��� − 𝜇0,=)/3. However, since we need the 

ratio of standard deviation, 𝜎0,=9A/𝜎0,=, we do not need to know the exact value of 𝑛.  The mean of the 

random variable 𝑍 can be given as (14). 

 

𝜇𝒁��� = 𝜇0,=9A + 𝜌0r𝑋0,=��� − 𝜇0,=s(𝑋0,=9A��� − 𝜇0,=9A)/(𝑋0,=��� − 𝜇0,=) = 𝜇0,=9A + 𝜌0r𝑋0,=9A��� − 𝜇0,=9As (14) 

 

The CR-ESOM formulation given in (13)-(13e) requires the computation of 	𝑔=�,�� ,0,�,=
¤¢  as an input parameter. 

As per the above computations 	𝑔=9A,=,0,=,=¤¢  can be computed using (15), where, 𝑣� == 𝑣 == 𝑡. 

 

	𝑔=9A,=,0,=,=¤¢ = 𝜇𝒁���/𝜇0,=9A (15) 

 

Figure 3.4 shows an example of the coal prices over the time horizon given that the worst case occurs in 

every time period. 

 

 
Figure 3.4: Effect of the correlation in coal prices. The red line shows the worst case values from the AEO 

2019 while the green line shows the reference case values.		
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5.3 The uncertainty set 

Table 3.5 below provides the percent increase in the nominal value of the uncertain investment cost 

parameter in the worst case scenario. We vary the upper bound of an uncertain parameter by time period 

since the uncertainty bounds for the parameter, as obtained from the historical data or open EI or literature, 

varies over time.  

 

Table 0.1: Uncertainty set for the US energy system. Abbreviations: Natural Gas (NG), Integrated 

Gasification Combined Cycle (IGCC), Advanced Combined Cycle (ACC), Carbon Capture and 

Sequestration (CCS), Photovoltaic (PV), Thermal (TH). 

Category Type 
Correlation 

coefficient 

Increase in nominal value (%) 

2020 2050 

New coal 
Coal IGCC 0.334 103.6 103.6 

Coal IGCC CCS 0.547 99.0 84.9 

Natural gas 

NG ACC 0.135 46.6 47.1 

NG ACC CCS 0.644 164.9 203.9 

NG ACT 0.527 70.3 38.9 

Nuclear - 0.597 61.3 89.4 

Solar 
Solar PV 0.534 99.0 131.3 

Solar TH 0.809 85.4 75.1 

Wind - 0.309 56.6 76.2 

Storage - 0.996 44.4 53.1 

Biopower - 0.752 175.1 202.0 

Electric vehicles - 0.691 67.0 68.3 

Diesel - 0.174 51.8 69.0 

Diesel hybrid - 0.606 41.3 21.7 

Gasoline - 0.597 58.2 63.6 

Gasoline hybrid - 0.108 56.4 61.7 

PHEV - 0.233 61.6 75.1 

Relatively new - 0.534 99.0 131.3 

Mature technologies - 1 21.6 21.6 

 

Table 3.6 provides the same information for the fuel cost uncertainty. The AEO provides future projection 

of natural gas and oil by type, however, sector and type wise historical data for computing correlation 

coefficient is not readily available. As a result, correlation coefficient remains the same over all types of 

natural gas and oil.  
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Table 0.2: Uncertainty set for fuel prices. Abbreviations: Commercial (Com), Residential (Res), Industrial 

(Ind.), Electric (Elc.), Transportation (Trn.), Distillate Fuel Oil (DFO), Residual Fuel Oil (RFO), Gasoline 

(GSL), Propane (LPG), Diesel (DSL), Jet fuel (JTF), Sub (S). 

Category Type 
Increase in nominal value (%) 

2017 2020 2025 2030 2035 2040 2045 2050 

Natural gas 

Com. 0.0 5.5 9.4 15.7 18.0 20.6 21.9 26.1 

Elc. 0.0 15.7 26.3 41.4 44.8 49.6 50.4 60.8 

Ind. 0.0 14.9 25.0 39.7 44.3 49.5 51.3 59.3 

Res. 0.0 4.5 7.5 12.4 14.2 16.2 17.3 20.7 

Trn. 0.0 4.2 4.2 14.2 16.7 19.6 21.5 26.2 

Coal 

Bituminous 4.8 9.1 7.3 6.3 8.8 10.2 11.7 12.8 

Lignite 4.8 9.1 7.3 6.3 8.8 10.2 11.7 12.8 

S. Bituminous 4.8 9.1 7.3 6.3 8.8 10.2 11.7 12.8 

Industrial 0.0 2.4 4.5 3.9 4.0 3.5 4.0 4.6 

Oil 

Com. DFO 0.0 0.0 39.2 72.4 64.8 65.7 65.7 75.5 

Com. LPG 0.0 38.9 71.0 73.9 63.5 59.7 59.1 60.3 

Com. RFO 0.0 72.9 112.3 103.1 101.3 97.8 99.1 109.8 

Ind. DFO 0.0 39.4 72.1 65.0 65.8 65.9 69.8 76.1 

Ind. GSL 0.0 36.8 56.2 52.7 51.6 51.1 53.4 53.2 

Ind. LPG 0.0 57.2 100.1 104.0 88.2 83.1 82.1 84.2 

Ind. RFO 0.0 79.9 89.0 83.3 83.0 81.0 82.7 88.1 

Res. DFO 0.0 37.7 58.9 54.3 55.5 55.6 58.8 63.9 

Res. LPG 0.0 28.4 78.9 90.9 80.9 74.2 72.8 73.7 

Trn. DSL 0.0 36.1 59.2 53.8 54.6 55.1 59.0 64.8 

Trn. GAS 0.0 36.1 56.1 52.2 51.1 50.7 53.0 52.7 

Trn. JTF 0.0 48.8 84.3 75.7 77.0 76.9 79.3 83.8 

Trn. LPG 0.0 36.0 62.6 63.4 54.5 51.7 51.2 52.4 

Trn. RFO 0.0 64.6 120.9 106.3 96.4 91.7 96.3 92.8 

Biomass - 3.0 3.0 3.0 3.0 3.0 3.0 3.0 3.0 

Nuclear - 1.7 1.7 1.7 1.7 1.7 1.7 1.7 1.7 

 

6 Robust optimization results 

We begin by solving the CR-ESOM formulation for the budget of uncertainty varying from 0 to 100%. The 

total number of uncertain parameters considered for the analysis is 𝑁 = 2224. We then calculate the 

probability of constraint violation as given in section 3.2.1 (see Figure 3.2 for reference). In this section, 

we provide insights specifically for the US energy system under emission mitigation target. However, the 
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same methodology can be applied for obtaining robust strategies under various different objectives for 

energy systems on any scale.  

 
6.1 Value of the robust optimization 

Figure 3.5 presents the total system cost under three different scenarios versus the budget of uncertainty 

(Γ), which represents the percentage of uncertain parameters that assume their worst-case (WC) value. In 

both the worst-case (WC) and nominal (NM) scenarios, the RO formulation is solved, and the optimized 

capacity and activity values are fixed. In the WC scenario, the total system cost is calculated assuming that 

a progressively larger number of uncertain parameters take on their worst case values, as indicated by the 

budget of uncertainty. In the NM scenario, the total system cost reflects the case where the worst case values 

actually correspond to the nominal values. Thus, the NM case represents a situation where we optimize 

assuming worst-case, but the realized values correspond with the nominal values. In the naïve scenario, the 

model optimizes assuming no future uncertainty, and the optimized capacity and activity values are fixed 

under these naïve assumptions. Then, as in the WC case, the total system cost is calculated assuming that a 

progressively larger number of uncertain parameters take on their worst case values.  

 

For any robust solution exceeding a 7% budget of uncertainty, the probability (ε) that the total system cost 

of the robust solution exceeds the worst-case value of the robust solution (Robust WC cost) is practically 

zero. Hence, there is little economic incentive to choose a solution with higher robustness. Now, a naïve 

solution is the one which does not consider any uncertainty. As shown in Figure 3.5, the naïve solution is 

clearly more expensive than the robust solution regardless of the budget of uncertainty. In addition, the 

robust solution is more expensive than the naïve solution if no parameters assume their worst case value. 

However, the downside risk is lower than the upside risk: at a 7% budget of uncertainty, the robust solution 

will only cost 6% more than the naïve solution if no parameters assume their worst case value, but the naïve 

solution may be 91% higher than the robust solution if 7% of the uncertain parameters assume their worst 

case value. 
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Figure 3.5: Percent change in objective function as a function of budget of uncertainty. Abbreviations: 

Worst Case (WC), Nominal (NM). ‘Naïve WC cost’ represents the cost of the naïve solution as the budget 

of uncertainty increases; ‘Robust WC cost’ represents the same for the robust solution; ‘Robust NM cost’ 

represents cost of robust solution if all uncertain parameters assume their nominal value. 

 
6.2 Solution quality of robust vs. naïve solution 

For this analysis, we investigate the investment cost decisions when the budget of uncertainty is set equal 

to 7%, since Figure 3.5 indicates that there is a nearly zero probability of exceeding the RO cost in this 

case. We plot the Monte Carlo simulation results, which are based on 1000 runs. All uncertain parameters 

are selected for inclusion in a suite of Monte Carlo simulations that indicate how the total system cost may 

change under different realizations of the uncertain parameters. From this analysis, we compare the quality 

of the robust solution to the naïve solution under potential future realization of uncertain parameters. This 

approach allows us to estimate the economic savings associated with following a robust versus naïve 

strategy. The expected cost is approximately equal to the area under the curve given in Figure 3.6. The 

expected cost of the RO solution, 𝜇ÑÒÓ, is 5.5% lower than the expected cost of the naïve solution, 𝜇ÔÕ= . 

The standard deviation for the total system cost obtained by solving CR-ESOM is 7% of the mean,	𝜇ÑÒÓ, 

while for the naïve ESOM it is 7.5% of the mean, 𝜇ÔÕ= . Thus, making the investment decision considering 

the future uncertainties yields significant economic benefits. 
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Figure 3.6: Distribution of system cost for naïve and robust solution under uncertain parameter realizations. 

 
6.3 Robust emission mitigation pathways considering future uncertainty 

Figure 3.7 shows the change in the energy system activity in three representative time periods spanning the 

modeled time horizon under different robustness assumptions. The 0% budget of uncertainty represents the 

naïve solution under Obama’s Mid Century Strategy (MCS), while 100% represents the most robust 

solution, which hedges against the scenario where all uncertain parameters assume their worst-case (WC) 

value. The first RO formulation proposed by Soyster (1973) only provides the WC RO solution. However, 

the revised methodology by Bertsimas and Sim (2004) allows us to identify the solutions obtained for a 

medium budget of uncertainty. For 𝛤 varying between 0 to 24% with 2% steps, the RO approach encourages 

the diversification of resources to hedge against uncertainty. These solutions do not emerge in the more 

traditional Soyster (1973) approach. For a budget of uncertainty greater than 24%, the RO solution remains 

relatively constant. A similar result is observed for the numerical simulations presented by Bertsimas and 

Sim (2004). In Figure 3.7, we vary the budget of uncertainty from 0 to 24% to observe the robust technology 

deployment options available to decision makers based on their risk tolerance.  
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Figure 3.7: Activity of technologies in different sectors as a function of the budget of uncertainty and time 

period: (a) electricity generation, (b) commercial space cooling and heating, (c) residential space cooling 

and space heating, and (d) transportation. The ‘WC’ stacked bars represent the technology activity in a 

given sector and time period under the worst-case outcome, and ‘naïve’ represents the reference scenario 

where uncertainty is ignored. 
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The composition of the energy system changes dramatically when we account for uncertainty. In Figure 

(3.7a), the naïve solution with an emission target set forth by Obama’s MCS achieves 40% electricity 

generation by nuclear power plants. However, the robust solution suggests diversifying the sources of 

electricity generation. Carbon Capture and Sequestration (CCS), underground hydrogen storage, and solar 

thermal play a more significant role to achieve a robust technology mix even though these technologies are 

not cost optimal in the naïve case. In other words, if we assume a rational, cost-minimizing decision maker, 

that ignores future uncertainty, then the optimal technology mix would not include these technologies. The 

relative capacity of the technologies, however, depends on the decision maker’s tolerance towards risk. For 

example, with increased budget of uncertainty, the investment in new CCS decreases while investment in 

new nuclear increases. Bertsimas and Sim (2004) observe similar results whereby the diversity of the 

solution decreases with higher budgets of uncertainty. The rationale behind this observation is that Γ =

100%, solving the RO model is equivalent to solving a deterministic model where all cost parameters are 

at a worst case value. As a result, the model chooses the least-cost option instead of diversifying the 

resources. Overall electricity generation in 2050 increases by approximately 20% in the robust solution as 

compared to the naïve solution. However, the focus of electrification is shifted from the transportation to 

the industrial sector. The RO solution also suggests delaying some investments in wind and solar generation 

until 2030, due to high investment cost uncertainty. Instead, the required emission reduction is achieved 

using nuclear power plants and CCS. Note that this insight is driven by our selection of worst-case values. 

With the increase observed in CCS, the robust solution suggests delaying the retirement of coal power 

plants even though natural gas combined cycle power plants are cheaper to operate. The main reason behind 

this shift is the multiple types of coal that can be fed into the coal power plant, and the relative variation in 

coal prices is lower than the variation in natural gas prices. Since the robust solution tends to diversify the 

resource base, the retirement of coal is delayed until 2030. After 2030, with the reduced uncertainty in the 

cost of renewable generation, coal is replaced by solar PV and wind. 

 

Figure 3.7(b) and 3.7(c) plot the changes in space heating and space cooling for commercial and residential 

sectors, respectively. The technology mix for both the sectors in 2050 is robust, however, in earlier time 

periods, increasing electrification and heat pumps leads to a more robust solution. De Villiers et al. (2000) 

show a similar solution suggesting mitigating emissions from the residential sector by increasing 

electrification. Moreover, the electrification in the residential sector is partially shifted from water heating 

to electric heat pumps due to high variability in natural gas prices. Water heating via electric heat pumps is 

replaced by solar water heating after 2025.  

 



   

65 
 

The transportation sector, plotted in Figure 3.7(d), experiences more drastic changes under uncertainty 

compared to the residential and commercial sectors. The first significant shift from the naïve solution is 

reducing the dependency on electric cars alone and replacing it with PHEVs and hybrid vehicles. The robust 

strategy shifts the required emissions reductions from the transportation sector to other sectors. The model 

results indicate that the desired share of PHEVs and hybrid vehicles depends on the decision maker’s 

tolerance towards risk. As mentioned above, the diversity of the resources in the robust solution tends to 

decrease for higher budget of uncertainty. Consequently, the share of emissions reduction achieved by each 

sector depends on the decision maker. The naïve solution suggests focusing on the transportation sector for 

emissions reductions; however, the robust strategy, prioritizes the electrification of process heating in the 

industrial sector over investment in electric vehicles. Since the process heating technologies in the industrial 

sector have conservative worst-case values, the model tends to choose them over electric cars, which have 

a wider potential cost range. This observation illustrates a broader point: the results are contingent on how 

the worst-case values are calibrated. Many technologies lack a detailed cost range, and under a conservative 

assumption about their worst-case value, can be over emphasized by the model. A critical focus of this 

work needs to be an extended effort to develop an improved representation of uncertain input parameters. 

Section 6.4 outlines a method to target the most sensitive input parameters in the model. 

 

6.4 Importance of a parameter in achieving a robust solution 

For a given budget of uncertainty, 𝛤, CR-ESOM determines the uncertain parameters, among all 2224 

uncertain parameters considered for this analysis, that produce the highest impact on the total system cost.  

Obtaining the most impactful parameters helps to identify the parts of the energy system that are most 

sensitive. Improved characterization of these most sensitive parameters by gathering better data could help 

achieve a robust strategy.  To do so, we sort the shadow prices of the constraints, corresponding to the 

uncertain variables, in decreasing order in the robust formulation. Specifically, we combine the 𝒚��,0¡¢  and 

𝒚=�,��,0
¤¢  vectors and put them in decreasing order, since higher values of 𝑦 lead to a higher impact of the 

uncertain parameter in the cost function.  The higher the shadow price, the higher the impact of the uncertain 

parameter on the objective function. We plot the parameters corresponding to the highest 𝒚��,0¡¢  and 𝒚=�,��,0
¤¢  in 

Figure 3.8. From bottom to top, the importance of the parameter increases. From left to right, the robustness 

of the solution increases. For example, for the budget of uncertainty = 1, a parameter in the transportation 

sector influences the objective function the most (top-left corner). For a budget of uncertainty = 50, i.e., for 

𝛤 = 2.2%, solar PV investment cost becomes the most influential parameter (top-right). As we move down 

a column in the triangle, corresponding to a given budget of uncertainty, the importance of the parameter 

in determining the robust solution decreases. For example, at 𝛤 = 2.2%, the investment cost uncertainty 
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related to solar water heating in the commercial sector (far right-bottom) is less influential in determining 

the robust solution that the investment cost of solar PV (top-far right). This result also suggests that 

resolving the uncertainty in solar PV investment cost would assist more in achieving a robust strategy. 

Furthermore, if the uncertainty is irreducible through improved data analysis, then at least the parameter 

range and autocorrelation should be well-calibrated. Other critical costs are the investment cost of some 

light duty vehicle technologies, particularly PHEV, coal with CCS, biomass IGCC with CCS, nuclear, 

hydrogen electrolysis, and synthetic natural gas production. The low carbon technologies in the electric 

sector tend to have a higher impact on the objective function than the high carbon emission technologies.  

 

 
Figure 3.8: Sensitivity of the sectors as a function of budget of uncertainty. The importance of a category 

increases as we move from bottom to top and robustness of a solution increases as we move from left to 

right. Abbreviations: Synthetic (Syn.); Photovoltaic (PV); Thermal (TH). 
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7 Conclusions 

Highly uncertain input data is a reality of using ESOMs. Since the insights obtained from such models are 

often used to inform policy, the uncertainties should be considered to build robust strategies. The main goal 

of this chapter is to find GHG emission mitigation pathways that are robust to uncertainties related to future 

fuel prices and investment costs. The second goal of this chapter is to provide a methodology to obtain a 

robust solution that considers temporal autocorrelation in parameter values.  

 

Building on previous ESOM-related work, we introduce a robust optimization framework that is the first 

to consider the temporal autocorrelation (CR-ESOM) in uncertain parameters. Because most input 

parameters are indexed by time period, it is important to consider how the assumption of a worst-case value 

achieved in a particular time period affects the value of that parameter in other time periods. Ignoring 

autocorrelation can diminish the effect of any single worst-case value realized in a single time period. The 

robust solution suggests diversifying the resource for satisfying energy demand and encouraging investment 

in wide range more expensive technologies with low carbon emissions.  

 

Several open issues deserve further investigation. First, the process of estimating autocorrelation associated 

with uncertain parameters needs improvement. For some parameters, data for computing autocorrelation is 

limited. For example, to compute the correlation coefficient for industrial coal, we use the weighted average 

of the other types of coal. For future work, sensitivity analysis for the correlation coefficients is needed to 

ensure the robustness of the strategy. Second, the formulation in this chapter only considers autocorrelation 

for uncertain parameters but does not consider the correlation between different uncertain parameters, 

which might exist in the real world. Though such a formulation can be written as a natural extension of 

model (13)-(13i), it is not given in this chapter. Third, we assume the uncertain parameters are a normally 

distributed random variable for constructing the uncertainty set. However, the CR-ESOM formulation itself 

ignores information about the distribution of the parameter and merely works with the nominal value and 

parameter deviation. Fourth, the data and methodology used to determine the ranges for uncertain 

parameters needs to be refined. Figure 3.8 can serve as a guide to prioritize future data collection efforts. 

Given the data intensive nature of ESOMs generally and this RO method specifically, it would be beneficial 

to make this data gathering a community effort, with contributions and critical reviews provided by a broad 

array of modelers and analysts.  

 

Despite the daunting task of quantifying the uncertainty for solving the robust optimization model, it can 

provide valuable insights to policymakers who must act before uncertainty is resolved. While further 

research is needed to improve the construction of uncertainty set and the underlying data, the simplicity and 
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computational tractability of RO can be an essential tool for uncertainty analysis in ESOMs. While the 

application of robust optimization yields a hedging strategy, this analysis should nonetheless be viewed as 

an exercise to explore the decision space when the parametric uncertainty is explicitly considered. In 

addition, we emphasize that models alone cannot provide a solution in such complex decision landscapes 

but can yield insight that informs decision making. Moreover, changed in the uncertainty set, emissions 

mitigation target ,or policy objectives can significantly change the insights obtained from the above 

analysis. 
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Chapter 4 Substitution between Energy Efficiency and 

Electricity in an Energy System Optimization Model 
 

𝐴. 𝐴𝑏𝑏𝑟𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛𝑠  

𝐸𝑆𝑂𝑀𝑠 Energy System Optimization Models 

𝐶𝑃𝑃 Clean Power Plan 

𝐸𝑃𝐴 Environmental Protection Agency 

𝑇𝑒𝑚𝑜𝑎 Tools for Energy Model Optimization and Analysis 

𝐶𝐸𝑆 Constant Elasticity of Substitution 

  

𝐵. 𝐼𝑛𝑑𝑖𝑐𝑒𝑠  

𝑡 Index of model time period 

𝑖 Index for technology type 

𝑣 Index of technology vintages 

  

𝐶. 𝑆𝑒𝑡𝑠  

𝐼 Technologies 

𝑉0 Vintages of technology 𝑖 

𝑇0 Time periods in which technology 𝑖 is active 

𝑇 All time periods 

  

𝐷. 𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠  

𝛼 Energy efficiency productivity in the production of energy services 

𝜎 Elasticity of substitution between electricity and energy efficiency 

𝜖 Price elasticity of energy service demand 

𝛾0,=,� Emission activity in time period 𝑡 

𝑃𝜃= Energy efficiency marginal cost in time period 𝑡 

𝑃𝐸=Ú Electricity reference price in time period 𝑡 corresponding to 𝐸=Ú 

𝐸=Ú Electricity demand reference in time period 𝑡 

𝜑=  Constant derived from 𝐸=Ú and 𝑃𝐸=Ú 

𝐸𝑆=�0Ê Lower bound of energy service demand 
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𝐵 Coefficients of all the other ESOM’ constraints 

𝑏 Right hand side of all the other ESOM’ constraints 

𝐼𝐶0,� Nominal investment cost 

𝐹𝐶0,�,= Nominal fixed cost 

𝑉𝐶0,�,= Nominal variable cost 

𝛿0,�,= Conversion from capacity to activity 

𝐷𝑒𝑚𝑎𝑛𝑑= Demand in time period 𝑡 

𝛽 Efficiency credit (ranges from 0.0 - 1.0) 

𝜁0,�,= Factor converting 𝐶𝐴𝑃0,� to 𝐴𝐶𝑇0,�,= 

  

𝐸. 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠  

𝐶𝐴𝑃0,� Capacity 

𝐴𝐶𝑇0,�,= Activity 

𝑋 All other variables 

𝐸= Quantity demanded of electricity in time period 𝑡 

𝜃=  Energy efficiency amount required in time period 𝑡 

𝑃𝐸= Electricity price in time period 𝑡 

𝑃= Marginal price of energy service demand in time period 𝑡 

𝐸𝑆= Energy service demand in time period 𝑡 

  

𝐹. 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑠  

𝑄(𝑌) Quantity demanded of 𝑌  

𝑃(𝑌) Price of 𝑌 

𝑓(𝐸, 𝜃) Dummy function used for explaining elasticity of substitution 

𝑈 Utility function 

𝑒 Expenditure function 

𝑔(𝐸𝑆) Dummy function used for explaining utility of energy services 

  

1 Introduction 

During the last few decades, energy efficiency started to play a central role in the design of policy goals 

related to energy security, economic growth, and environmental sustainability. Strong efficiency gains have 

shown a significant impact on global energy demand, reducing consumers’ energy bills, holding back 

emissions growth (IEA, 2017), and making energy systems more secure by reducing the dependency on 



   

71 
 

energy imports (Gillingham et al., 2009). In the current environment, advocates of ambitious climate 

policies often support simultaneously imposing a price on carbon and alternative policies, such as the 

renewable portfolio standards, which also credit energy efficiency (Baranzini, et al. 2015). Crediting of 

energy efficiency was identified as one of the means to comply with the intensity standards under the US 

Environmental Protection Agency’s (EPA) Clean Power Plan (CPP). Efficiency crediting policy provides 

an incentive for deployment of energy-efficient technologies in energy systems’ expansion plans. One key 

effect of this policy is a reduction in electricity generation as well as a reduction in investment in electricity 

generation capacity expansion. Depending on various factors in the system such as efficiency cost, cost 

saving from emission reduction and expenditure in energy efficiency dominate each other. Reduction in 

electricity generation and incentive for deployment of energy efficient technologies affect the price of 

electricity as well as the price of energy efficiency since the quantity demanded of the good is intrinsically 

dependent on its price. Variation in the price of energy efficiency affects the unit price of energy services 

(e.g. lighting, heating, cooling). It leads to a substitution effect, which influences consumers’ consumption 

of energy services and ultimately, energy demand.  

 

To model these system-wide effects, historically, top-down and bottom-up approaches have been used (Van 

Beeck et al., 2000), and their contrasting styles have led to divergent predictions of technological change 

and the cost of that change (Horne, et al., 2005). Top-down approaches typically take an aggregate view of 

the economy and consider market distortions, income effects, and the relations between various economic 

agents such as households and government. By contrast, bottom-up approaches represent individual 

technologies so that changes in the technology mix can be modeled explicitly. Energy system optimization 

models (ESOMs) have typically minimized the present cost of energy supply by deploying and utilizing 

energy technologies over time to meet a set of exogenously specified end-use demands. Although rich in 

technology representation, exogenously specified end-use demands restrict the feedback effect from the 

consumer side. Exposing electricity end-users to varying prices inevitably results in behaviors that 

maximize the welfare of the consumers (Nardelli et al., 2017). In order to represent feedback effect from 

the consumer side, many ESOMs have replaced exogenously specified end-use demand by a demand curve 

which maps the quantity demanded of energy services to their market price. However, representation of 

consumer behavior in ESOMs is still in the early stages of development.  Recent developments in the 

literature (DeCarolis et al., 2017; Herbst et al., 2012) have addressed fundamental limitations of energy 

systems models, which are the modest representation of the economy and limited treatment of human 

behavior.  
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The conventional way to handle energy efficiency policy analysis and related consumer behavior in an 

ESOM is to model a suite of different technologies with varying degrees of energy efficiency, market 

availability and technology penetration or hurdle rates.  The ESOM then selects efficient technologies and 

the level of demand response based on price elasticities of end-use demand (Kadian et al., 2007; Božić, H., 

2007). Another common tool to model higher penetration of efficient technologies is to assume efficiency 

ratios higher than the baseline (Yanbing, K. and Qingpeng, W., 2005). In some cases, the modeling 

approach simply uses technology adoption targets driven by the energy efficiency policy based on expert 

knowledge, (e.g., McNeil, M., 2008). While this can provide a useful prescription, it can often lead to 

unrealistic results. Modelers often then add hurdle rates to control the rate of efficient technology adoption, 

but, in general, there is a little empirical basis for the choice of the hurdle rates (DeCarolis et al., 2017). 

Despite these common modeling approaches, there are some recent efforts to model market heterogeneity, 

consumer behavior and intangible cost (Frederiks, E. et al., 2015; García, Ó. Et al., 2017). The review of 

modeling efforts for energy efficiency policy analysis, Mundaca, L. et al., 2010, thus concludes that the 

modeling and evaluation of policy instruments addressing consumer behavior through informative policy 

instruments remains a challenge for the modelling community.  

 

Many complex factors that affect end-use demand, and price response is only one of them (Jones et al., 

2015). In this chapter, we represent other factors that affect end-use demand such as the willingness of a 

consumer to reduce electricity usage by investing in energy efficient technologies and consumer’s 

perception about how good/bad the energy service is after investing in energy efficient technology. To do 

so, we build on the model proposed by (Fell et al., 2017) to represent substitution effect between electricity 

supply and energy efficiency along with the price response for energy service demand for a capacity 

expansion problem. Therefore, the goal of this research is to propose a novel approach to model energy 

efficiency policy in a way that is theoretically consistent with the microeconomic theory in the context of 

ESOMs. We assume that electricity and energy efficiency are two separate means of meeting the end-use 

energy service demand. To do so, a partial equilibrium modeling framework is implemented with a 

hypothetical test case database as input. We further consider imposing a carbon tax as the first-best policy 

while efficiency crediting, in the form of subsidy for energy efficiency, as an alternative policy for reducing 

emissions. Computational experiments then determine the welfare gain from efficiency credit policy with 

the welfare gain from carbon tax policy. Furthermore, we perform a sensitivity analysis on selected 

parameters in order to analyze the effect of uncertain consumer behavior and cost of energy efficiency on 

the overall welfare gain.  The purpose of this approach is not to perfectly forecast electricity prices but to 

quantify the impact of emission reduction policies on the system in a theoretically consistent manner (Fell 

et al., 2017). The resulting model is termed as the “energy efficiency model” throughout the chapter. 
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The rest of the chapter is organized as follows. Section 2 describes the ESOMs and their economic 

interpretation. In Section 3, we provide a mathematical formulation describing the substitution between 

electricity and energy efficiency. Section 4 describes a hypothetical test case used to illustrate the effects 

of substitution on the energy system. The first part of Section 5 analyzes the efficiency crediting policy 

compared to carbon tax while the second part includes sensitivity analysis for uncertain parameters. Section 

6 concludes the chapter by outlining the policy implications associated with the substitution effect. Our 

chapter documents the algebraic model formulation and data inputs used for the simulation. We 

implemented this model in an open source ESOM, and the full model implementation along with the data 

set used for the analysis can be found in the associated Github repository (Temoa GitHub). 

 

2 Energy System Optimization Models 

For conducting analysis in this chapter, we utilize Tools for Energy Model Optimization and Assessment 

(Temoa) which is an open source, energy system optimization model (ESOM), similar to 

MARKAL/TIMES (Loulou et al., 2004), OSeMOSYS (Howells et al., 2011) and MESSAGE (IIASA, 

2011). The model formulation is detailed in Hunter et al. (2013) and the Temoa source code is publicly 

available on Github (Github/TemoaProject) (Temoa Project, 2018).  

 

2.1 Framework of ESOMs 

ESOMs are widely used to analyze energy system capacity expansion plans and employ scenario analysis 

to investigate different technical, economic, and policy assumptions. The energy system is described 

algebraically as a network of linked processes that convert raw energy commodities (e.g., coal, oil, biomass) 

into end-use demands (e.g., lighting, transport, water heating) through a series of one or more intermediate 

energy forms (e.g., electricity, gasoline, ethanol). Each process is defined by a set of engineering, economic, 

and environmental characteristics (e.g., capital cost, fixed and variable operations and maintenance cost, 

efficiency, capacity factor, emission factor) associated with converting an energy commodity from one 

form to another. Processes are linked together in a network via model constraints representing the allowable 

flow of energy commodities. The objective of ESOMs is to minimize the net present cost of energy supply 

(composed by investment, operation & maintenance, fixed and fuel costs) by utilizing energy processes and 

commodities over a user-specified time horizon to meet a set of exogenously specified end-use demands. 

ESOM simultaneously make technology investment decisions and operating decisions while maintaining 

energy balance between primary energy resources, secondary fuels, final energy consumption and end-use 

energy services. ESOMs are typically formulated as linear programming models in which technology 

capacity are utilized to meet end-use demands.  
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For the exogenously specified end-use demand, a simplified form of ESOMs with the objective to minimize 

total system cost can be written as the following linear program. 

 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒	 ] ]𝐼𝐶0,�	𝐶𝐴𝑃0,�
0∈¡�∈¤®

+] ]]𝐹𝐶0,�,=	𝐶𝐴𝑃0,�
0∈¡�∈¤®=∈p®

+] ]]𝑉𝐶0,�,=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

 (1) 

𝑠. 𝑡. ] ]𝐴𝐶𝑇0,�,= ≥ 𝐷𝑒𝑚𝑎𝑛𝑑=
0∈¡�∈¤®

 ∀	𝑡 ∈ 𝑇 
(1a) 

𝜁0,�,= 	𝐶𝐴𝑃0,� ≥ 𝐴𝐶𝑇0,�,= ∀	𝑡 ∈ 𝑇0, 𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼 (1b) 

𝐵𝑋	 ≥ 𝑏 (1c)  

 

In the above formulation, 𝑉, 𝐼 and 𝑇 are the set of all vintages, technologies and model time periods, 

respectively, where, 𝑣, 𝑖 and 𝑡 are the indices of these sets. 𝐼𝐶0,�, 𝐹𝐶0,�,= and 𝑉𝐶0,�,= are the discounted 

investment cost, fixed operations and maintenance cost and variable operations and maintenance cost of 

technology 𝑖, respectively.  𝐶𝐴𝑃0,� is the decision variable representing available capacity of technology 𝑖 

of vintage 𝑣. In the above model formulation, the total commodity production, e.g. electricity, from a 

process is referred to as “activity”, 𝐴𝐶𝑇. 𝐴𝐶𝑇0,�,= is the decision variable representing output of technology 

𝑖 of vintage 𝑣 in time period 𝑡. 𝐶𝐴𝑃0,� and 𝐴𝐶𝑇0,�,= are two inherently different units of measure. 𝐶𝐴𝑃0,� is 

a unit of energy per time, while 𝐴𝐶𝑇0,�,= is a unit of total energy actually emitted. Moreover, 𝜁0,�,=  is the 

factor that converts available capacity to maximum available activity, 𝜁0,�,=	𝐶𝐴𝑃0,�. Temoa constraints the 

capacity variable to at least be able to meet the activity of that process, 𝐴𝐶𝑇0,�,=. 𝐷𝑒𝑚𝑎𝑛𝑑= is the demand 

in time period 𝑡. Furthermore, 𝐵 represents the coefficients of all the other constraints, such as commodity 

and process balance constraints, and 𝑏 represents the right-hand side of such constraints. In words, (1) 

expresses the total discounted system cost to be minimized, (1a) is the set of demand satisfaction constraints, 

where the right-hand-side represent the exogenous demands to satisfy, (1b) denotes the relation between 

available capacity and activity and (1c) is the set of all other constraints, which includes process balance, 

resource availability, fuel share, lower bound constraints on the variables and other environmental or policy 

related constraints. 

 

2.2 Economic interpretation of bottom up ESOMs 

In bottom up ESOMs, each technology is identified by a detailed description of its inputs, outputs, unit 

costs, and several other technical and economic characteristics. In these so-called “Bottom-Up” models, a 

sector is constituted by a number of logically arranged technologies, linked together by their inputs and 

outputs (which may be energy forms or carriers, materials, emissions and/or demand services). Some 
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bottom-up models compute a partial equilibrium via maximization of the total net (consumer and producer) 

surplus; while others meet exogenously specified end-use demand at the least total system cost. In partial 

equilibrium models, prices and quantities in each time period are such that at those prices the suppliers 

produce exactly the quantities demanded by the consumers. Further, this equilibrium has the property that 

the total surplus is maximized over the whole horizon. Investments made at any given period are optimal 

over the horizon as a whole. The concept of total surplus maximization extends the cost minimization 

approach upon which earlier bottom-up energy system models were based. These simpler models have 

fixed energy service demands, and thus are content to minimize the cost of supplying these demands. In 

bottom-up models, one unit of sectoral output (e.g., a billion vehicle kilometers of heavy truck service or a 

Peta Joule of residential cooling service) is produced using a mix of individual technologies’ outputs. Thus, 

the production function that defines the physical relation between end-use services and fuel inputs of a 

sector is implicitly constructed, rather than explicitly specified as in more aggregated models. Such implicit 

production functions may be quite complex, depending on the complexity of the energy system. 

 

2.3 Elasticity 

The above-mentioned welfare maximization models introduce an end use demand that is responsive to 

prices. It provides a useful first step in capturing both human behavior and economic feedback to changes 

in energy system. These model use demand elasticity to replace exogeneous demand with inverse demand 

function (Loulou, R., & Lavigne, D.,1996).  

 
2.3.1 Demand elasticity 

The demand elasticity 𝜖 of a good, 𝑌, is defined as  

 

𝜖(𝑌) =
𝑑𝑄(𝑌)
𝑌

𝑑	𝑃(𝑌)
𝑃(𝑌)

 (2) 

 

where, 𝑄(𝑌) is a quantity demanded and 𝑃(𝑌) is the price. From Equation 2, we see that the demand 

elasticity of 𝑌 is the ratio of the percent change in 𝑄(𝑌) to the corresponding percent change in 𝑃(𝑌). 

Measuring the responsiveness of a dependent variable to an independent variable in percentage terms rather 

than simply as the derivative of the function has the attractive feature that this measure is invariant to the 

units in which the independent and the dependent variable are measured. In this chapter, we use an own 

price elasticity to specify the responsiveness of demand of energy service to its price.  
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2.3.2 Elasticity of substitution 

Now we introduce elasticity of substitution for a function of two variables. The elasticity of substitution is 

most often discussed in the context of production functions. While the elasticity of a single variable function 

measures the percentage response of a dependent variable to a percentage change in the independent 

variable, the elasticity of substitution between two-factor inputs measures the percentage response of the 

relative marginal products of the two factors to a percentage change in the ratio of their quantities. We can 

represent the utility function, 𝑈, as a function of quantity demanded of energy services:  

 

𝑈 = 𝑔(𝐸𝑆) (3) 

 

Since, quantity demanded of energy services is a function of quantity demanded of electricity, 𝐸= and energy 

efficiency, 𝜃= , utility, 𝑈, can be given as 𝑔(𝑓(𝐸, 𝜃)). Then the elasticity of substitution between electricity 

and energy efficiency is given by: 

 

𝜎äå = −
𝑑(𝜃 𝐸⁄ )
𝜃 𝐸⁄

𝑑 ç𝑑𝑔𝑑𝜃
𝑑𝑔
𝑑𝐸è é

𝑑𝑔
𝑑𝜃

𝑑𝑔
𝑑𝐸è

ê  (4) 

 

A special class of production functions include a constant elasticity of substitution (CES), 𝜎. CES functions 

were first explored by Arrow et al. (1961), who proved that a production function with two inputs has a 

constant elasticity of substitution 𝜎 between inputs if and only if the production function is either of the 

functional form: 

 

𝑓(𝐸, 𝜃) = (𝛼𝜃ë + (1 − 𝛼)𝐸ë)A/ë (5) 

 

or else of the Cobb-Douglas form when elasticity of substitution is 1: 

 

𝑓(𝐸, 𝜃) = (𝜃ì𝐸A8ì) (6) 

 

Where, 𝛼 is a parameter representing share of an input, 0 ≤ 𝛼 ≤ 1 and 𝜌 is a constant equal to (𝜎 − 1) 𝜎⁄ . 

Now, electricity and energy efficiency are substitute goods, i.e., one good can be used in place of other. 

The substitutability leads the elasticity of substitution between electricity and energy efficiency to be greater 

than one, hence, we use the production function given by Equation (5) for the formulation in Section 3. 

 



   

77 
 

3 ESOM Representation with Energy Efficiency Model 

 
3.1 Conceptual Framework 

The conceptual starting point for the energy efficiency model is the flow of processes and money in an 

economy as shown in Figure 4.1. The first actor in the diagram is the group of consumers, who pay for 

energy efficient technologies as well as electricity in order to receive the energy services. The second is the 

group of electric utilities, who invest in the electricity generators and energy efficient technologies required 

for the generation of energy services demanded by consumers. In tracing the circular flow, one can start 

with the supply of fuel (e.g. coal, natural gas, wind) to the electricity generators and continue to the supply 

of electricity from the electric utilities to the consumers (e.g. households), who in turn pay for electricity. 

 

 
Figure 4.1: Economic flow and process flow for energy efficiency model. 
 

Equilibrium in the economic flows represented in Figure 4.1 results in the partial conservation of both 

product and value since we are not considering other factors in the economy such as labor, wages and the 

circulation of earnings. The difference between payment from consumers and cost of production for utilities 

is the producer surplus (profit). Whereas difference between consumer’s willingness to pay for the energy 

services and what the consumer actually pays is the consumer surplus. The energy efficiency model 
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maximizes the producer and consumer surplus. We assume that customers choose a combination of 

electricity consumption and energy efficiency consumption to maximize their utility which results in 

maximization of consumer surplus. Similarly, the producer maximizes profits or equivalently, producer 

surplus, by choosing the investment in electricity generation and/or energy efficiency. In general, the model 

maximizes the total welfare, which is the sum of producer surplus and consumer surplus as shown in Figure 

4.2.  

 

 
Figure 4.2: Supply-demand equilibrium. Note that the supply curve of energy services is a function of 

supply curve for electricity and energy efficiency. Similarly, the demand curve of energy services is a 

function of demand curve for electricity and energy efficiency. The dashed line show price 𝑃= and quantity 

𝐸𝑆=  at equilibrium for a given time period. 

 

In the model, consumer’s demand of energy services is dependent on price and quantity demanded of energy 

efficiency and electricity, where price and quantity demanded of electricity and energy efficiency affect 

each other. This effect is captured by assuming a constant elasticity of substitution production function for 

the production of energy services.  

 

We implement the formulation of energy efficiency model within the ESOM, Temoa. In this analysis, we 

develop a hypothetical test case that represents the electric sector on an island where, the investors have an 

option of having a lump sum investment in energy efficiency. One could assume a supply curve for an 

investment in energy efficiency that considers technological details; however, such a representation is not 

required in the analysis provided in Section 5. Details about the characteristics and main assumptions of 

the case study are provided in Section 4.  
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The energy efficiency model has two inputs for the consumption of energy services, 𝐸𝑆=, which are 

electricity, 𝐸=, and energy efficiency, 𝜃=. We start with the energy service demand as a function of price of 

energy services and we perform a series of calculations to get a constraint set consisting of Equations (7), 

(8), (11), and (12) that will be directly implemented in the model. Now, we know that the quantity demanded 

of most of the energy services is inversely proportional to its price, i.e., the quantity demanded decreases 

with increase in unit price of energy service, we assume that demand of energy services ESi have a constant 

own-price elasticity form: 

 

𝐸𝑆= = 𝜑=𝑃=ï	 (7) 

 

The unit cost corresponding to the energy service demand is given as a function of the electricity price and 

price of energy efficiency. It is a tedious but straightforward application of calculus to demonstrate that in 

the CES form (Rutherford, T., 2002), the unit cost function is given by: 

 

𝑃= =	 (𝛼ð	𝑃𝜃=A8ð 	+ 	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)A (A8ð)⁄  (8) 

 

As a result, 𝐸𝑆=, is given by a convex, differentiable function of the electricity price, 𝑃𝐸=, and the energy 

efficiency price, 𝑃𝜃=. Shephard’s lemma states that demand for a particular good, for a give price, equals 

the derivative of the expenditure function with respect to the price of the good. The expenditure function, 

which is given as the minimum amount spent by consumers on energy services, is hence given as a product 

of the unit cost of energy services, given in Equation (8), and the quantity of energy services, given by 

Equation (7): 

 

𝑒 = 	𝐸𝑆=	𝑃=		 (9) 

 

After substituting Equations (7) and (8) in (9), the simplified form of Equation (9) can be written as: 

 

𝑒 = 	𝜑=(𝛼ð	𝑃𝜃=A8ð 	+	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)A9ï (A8ð)⁄ 	 (10) 

 

Applying Shephard’s lemma, we differentiate the expenditure function with respect to 𝑃𝐸= to obtain the 

electricity demand and with respect to _𝜃=  to obtain the energy efficiency demand as a function of the 

electricity price and the energy efficiency price: 
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𝜕𝑒
𝜕𝑃𝐸=

= 	𝐸= 	= 	𝜑=	(1	 − 	𝛼)ð	𝑃𝐸=8ð	(𝛼ð	𝑃𝜃=A8ð 	+	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)(ï9ð) (A8ð)⁄  (11) 

𝜕𝑒
𝜕𝑃𝜃=

= 	 𝜃= 	= 	𝜑=	𝛼ð	𝑃𝜃=8ð	(𝛼ð	𝑃𝜃=A8ð 	+ 	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)(ï9ð) (A8ð)⁄  (12) 

 

To derive the constant, 𝜑= , we substitute the historical data for quantity demanded of electricity, 	

𝐸=Ú, and the corresponding price, 𝑃𝐸=Ú, in Equation (11). As a result, 𝜑=  can be given by  

 

𝜑= =
𝐸=Ú

(	(1	 − 	𝛼)ð	(𝑃𝐸=Ú)8ð	(𝛼ð	𝑃𝜃=A8ð 	+	(1	 − 	𝛼)ð	(𝑃𝐸=Ú)A8ð)(ï9ð) (A8ð)⁄ ) ∀	𝑡 ∈ 𝑇 
(13) 

 
3.2 Mathematical Formulation 

We assume that the market is competitive, and the optimization problem is set up as follows.  

 

max	]ó 𝑃=(𝑞)	𝑑𝑞
å¾�

å¾�
õ®É

=∈p

− 𝛽]𝑃𝜃=	𝜃=
=∈p

− ]]𝐼𝐶0,�	𝐶𝐴𝑃0,�
0∈¡�∈¤®

−] ]]𝐹𝐶0,�,=	𝐶𝐴𝑃0,�
0∈¡�∈¤®=∈p®

−] ]]𝑉𝐶0,�,=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

 

(14) 

s. t. ] ]𝐴𝐶𝑇0,�,=
0∈¡�∈¤®

≥ 𝐸= 

 

∀	𝑡 ∈ 𝑇 
(14a) 

𝜁0,�,= 	𝐶𝐴𝑃0,� ≥ 𝐴𝐶𝑇0,�,= ∀	𝑡 ∈ 𝑇0 , 𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼 (14b) 

𝐸𝑆= = 	𝜑=𝑃=ï ∀	𝑡 ∈ 𝑇 (14c) 

𝑃= =	 (𝛼ð	(𝛽𝑃𝜃)=A8ð 	+ 	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)A (A8ð)⁄  ∀	𝑡 ∈ 𝑇 (14d) 

𝐸= 	= 	𝜑=	(1	 − 	𝛼)ð	𝑃𝐸=8ð	(𝛼ð	(𝛽𝑃𝜃)=A8ð 	+ 	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)(ï9ð) (A8ð)⁄  ∀	𝑡 ∈ 𝑇 (14e) 

𝜃= 	= 	𝜑=	𝛼ð	(𝛽𝑃𝜃)=8ð	(𝛼ð	(𝛽𝑃𝜃)=A8ð 	+ 	(1	 − 	𝛼)ð	𝑃𝐸=A8ð)(ï9ð) (A8ð)⁄  ∀	𝑡 ∈ 𝑇 (14f) 

𝐵	𝑋	 ≥ 	𝑏  (14g) 
 

The objective function given  in  (14) can be divided into three parts: the area under the energy service 

demand curve represented by ∑ ∫ 𝑃=(𝑞)	𝑑𝑞
å¾�
å¾�

õ®É=∈p , the area under energy efficiency supply curve 

represented by ∑ 𝑃𝜃=𝜃==∈p , and the area under the electricity supply curve represented as 

∑ ∑ 𝐼𝐶0,�𝐶𝐴𝑃0,�0∈¡�∈¤® + ∑ ∑ ∑ 𝐹𝐶0,�,=𝐶𝐴𝑃0,�0∈¡�∈¤®=∈p® + ∑ ∑ ∑ 𝑉𝐶0,�,=𝐴𝐶𝑇0,�,=0∈¡�∈¤®=∈p® . We choose an 

arbitrary lower bound on the integral, 𝐸𝑆=�0Ê such that 𝐸𝑆=�0Ê < 𝐸𝑆=, in the first part of the objective 
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function to prevent consumer surplus from being unbounded as 𝐸𝑆= → 0. The pictorial representation of 

the demand curve for energy services can be seen in Figure 4.2. Note that we do not have a direct 

representation of a supply curve of energy services in the above model. Since the producer invests in 

electricity and energy efficiency, the supply curve for energy services is indirectly a function of supply 

curve of electricity and energy efficiency. 

 

For the optimal value of independent decision variables 𝑃𝐸=, 𝐶𝐴𝑃0,� and 𝐴𝐶𝑇0,�,= ,and derived decision 

variables 𝐸𝑆=, 𝐸=, 𝑃= and 𝜃= , the nonlinear objective function represented in (14) maximizes the total welfare 

of the system. Constraint (14a) represents a set of linear constraints that represent supply-demand 

equilibrium, where demand is a dependent variable. Constraint (14b) is same as constraint (1b) which 

represents the relation between available capacity and available activity. Constraint (14c to 14f) are a set of 

nonlinear constraints that evaluate the quantity demanded of energy service, marginal price of energy 

service demand, the quantity of electricity produced, and the quantity of energy efficiency required, 

respectively, for a given price of electricity, 𝑃𝐸= and a given price of energy efficiency, 𝑃𝜃=. Constraint 

(14g), which is same as constraint (1c), is a set of all other linear constraints in the ESOM. The above 

optimization problem finds the optimal market clearing conditions, i.e., the optimal value of variables that 

maximizes the consumer and producer surplus. 

 

3.3 Solution methodology 

Given the assumptions for the underlying demand function, the resulting model (14) is a large-scale, welfare 

maximization problem with a nonlinear objective function, non-linear and linear equality constraints, and 

linear inequality constraints. Since the resulting ESOM with energy efficiency representation has non-linear 

terms in the objective function as well as in the constraints, it is necessary to use non-linear optimization 

methods and solvers to attempt to solve it. To solve this model implemented in Python-Pyomo (Hart, W. 

E. et al., 2012), we use Interior Point Optimizer (Ipopt) (Biegler, L. T., and Zavala, V. M., 2009) which is 

a software package for large-scale nonlinear optimization. Ipopt is written in C++ and is released as open 

source code under the Eclipse Public License and it is designed to find solutions of mathematical 

optimization problems of the form  

 

min	𝑓(𝑋)  

s. t. 𝑔ù ≤ 𝑔(𝑋) ≤ 𝑔ú  

𝑋ù ≤ 𝑋 ≤ 𝑋ú  
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Where, 𝑓(𝑋):	𝑅Ê → 𝑅 is an objective function, and 𝑔(𝑋):	𝑅Ê →	𝑅�  is a constraint functions. The vectors 

𝑔ù  and 𝑔ú denote the lower and upper bounds on the constraints, and the vectors 𝑋ù and 𝑋ú are the bounds 

on the decision variables 𝑋. The functions 𝑓(𝑋) and 𝑔(𝑋) can be nonlinear and nonconvex but should be 

twice continuously differentiable.  

 

Due to the nonlinear nature of the model, Ipopt only guarantees local optimality of the solution. However, 

to generate insights for policy analysis, finding the global optimal solution is necessary. In order to prove 

the global optimality of the solution, we modify the model give in (14) by introducing the production 

function for 𝐸𝑆= according to Equation (5). Hence, 𝐸𝑆= can be written as 

 

𝐸𝑆= = ç𝛼𝜃=
(ð8A)

ðè + (1 − 𝛼)𝐸=
(ð8A)

ðè é
ð (ð8A)⁄

 

 

We replace the price of energy services denoted by 𝑃=(𝑞) in the objective function (14) by (𝑞 𝜑⁄ )A/ï since 

𝑃= can be written as (𝐸𝑆=/𝜑=)A/ï from equation (14c). The resulting mathematical model is given in (15).  

 

max	]ó (𝑞 𝜑⁄ )A/ï	𝑑𝑞
@ìä�

(üý�)
üè 9(A8ì)å�

(üý�)
üè E

ü (üý�)⁄

å¾�
õ®É

=∈p

− 𝛽]𝑃𝜃=	𝜃=
=∈p

−]]𝐼𝐶0,�	𝐶𝐴𝑃0,�
0∈¡�∈¤

−]]]𝐹𝐶0,�,=	𝐶𝐴𝑃0,�
0∈¡�∈¤=∈p

−]]]𝑉𝐶0,�,=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤=∈p

 

(15) 

s. t. ] ]𝐴𝐶𝑇0,�,=
0∈¡�∈¤®

≥ 𝐸= ∀	𝑡 ∈ 𝑇 (15a) 

𝜁0,�,= 	𝐶𝐴𝑃0,� ≥ 𝐴𝐶𝑇0,�,= ∀	𝑡 ∈ 𝑇0, 𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼 (15b) 

𝐵	𝑋	 ≥ 	𝑏  (15c) 

We then prove that the objective function of (15) is concave and the feasible domain is closed and convex. 

Since, local minima is a global minimum for a concave function on a closed, convex feasible domain, we 

conclude that the solution obtained by Ipopt is in fact a global maximum. The proof of global optimality of 

a solution obtained for the nonlinear energy efficiency model is given in Appendix A. 

 

4 Experimental datasets 

To clearly demonstrate the energy efficiency model (within the mathematical formulation of an ESOM) 

and the effects of uncertain parameters, imagine an island, which has one diesel generator to satisfy all its 
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electricity demand. For the sake of simplicity, we assume that the island has only one season and that the 

electricity consumption is equally distributed over the entire day. Suppose that electricity consumption of 

the island was 66 GWh in 2017, which was satisfied by a diesel generator with 10 MW of existing capacity. 

The electricity price in 2017 was 0.12 $Million/GWh or equivalently 12 cents/kWh. Due to the sudden rise 

in popularity, the projected electricity demand of the island in 2018 is 450 GWh. Now, the central authority 

for the island has a choice to invest in energy efficient technologies or in diesel power plants to expand the 

power generation capacity of the existing system. Historical demand-price data of electricity is commonly 

available. For the purpose of this test system, the electricity demand in 2017 (66 GWh) is considered to be 

the reference electricity demand, 𝐸=Ú, while the electricity price, considered as reference electricity price, 

𝑃𝐸=Ú, is 12 cents/kWh. 

 

We use energy efficiency as the energy consumption avoided, hence referred to as “negawatt” (Palmer and 

Paul 2015). There is a fairly extensive literature examining the cost-effectiveness of energy efficiency or 

demand-side management programs. Common values in the literature of the “negawatt cost” (i.e., the total 

expense of running the program and installing equipment) per megawatt-hour saved as a result of a program 

range from below $10/MWh to above $200/MWh saved (in real 2002 dollars) (Gillingham et al., 2009). 

Hence, we assume an arbitrary marginal cost of energy efficiency which is within the observed range, 50 

$/MWh, which is equivalent to 0.05 $Million/GWh. (Ricke, K. et al., 2018) calculated social cost of carbon 

for US to be between 10 to 50 $/tCO2. Hence, for the test case we choose an arbitrary carbon tax equal to 

40 $/tCO2 on carbon within this range. All the parameters that are required to represent the hypothetical test 

case are given in Table 4.1. Note that the fuel cost is included in the variable cost of the power plant. 
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Table 0.1: Test model parameter values. 
Model parameter Value 

Existing time period 2017 

Future time period 2018 

Input commodity Diesel 

Output commodity Electricity 

Existing capacity (GW) 0.01 

Investment cost ($Million/GW) 1500 

Fixed cost ($Million/GW-year) 20 

Variable cost ($Million/GWh) 0.25 

Marginal cost of meeting demand in 2017 ($Million/GWh) 0.12 

Energy efficiency productivity in the production of energy services, 𝛼 0.4 

Elasticity of substitution between electricity and energy efficiency, 𝜎 2.0 

Own price demand elasticity of energy service, 𝜖 -0.4 

Marginal cost of energy efficiency in time period 𝑡, 𝑃𝜃= ($Million/GWh) 0.05 

Marginal damage of CO2 emissions, 𝜏 ($/tCO2) 40 

 

This simplistic, hypothetical test case demonstrates the functionalities of the energy efficiency model. 

Moreover, the effects of uncertain input parameters can be observed much more clearly for two reasons. 

First, the size of the test case lowers the computational power required for uncertainty analysis. Second, the 

techno-economic details in the more realistic representation of energy system might overshadow some of 

the effects of uncertain parameters. The simple test case avoids this complication in building insights. This 

test case does not, however, represent the full energy system. We utilize a well-known test case called 

‘utopia’ which is introduced in MARKAL (Hewells et al., 2011) to further this analysis. We discuss the 

policy scenario in the Appendix B. The results show similar behavior as can be observed in the test case.  

 

5 Policy Scenario 

Economists refer to the first-best policy as the option that gives the welfare maximizing outcome, which is 

equivalent to the optimal strategy while the second-best policy is a suboptimal strategy that is closest to the 

optimal strategy. We consider a Pigouvian tax (Pigou, A., 2017), where the tax value is set equal to the 

marginal external damage 𝜏 since the Pigouvian tax achieves the first-best policy outcome in the case of a 

single pollutant. Electricity producers must account for the additional cost associated with the emissions 

tax, such that the marginal cost of energy services from each generation technology, inclusive of emissions 

damages, is equated across sources and with energy efficiency. To compute the welfare considering a 

Pigouvian tax, the objective function represented by (14) is modified to include an emissions tax as follows 
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max	]ó 𝑃=(𝑞)	𝑑𝑞
å¾�

å¾�
õ®É

=∈p

− 𝛽	]𝑃𝜃=	𝜃=
=∈p

− ]]𝐼𝐶0,�	𝐶𝐴𝑃0,�
0∈¡�∈¤®

−] ]]𝐹𝐶0,�,=	𝐶𝐴𝑃0,�
0∈¡�∈¤®=∈p®

−] ]]𝑉𝐶0,�,=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

−] ]]𝜏	𝛾0,�=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

 

(16) 

 

Where, 𝛾0,�=  is the emission activity of a technology 𝑖 with vintage 𝑣 in time period 𝑡, 

∑ ∑ ∑ 𝜏	𝛾0,�=	𝐴𝐶𝑇0,�,=0∈¡�∈¤®=∈p®  represents the total emissions accountable for Pigouvian tax and 𝛽 

represents the energy efficiency credit level. An alternative policy which was considered as an option under 

EPA’s Clean Power Plan (CPP) is an efficiency crediting policy. Crediting energy efficiency is equivalent 

to giving a subsidy on investment in energy efficiency. In other words, fixing 𝛽 to 0.8 is equivalent to 

assuming that the price of energy efficiency is, (1 − 𝛽), 20% lower than the original value. The subsidized 

price of energy efficiency encourages the buyer to invest in energy efficiency.  

 

Conceptually, the carbon tax policy and efficiency policy can be shown in Figure 4.3. We add a new actor 

to Figure 4.1 which acts as a government/ central entity. In order to reduce emission, the central entity can 

impose tax on emission or provide subsidy for the investment in energy efficiency. By providing subsidy 

to energy efficiency, the central entity encourages the investment in energy efficiency. Since energy 

efficiency and electricity are substitute goods, the subsidy leads to decrease in demand for electricity which 

in turn reduces emissions.  
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Figure 4.3: Visualization of policy scenarios along with economic and process flow in energy efficiency 

model.  

 
The work presented by Fell et al. (2017) proves that the first best allocation, i.e., welfare value from carbon 

tax policy obtained by solving (16) subject to the constraints (14a-g), cannot be achieved with efficiency 

crediting policy unless the energy service demand is exogenously specified in the absence of potential 

capacity expansion. Since the quantity of energy service demand is price responsive, i.e. elastic, it is certain 

that we cannot achieve the first-best allocation with efficiency crediting. However, with an optimal choice 

of crediting rule, we can achieve the second-best allocation, i.e., the welfare value that is closest to the one 

obtained by carbon tax policy. For the following analysis, ‘no policy’ case is considered when we solve the 

energy efficiency model as given in (14), where 𝛽 = 1. Solving the energy efficiency model with 

‘efficiency credit’ policy is equivalent to solving the mathematical model given in (14) where 0 < 𝛽 < 1. 

The computation of percentage welfare gain, %𝑊, as compared to carbon tax policy, hereafter referred to 

as welfare recovered, is shown in Equation (17).  
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%𝑊 =	
(𝑊𝑒𝑙𝑓𝑎𝑟𝑒	𝑓𝑟𝑜𝑚	𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦	𝑐𝑟𝑒𝑑𝑖𝑡	𝑝𝑜𝑙𝑖𝑐𝑦 −𝑊𝑒𝑙𝑓𝑎𝑟𝑒	𝑓𝑟𝑜𝑚	𝑛𝑜	𝑝𝑜𝑙𝑖𝑐𝑦)

(𝑊𝑒𝑙𝑓𝑎𝑟𝑒	𝑓𝑟𝑜𝑚	𝑒𝑚𝑖𝑠𝑠𝑖𝑜𝑛	𝑡𝑎𝑥 −𝑊𝑒𝑙𝑓𝑎𝑟𝑒	𝑓𝑟𝑜𝑚	𝑛𝑜	𝑝𝑜𝑙𝑖𝑐𝑦)  
(17) 

 

For comparing the change in welfare for different policies, we assume that welfare from carbon tax policy 

is equivalent to the optimal objective function of (16). Now, let 𝐴 be the optimal objective function value 

of the energy efficiency model given in (14). Since the objective function for efficiency credit policy 

obtained by solving (14) does not include the carbon tax and the subsidy provided by the central entity for 

investment in energy efficiency, the welfare from the efficiency credit policy can be given as 

 

𝑊𝑒𝑙𝑓𝑎𝑟𝑒	𝑓𝑟𝑜𝑚	𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦	𝑐𝑟𝑒𝑑𝑖𝑡	𝑝𝑜𝑙𝑖𝑐𝑦

= 𝐴 −	] ]]𝜏	𝛾0,�=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

− (1 − 𝛽)	]𝑃𝜃=	𝜃=
=∈p

 

(18) 

 

Where, 𝐴𝐶𝑇0,�,= and 𝜃=  are the optimal values of the variables obtained by solving (14). Note that welfare 

from no policy can be computed from (18) by setting 𝛽 = 1.  

 

5.1 Results and Discussion 

While the above sections develop a conceptual framework about efficiency crediting, simulation in this 

section develops additional insights about efficiency crediting with a numerical test case. We know that the 

quantity demanded of electricity decreases with increasing price of electricity while, the quantity demanded 

for energy efficiency and price of energy services increase. Crediting energy efficiency is equivalent to 

giving a subsidy for investment in energy efficiency. As a result, it encourages investment in energy 

efficiency. Since energy efficiency and electricity are substitute goods, crediting energy efficiency 

decreases the investment in electricity production. Hence, for a given price of electricity, quantity demanded 

of electricity decreases with increasing efficiency credit while quantity demanded of energy efficiency and 

energy service increases with increasing efficiency crediting. In (14), the decision variables, 𝐸𝑆=, 𝐸=, 𝑃= and 

𝜃=  are derived from 𝑃𝐸=. We plot the dependent variables as a function of independent variable to visualize 

the effect of increase in efficiency credit. The variation in quantity demanded of electricity (Figure 4.4(a)), 

quantity demanded of energy efficiency (Figure 4.4(b)), quantity demanded for energy service demand 

(Figure 4.4(c)), and price of energy services (Figure 4.4(d)) are plotted as a function of the electricity price 

for varying levels of efficiency crediting in Figure4. 4. Figure 4.4(a-d) are plotted using Equation 14(e), (f), 

(c) and (d), respectively. 
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Figure 4.4: (a) For a given price of electricity, quantity demanded of electricity decreases with increasing 

efficiency crediting (b) Quantity demanded for energy efficiency increases with increasing efficiency 

crediting and (c) Quantity demanded for energy service increases with increasing efficiency crediting (d) 

Price of energy services decreases with increasing efficiency crediting. 

 

We vary efficiency crediting over a large range (0% to 40%) in Figure 4.4 in order to observe that efficiency 

crediting also affects the rate at which quantity demanded of electricity decreases with increase in the price 

of electricity. By varying various parameters in the energy efficiency model, particularly the parameters in 

Equation 14(c-f), we can essentially incorporate various consumer behaviors as a function of the price of 

electricity. One particular aspect of the energy efficiency model to note here is a rebound effect where, over 

the long-run, consumption of energy services increases as a result of efficiency crediting-induced decline 

in the price of energy services. The energy efficiency model allows us to incorporate a wide range of 

consumer behavior, including behavior that gives rise to rebound effect. However, we do not directly isolate 

the exact rebound effect in this analysis. Note that the price of energy services does not have a physical 

significance since, in reality, we do not directly pay for energy services. The price of energy services can 

be thought of as a function of the price of electricity and the price of energy efficiency. Hence, if one or 

both of the price of electricity and the price of energy efficiency increases then it leads to increase in price 

of energy services, as can be observed in Figure 4.4(d). 
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The hypothetical test case, described in Section 4, is further used to demonstrate the welfare gain from 

varying levels of efficiency credit as compared to the welfare gain from a carbon tax as shown in Figure 

4.5. One of the effects of efficiency crediting policy is a reduction in electricity demand which in turn 

reduces emissions. As a result, investing in energy efficiency reduces the total emissions tax. The results 

show that efficiency credit of 6% achieves maximum welfare, which is 39% of the welfare gain from carbon 

tax case. Beyond 12% efficiency crediting, the cost savings from the emissions reduction becomes lower 

than the expenditure on energy efficiency leading to the negative welfare gain from efficiency crediting.  

 

  
Figure 4.5: Welfare gain as a function of the efficiency credit. The gain is expressed as the fraction of 

welfare recovered through the energy efficiency policy compared with respect to welfare gain with a 

Pigouvian carbon tax set at 40 $/ton of CO2. 

 
The difference between the optimal quantity of various decision variable for carbon tax case and efficiency 

crediting case is given in Figure 4.6. As can be observed from the Figure 4.6, emissions are 8% higher 

under no policy (0% efficiency credit) and gradually decrease with increase in efficiency crediting due to a 

decrease in quantity demanded of electricity. Noticing from Equation (14d), increasing efficiency credit, 

(1 − 𝛽), decreases price of energy services, 𝑃=. From Equation (14c), decrease in price of energy services 

leads to increase in demand for energy services, 𝐸𝑆= . In other words, efficiency crediting leads to an 

increase in the quantity demanded of energy efficiency and decreases in the unit price of energy services 

which in turn increase the quantity demanded of energy services. Crediting energy efficiency decreases the 

quantity demanded of electricity. As a result, the capacity expansion of a diesel power plant which required 

to satisfy the sudden surge in energy service demand decreases. Note that in Figure 4.6, the graph of CO2 

emissions overlaps with the graph of quantity demanded for electricity due to the simplicity of the test case.  
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Figure 4.6: For a given efficiency credit a point of a variable represents the percentage quantity of a variable 

as compared to the quantity of a variable under carbon tax policy. 

 
5.2 Sensitivity Analysis 

In the energy efficiency model, the substitution parameter, 𝜎, represents the consumer's willingness to 

invest in energy efficient technologies for a marginal increase in the price of electricity. The higher 

willingness to substitute electricity with energy efficiency leads to higher value of the substitution 

parameter, 𝜎. The price elasticity parameter, 𝜖, denotes the importance of energy services for the consumer. 

The higher elasticity values, 𝜖, says that the consumer is more willing to sacrifice the energy service usage 

if they are marginally expensive. Moreover, the productivity parameter, 𝛼, represents the consumer's 

perspective of the energy services obtained from energy efficient technology.  If the consumer views 

investing in energy efficiency as a superior option, then the productivity of energy efficiency is higher 

leading to a higher value of 𝛼.  Such consumer behaviors are inherently uncertain, and they can vary over 

a broad range for different groups of consumers depending on their social and economic status. Also, a 

carbon tax across the world varies from 0 $/ton to 126.84 $/ton of carbon (World Bank and Ecofys, 2018). 

In this analysis, we assume a scalar value for energy efficiency cost, however, in reality, the cost of energy 

efficiency, 𝑃𝜃=, can vary over a wide range. In order to understand the overall impact of these system 

parameters on the welfare, we perform a sensitivity analysis as given below.  

 

We consider the model parameters from the test case given in Table 4.1 as base case parameters. We vary 

all the system parameters mentioned earlier over ±50% from the base case value given in Table 4.1 except 

elasticity of substitution, 𝜎. Decreasing the elasticity of substitution by 50% from the base value leads to 

model infeasibility since the CES production function used for this analysis is undefined for 𝜎 = 1. The 

sensitivity analysis on the productivity of energy efficiency, 𝛼, suggests that for very low (𝛼 < 0.2) or very 
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high (𝛼 > 0.7) productivity of energy efficiency, the relative welfare gain with efficiency crediting policy 

is not significant. The relatively high productivity of energy efficiency reduces the need to subsidize it while 

the relatively low productivity reduces the effect of subsidy. Figure 4.7 below shows the effect of the 

remaining four uncertain parameters on the relative welfare gain from the efficiency crediting policy.  

 

Figure 4.7(a) suggests that lower cost of energy efficiency leads to higher welfare recovered. Effect of 

increased degree of substitution between electricity and energy efficiency on the welfare recovered is shown 

in Figure 4.7(b). Figure 4.7(c) suggests that lower own price elasticity of end-use energy service demand 

increases the welfare recovered at a given efficiency crediting. Effect of increase in carbon tax on welfare 

recovered, Figure 4.7(d), suggests that higher efficiency crediting is needed to recover the same level of 

welfare for a higher carbon tax. 

 
Figure 4.7: Effect of uncertain model parameters on the welfare recovered through energy efficiency credit 

policy as compared with the Pigouvian tax policy. Uncertain parameters are (a) Energy efficiency cost (b) 

Substitutability between electricity and energy efficiency (c) Own price elasticity of energy service demand 

(d) Carbon tax. 
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Now, the purpose of carbon tax policy and efficiency credit policy is to reduce emissions by discouraging 

electricity usage. The former achieves emission reduction by increasing price of electricity while the later 

does so by decreasing the price of energy efficiency. The relative welfare gain from efficiency credit policy 

to that of carbon tax policy relies on the efficiency crediting-induced saving on carbon tax and the increased 

expenditure on energy efficiency. When the saving on carbon tax is greater than the expenditure on energy 

efficiency, the relative welfare recovered from an efficiency credit policy is positive. As can be observed 

from Figure 4.5, the difference between the two peaks at 6% efficiency crediting.   

 

To analyze Figure 4.7(a) further, note that electricity and energy efficiency are substitute goods. As a result, 

the effect of marginal reduction in energy efficiency cost on the quantity demanded of electricity is higher 

for lower energy efficiency cost. In other words, the reduction in electricity generation is higher when we 

give 10% credit when 𝑃𝜃= is 25 $/MWh than when 𝑃𝜃= is 75 $/MWh. This leads to a higher difference 

between efficiency crediting-induced saving on carbon tax and the increased expenditure on energy 

efficiency when 𝑃𝜃= is 25 $/MWh. Hence, relative welfare recovered from efficiency credit policy increases 

with a decrease in energy efficiency cost. Similar logic can be applied to Figure 4.7(b). Increase in 

substitutability of energy efficiency, 𝜎, increases the reduction in electricity generation for a marginal 

decrease in 𝑃𝜃=. Consequently, 10% efficiency credit produce a larger reduction in electricity production 

for a higher value of 𝜎 which leads to higher relative welfare recovered. As for Figure 4.7(c), the price 

elasticity of demand is higher when an increase in quantity demanded of a good is higher for a marginal 

reduction in the price of a good. Therefore, the higher elasticity values observe a larger increase in energy 

service demand and consequently, energy efficiency demand as a result of 10% energy efficiency credit. 

Now, the rate of increase in energy efficiency demand or decrease in electricity demand depends on other 

model parameters such as productivity of energy efficiency, 𝛼. However, for the set of parameters given in 

Table 4.1, Figure 4.7(c) suggests that increase in energy efficiency expenditure is greater than efficiency 

credit-induced savings on emissions tax for more elastic energy service demand. As a result, the relative 

welfare gain from efficiency credit policy decreases as the elasticity of energy service demand increases. 

Figure 4.7(d) suggests that we need higher efficiency crediting for a higher carbon tax to recover the same 

amount of relative welfare. Higher carbon tax leads to higher emission reduction. To achieve equivalent 

emission reduction, we need lower electricity demand and higher energy efficiency demand. It can be 

achieved when cost of energy efficiency is low or equivalently, crediting for energy efficiency is high. Note 

that in reality, we cannot satisfy 100% of the end-use energy service demand by energy efficiency since the 

reduction in electricity supply is limited. 
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6 Conclusion and Future work 

We successfully formulated the energy efficiency model for capacity expansion planning and demonstrated 

the model functionality using a simplified hypothetical test case. We apply the model to the test case with 

and without emissions tax policy to analyze the percentage of welfare recovered with efficiency crediting 

as compared to the welfare gain from carbon tax. We also perform parametric sensitivity analysis on the 

uncertain model parameters to recognize the effects of uncertain parameters on the welfare that can be 

recovered by crediting energy efficiency.  

 

The primary goal of this research was to introduce consumer behavior in ESOMs and formulate them in a 

way that is consistent with the microeconomic theory. To do so, we build a capacity expansion model for 

energy systems with the representation of energy efficiency, based on (Fell et al., 2017), in an open-source 

energy system modeling framework. We apply the methodology to perform policy analysis for a 

hypothetical test case. We point out the differences between a traditional bottom-up model where we define 

energy efficiency through separate technologies with associated variable costs and an energy efficiency 

model where we can explicitly model the substitutability between electricity and energy efficiency in the 

form of a production function. The secondary goal is to analyze the effect of uncertain consumer behavior 

on system welfare. Substitutability between electricity and energy efficiency, the productivity of energy 

efficiency in satisfying energy service demand or price responsiveness of energy service demand are some 

aspects of consumer behavior. By varying these model parameters, we can potentially incorporate a wide 

range of consumer behavior related to energy consumption into traditional ESOMs. For example, 

productivity parameter, 𝛼, represents the consumers view on how good or bad the energy efficient 

technology is as compared to the traditionally used technology. So, if the consumer views energy efficient 

technology better than the traditionally used technology then energy efficiency will be very productive in 

generating energy services, i.e., the value of 𝛼 is higher.  

 

Although ESOMs can benefit from the introduction of a methodology that considers consumer behavior, it 

has some limitations. One limitation is the narrow literature on quantifying consumer behavior regarding 

energy efficiency given the cost-minimizing rational of the consumer. In other words, determining the 

appropriate value of the substitution parameter, 𝜎, the productivity of energy efficiency, 𝛼, and the price 

elasticity of energy services, 𝜖, is a challenging task. However, performing sensitivity analysis on these 

parameters provide valuable insights regarding the effect of efficiency crediting policy on overall system 

behavior. In recent years, multitudes of studies (Buchanan et al., 2014; Ito, 2014) have examined the 

empirical effects and biases in consumer behavior that might be relevant to the decisions related to 

investment in energy efficiency. Whether these biases lead to significant biases in decision making is still 



   

94 
 

an ongoing research debate (Gillingham et al., 2009). Another limitation of energy efficiency model arises 

from its highly nonlinear nature. It limits the size of the problem that can be solved within a reasonable 

computational time and capacity. Moreover, we have to rely on nonlinear solvers such as Ipopt for 

determining global optimality of the resulting solution. Despite these limitations, the energy efficiency 

model provides a theoretically consistent methodology to consider some of the consumer behaviors that 

traditional ESOMs have not considered yet.   

 

For future work, we plan to analyze the alternative policies for emission reduction (e.g., carbon cap and 

renewable portfolio standard) for the electric sector of single region US database to find the second-best 

solution for emission reduction. Moreover, we plan to analyze and improve the computational performance 

of the energy efficiency model. One could also apply the same methodology for modeling a substitution 

effect between different fuels or different technologies for specific sectors in the ESOMs. For example, one 

could model a substitution effect between electric vehicles and fossil fueled vehicles in the transportation 

sector or substitution effect between solar PV and natural gas generators when investment in solar PV is 

subsidized. Ongoing work by the authors is to include the time index for the parameter 𝛽 which represents 

the subsidy given for energy efficiency since the subsidies usually vary over time. Moreover, incorporating 

a supply curve for energy efficiency instead of assuming a scalar value for the cost of energy efficiency 

will also lead to more realistic results.  
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Chapter 5 Conclusion and Future Work 
 

1 Research contribution 

The key contribution of this thesis is to quantify various types of uncertainty – from conflict-related damage 

to technology investment costs to consumer behavior– and apply rigorous uncertainty analysis to examine 

its effect on energy systems. Energy system models are often fraught with both parametric and structural 

uncertainties that arise from technical, economic, political, geographical, policy, and environmental factors. 

In this dissertation, several methods have been employed to address uncertainty in energy system 

optimization models: SA (SA), scenario analysis, stochastic linear programming (SLP), and robust 

optimization (RO). The resultant analysis yields insight that can inform investors, electric utilities, and 

policy analysts working to build cleaner, more affordable, and more resilient energy systems. 

 

In the second chapter, the South Sudan modeling exercise demonstrates the need for conflict prone countries 

to explicitly consider the risk of conflict as they build out their electric power systems. We begin by 

describing the Method of Morris results, which inform the analysis performed with the stochastic version 

of the model. We construct an analytical framework that employs an energy system optimization model 

(ESOM) along with SA and SLP to examine how potential future conflict can affect near-term electricity 

planning. Next, we presented the results from the stochastic optimization under different assumed conflict 

scenarios. We discuss the stochastic output metrics to quantify the value of considering uncertainty while 

developing resilient power system infrastructure. In the results, we draw insights about future electric power 

development in South Sudan. We conclude that considering conflict-related uncertainty adds another 

dimension to future analysis, ensuring resilient energy supply in the face of conflict, fragility, and violence. 

 

In the third chapter, while exploring the parametric uncertainty in a US-focused ESOM, we observe that 

previous natural gas price forecasts from AEO (2018) were often inaccurate. There is no evidence to suggest 

that fuel price projections have improved over the years (Moret, 2019). Thus, highly uncertain input data is 

a reality of utilizing ESOMs. Since the insights obtained from ESOMs are often used to inform policy, 

future uncertainties must be considered to build robust policies. The main goal of the third chapter is to find 

alternative greenhouse gas (GHG) emission mitigation pathways that are robust under fuel price and 

investment cost uncertainty. A key limitation of parametric SA is that it does not provide a hedging strategy 

against the uncertainty. To obtain the hedging strategy, we implement a RO framework that considers the 

correlation (CR-ESOM) in the uncertain parameters and represents the first-ever application to an ESOM. 

The robust solution suggests diversifying the resources used to satisfy energy demand and encourage 
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investment in wide range of more expensive technologies with low carbon emissions. Moreover, we show 

that ignoring uncertainty may have significant financial consequences. 

 

In the fourth chapter, the primary goal was to build a capacity expansion model for energy systems with a 

representation of energy efficiency that is consistent with the microeconomic theory. The secondary goal 

was to analyze the effect of uncertain consumer response on system welfare. The substitutability between 

electricity and energy efficiency, the productivity of energy efficiency in satisfying energy service demand, 

or price responsiveness of energy service demand are examples of the consumer response. By varying these 

model parameters, we can incorporate a wide range of consumer responses related to energy consumption 

into traditional ESOMs. We successfully formulated the Energy Efficiency (EE) model for capacity 

expansion planning and demonstrated the model functionality using a simplified hypothetical test case. In 

this chapter, the goal of the uncertainty analysis was to analyze the impact of individual uncertain 

parameters on total system welfare. Therefore, we perform parametric SA on the uncertain model 

parameters to recognize their effects on the welfare recovered by crediting energy efficiency as compared 

to the carbon tax.  

 

One of the high-level insights obtained from these analyses is that the hedging strategies developed with 

SLP and RO work best when uncertainty is highest. For example, in chapter 2, if the conflict-related damage 

and associated probabilities are low, the solution looks like the naïve case. On the other hand, when they 

are both high, the solution looks like a single run where non-distributed technologies are too expensive. 

The most interesting hedging strategies – and where you see the highest expected cost of perfect information 

(EVPI) – is when the conflict probabilities and damages are somewhere in the middle, and the best course 

of action is not evident. This observation is also true in the RO case. When the budget of uncertainty is very 

high, the results look like a single run where all the uncertain parameters take on their worst values.  

 

Another insight obtained from the analysis in chapter 2 is that the benefits of uncertainty analysis are lower 

when the cost of unmet electricity demand is very low or very high. For the lower cost of unmet demand, 

curtailing the demand is the cheapest option while for the higher cost, meeting the demand is the cheapest 

option irrespective of other uncertainties present in the system. Similarly, in chapter 4, very low or very 

high efficiency crediting reduces the need for uncertainty analysis. For low efficiency crediting, efficiency 

induced emission reduction is low. In contrast, for high efficiency crediting, the expenditure on energy 

efficiency is higher than the value of emission reduction. In both cases, the relative welfare recovered is 

low. Hence, insights obtained by performing uncertainty analysis are less impactful. Even though the RO 

and SA are not as computationally demanding as SLP, computational tractability is still an issue for large 
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scale ESOMs. The analysis in these chapters assists in directing the computational resources where the 

uncertainty analysis can have a more significant impact. 

 

2 Final remarks and future research goals 

The work presented in this dissertation can be extended by considering additional parametric uncertainties.  

Given the complexity of real-world conflict in Chapter 2, we made a number of simplifying assumptions. 

For simplicity, we assume a constant discount rate of 5% for all technologies (García-Gusano, 2016), which 

is based on the expert’s judgment. However, given the high risk of centralized power plants in South Sudan, 

the discount rate for hydro power plant can be increased (Steinbach, 2015) in the future analysis. Moreover, 

we assume an exogenously specified demand increase over time, with demand curtailment occurring at a 

specified cost. The analysis showed that the results presented are sensitive to the curtailment cost. Future 

efforts that characterize willingness to pay for electricity in South Sudan or elasticities for electricity 

demand would help narrow the assumed range of curtailment cost. Another limitation in the current work 

is the assumption of static load profiles in which the proportion of electricity demand with each season and 

time of day remains the same from one time period to another. However, electricity consumption patterns 

may be shifted depending on the devices used for satisfying end-use services such as cooking, heating, 

lighting, or cooling. For example, increased electricity consumption for residential lighting during night 

time can change the electricity demand distribution.  Moreover, in addition to considering the damage to 

generators, future analysis should consider the damage to transmission and distribution lines, fuel supply 

infrastructure, and the resultant effect on cost and delay associated with maintenance. For considering a 

wide range of uncertainties in power system planning, RO might be a more appropriate option than SLP, 

which suffers the curse of dimensionality. We perform SA to gauge the impact of uncertain probability of 

damage to electricity infrastructure. As RO works with nominal and worst-case values, it eliminates the 

need to perform SA on the probability distribution. Therefore, RO can help in obtaining a hedging strategy 

under uncertain curtailment cost. Future work aimed at refining the range of input assumptions and applying 

RO can help in developing electric sector planning strategies under conflict. 

 

Several open issues presented in Chapter 3 deserve further investigation. One is the issue of determining 

the level of temporal correlation of an uncertain parameter as data for computing correlation is limited. For 

example, to compute the correlation coefficient for industrial coal, we use the weighted average of the other 

types of coal. For future work, SA is needed for the correlation coefficients to ensure the robustness of the 

strategy. Another area of future work is iteratively improving the data and methodology used to determine 

the intervals for uncertain parameters. With more time and resources like Open EI, this part of the analysis 

can be improved further. Crowdsourcing the data collection and making the community effort to refine the 
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input data can help in defining the uncertainty set more accurately, which will increase our confidence in 

the insights provided by the RO analysis. Moreover, the robust formulation ignores the information about 

the distribution of the parameter, as it works with nominal value and deviation of the parameter. As a result, 

some technologies might have an unfair disadvantage for a chosen robust strategy. For example, if a budget 

of uncertainty is set equal to 1, the RO model selects one technology that has the highest impact on the 

objective function. The model provides a solution assuming worst-case value of that technology. As a result, 

for the US case study, light-duty electric vehicles assume worst-case value while the other uncertain 

parameters assume nominal value. Hence, the robust strategy gives an unfair disadvantage to light-duty 

electric vehicles when the budget of uncertainty is equal to 1. Furthermore, the formulation in this thesis 

only considers temporal autocorrelation for an uncertain parameter but does not consider the correlation 

between different uncertain parameters, which does exist (e.g., between fuel prices). Hence, another future 

direction is to extend the current formulation to include the correlation between different parameters. 

 

As presented in the last chapter, though ESOMs can benefit from the introduction of a methodology that 

considers consumer response, it has some limitations. One limitation is the narrow literature on quantifying 

consumer adoption of energy efficiency measures. To address this issue, performing SA on the relevant 

parameters provide valuable insights regarding the effect of efficiency crediting policy on overall system 

behavior. In recent years, multitudes of studies (Buchanan et al., 2014; Ito, 2014) have examined the 

empirical effects and biases in consumer behavior that might be relevant to the decisions related to 

investment in energy efficiency. The study of the role of these biases on decision making is an ongoing 

research area (Gillingham et al., 2006). These studies might provide more data to better characterize 

consumer response in neoclassical framework. We can apply the methodologies used in Chapter 2 and 3 to 

find hedging strategy under uncertain consumer preferences, however, nonlinear nature of EE limits their 

usage. The nonlinear nature of EE limits the size of the problem that can be solved within a reasonable 

computational time. Moreover, we have to rely on nonlinear solvers such as Ipopt for determining global 

optimality of the resulting solution. Development of new methodologies to solve the nonlinear EE model 

more efficiently is a future research direction.  

 

Lastly, parametric uncertainty stems from imperfect information for 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 (Wong-Parodi et al., 2006). Temoa considers least 

cost optimization from the perspective of a social planner. However, real energy systems involve many 

different stakeholders with competing interests and objectives. For example, due to higher capital costs the 
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model does not consider distributed rooftop solar photovoltaics (PV) to be cost-effective compared with 

centralized solar PV. However, Temoa’s simple objective function does not capture the non-monetary 

benefits that lead consumers to install rooftop solar PV. 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 (Brill et al, 

1982; DeCarolis, 2011). Other methods to systematically vary the model structure and test the effect on 

outputs of interest should also be explored. In the end, methods and approaches should be selected in a way 

that best addresses the research questions at hand, however, only a subset of results should be presented 

(Kann and Weyant, 2000). Uncertainty analysis, in general, should be used for increasing our confidence 

in the model and the results. 
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Chapter 2 

 
1 Technology representation 

The base system includes the electric generating units and transmission lines shown in Appendix Table 2.1. 

The base case assumes no conflict in South Sudan. All thermal power plants run on diesel. For simplicity, 

we assume that the investment cost, fixed and variable operations and maintenance costs, capacity factor, 

and efficiency of a technology remain unchanged for the entire time horizon. We also assume that fixed 

and variable cost for transmission lines and the variable cost for solar PV are negligible compared to their 

investment cost and therefore can be ignored. Moreover, solar PV cannot generate electricity at night and 

is thus assigned a capacity factor of zero at night. Location and status (new/existing) of the power plants, 

proposed transmission grid, all cost coefficients for proposed hydro power plants, investment and variable 

cost for thermal power plants, capacity factor and efficiency of hydro power plants, thermal power plants 

and transmission lines, and investment cost of transmission lines are taken from HATCH (2014). Fixed 

operations and maintenance costs for solar PV are considered 15% higher than given in EIA (2017). The 

investment cost of all solar PV is assumed to be 3350 $M/GW. This value is specific to Africa and is the 

average of the range of total installed cost (1820 - 4880 $/kW) (IRENA, 2015). Along with the equipment 

cost, it depends on the maturity of the domestic market, local labor, manufacturing cost, incentive levels, 

and structure.  Data for location-specific capacity factors of solar PV are obtained from average annual 

direct solar irradiation taken from (Solargis, 2017). The most recent data available for the fuel price for 

thermal generators is $1.98/liter (World Bank, 2017).   

 

Appendix Table 2.1: Technology cost and performance assumptions 
Location of the 

proposed 

power plants 

Technology 

Name a 

New or 

Existin

g (N/E) 

Starting 

year 

Variable 

cost 

($M/GWh

) 

Fixed cost 

($M/GWyr

) 

Investment 

cost 

($M/GWyr

) 

Capaci

ty 

Factor 

Efficie

ncy 

Juba SO1 N 2017 0 25 3350 0.3424 0.2 

Yambio SO2 N 2017 0 25 3350 0.3196 0.2 

Maridi SO3 N 2017 0 25 3350 0.3196 0.2 

Yei SO4 N 2017 0 25 3350 0.3196 0.2 

Kapoeta SO5 N 2017 0 25 3350 0.3424 0.2 

Torit SO6 N 2017 0 25 3350 0.3424 0.2 

Benitu SO7 N 2017 0 25 3350 0.3881 0.2 

Malakal SO8 N 2017 0 25 3350 0.3424 0.2 

Bor SO9 N 2017 0 25 3350 0.3196 0.2 

Rumbek SO10 N 2017 0 25 3350 0.3424 0.2 
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Appendix Table 2.1: (continued) 
Wau SO11 N 2017 0 25 3350 0.3881 0.2 

Kuajok SO12 N 2017 0 25 3350 0.3881 0.2 

Aweil SO13 N 2017 0 25 3350 0.4109 0.2 

Juba TH1 E 2016 0.0464 20 0 0.75 0.42 

Yambio TH2 E 2016 0.0464 20 0 0.75 0.36 

Maridi TH3 E 2016 0.0464 20 0 0.75 0.34 

Yei TH4 E 2016 0.0464 20 0 0.75 0.35 

Kapoeta TH5 E 2016 0.0464 20 0 0.75 0.34 

Tharjath TH6 N 2019 0.0399 20 1500 0.75 0.46 

Malakal TH7 E 2016 0.0464 20 0 0.75 0.37 

Bor TH8 E 2016 0.0464 20 0 0.75 0.36 

Rumbek TH9 E 2016 0.0464 20 0 0.75 0.35 

Wau TH10 E 2016 0.0464 20 0 0.75 0.34 

Palogue TH11 N 2019 0.0399 20 1500 0.75 0.48 

Bedden HY1 N 2031 0.0045 20 2500 0.3 0.9 

Shukoli HY2 N 2031 0.0070 20 1800 0.32 0.9 

Lakki HY3 N 2031 0.0022 20 2200 0.28 0.9 

Fula Rapids HY4 N 2019 0.0004 20 3700 0.65 0.9 

Wau_HPP HY5 N 2019 0.0004 20 13100 0.33 0.9 

Bedden-Juba trans_Be_J N 2017 0 0 7.8 1 0.95 

Shukoli-Juba trans_S_J N 2017 0 0 49.4 1 0.95 

Lakki-Juba trans_L_J N 2017 0 0 30 1 0.95 

Fula rapids-

Juba 

trans_F_J N 2017 0 0 26.4 1 0.95 

Juba-Yei trans_J_Y E 2016 0 0 0 1 0.95 

Juba-Torit trans_J_T N 2017 0 0 37.9 1 0.95 

Juba-Bor trans_J_B N 2017 0 0 59.6 1 0.95 

Yei-Maridi trans_Y_Ma E 2016 0 0 0 1 0.95 

Maridi-

Yambio 

trans_Ma_Ym E 2016 0 0 0 1 0.95 

Kapoeta-Torit trans_K_T E 2016 0 0 0 1 0.95 

Bor-Malakal trans_B_M N 2017 0 0 91.3 1 0.95 

Malakal-

Benitu 

trans_M_Bu N 2017 0 0 42.2 1 0.95 

Tharjath-

Benitu 

trans_Th_Bu E 2016 0 0 0 1 0.95 

Bor-Rumbek trans_B_R N 2017 0 0 86.1 1 0.95 

Rumbek-Wau trans_R_W N 2017 0 0 82.6 1 0.95 

Wau-Kuajok  trans_W_Kj N 2017 0 0 23.1 1 0.95 

Kuajok-Aweil trans_Kj_A N 2017 0 0 16.2 1 0.95 
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Appendix Table 2.1: (continued) 
Palogue-

Malakal 

trans_P_M N 2017 0 0 16.2 1 0.95 

Wau_HPP-

Wau 

trans_Wa_W N 2017 0 0 16.2 1 0.95 

a ‘SO’ indicates solar PV, ‘TH’ indicates thermal plants running on diesel, ‘HY’ indicates hydro, and ‘trans’ indicates transmission 

lines. 

 

Appendix Table 2.2 represents the region where each thermal and hydro power plant is located. For each 

region listed in Appendix Table 2.2, there are one or more demand centers. The model allows one solar PV 

installation at each of the 13 demand centers. The electric power system under consideration also has 9 

existing and 2 proposed thermal power plants as well as 5 proposed hydro power plants. Note that two of 

the biggest proposed hydro power plants (1 and 4) are located in Central Equatoria where the highest 

numbers of conflicts were observed in 2016. 
 

Appendix Table 2.2: Location of all the generators by region 

Region Thermal power plant (TH) Solar PV (SO) 
Hydro power plant 

(HY) 

 1 2 3 4 5 6 7 8 9 10 11 1 2 3 4 5 6 7 8 9 10 11 12 13 1 2 3 4 5 

Central 

Equatoria 
                             

Eastern 

Equatoria 
                             

Jonglei                              

Lakes                              
Northern Bahr-

el-Ghazal 
                             

Unity                              

Upper Nile                              

Warap                              
Western Bahr-el-

Ghazal 
                             

Western 

Equatoria 
                             

 

2 Electricity demand 

Given the new country’s challenging situation, there has not been a formal South Sudan Master Plan since 

its independence in 2011. Electricity demand is an exogenous input taken from a comprehensive 

infrastructure action plan produced by the African Development Bank Group in 2013 for South Sudan 

(AfDB, 2013). Electricity demand for each of the 13 demand locations considered for this analysis is given 

in Appendix Figure 2.1.  
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Appendix Figure 2.1: Electricity demand forecast for South Sudan, drawn from AfDB (2013). 

 
3 Damage Value Estimation 

 

3.1 Regional Conflict Rate 

The regional conflict rate (RCR) is estimated using the ACLED database (Raleigh et al., 2010), which has 

monitored the conflicts occurring in South Sudan since its independence in 2011. South Sudan is 

constitutionally divided into 10 regions. We assume that conflict occurs in each of these regions with the 

frequency values reported in Appendix Table 2.3. The frequency represents the number of conflict 

incidences recorded in a given region during year 2016. 

 

Appendix Table 2.3: Regional conflict rate (RCR) calculated from frequency of conflict incidences in 

2016 for 10 states in South Sudan (Raleigh et al., 2010). 

Regions Abbreviation Regional 

Conflict Rate 

(RCR) 

Frequency 

Central Equatoria CE 0.298 268 

Eastern Equatoria EE 0.0855 77 

Jonglei J 0.0989 89 

Lakes L 0.0411 37 

Northern Bahr-el-Ghazal NB 0.0311 28 

Unity U 0.106 95 

Upper Nile UN 0.0767 69 

Warap W 0.0378 34 

Western Bahr-el-Ghazal WB 0.123 111 

Western Equatoria WE 0.102 92 

3.2 Damage Rate 

For hydro and thermal power plants, the damage rate (DR) represents the fractional increase in the fixed 

operations and maintenance cost (FOM) equivalent to the annual payment on investment cost. The increase 
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in FOM or decrease in CF remains in effect for 5-year time period. The investment cost (IC) is amortized 

over 30 years with a 3% discount rate (𝑟). The following example illustrates the calculation of DR for a 

thermal power plant, 𝐷𝑅p#, with an investment cost (IC) of $1500 million/GW and FOM of $20 

million/GW-yr 

 

𝐷𝑅 =	
@𝐹𝑂𝑀 + 𝐼𝐶 ç 𝑟

(1 − (1 + 𝑟)8$)éE

𝐹𝑂𝑀  

𝐷𝑅p# =	
@20 + 1500 ç 0.03

(1 − (1 + 0.03)8nÚ)éE

20  

𝐷𝑅p# = 4.83 

 

Similarly, due to the distributed nature of solar PV, we assume that 𝐷𝑅¾& is the rate of increase in FOM 

equivalent to 10% of the annual payment on investment. For solar PV with an investment cost (IC) of $3350 

million/GW and FOM of $25 million/GW-yr, 𝐷𝑅¾& is calculated as follows: 

 

𝐷𝑅¾& =	
@20 + 0.1 × 3550 ç 0.03

(1 − (1 + 0.03)8nÚ)éE

25  

𝐷𝑅p# = 1.68 

 

In the event of damage to generators, Appendix Table 2.4 shows the estimated increase in FOM represented 

as the equivalent increase in investment cost and decrease in CF for each power plant, calculated using the 

three methods: Regional Damage, Intensified Regional Damage, and Maximum Damage. TH1, TH4, SO1, 

SO4, HY1 and HY3 are located in Central Equatoria where maximum conflict incidences are recorded in 

2016. Hence, these power plants observe the highest increase in FOM and decrease in CF during conflict. 
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Appendix Table 2.4: EFOM represents percent equivalent increase in investment cost while 𝐸𝐶𝐹 

represents equivalent percent of capacity factor remaining for each power plant after damage. EFOM and 

ECF for Regional damage ≤ Intensified regional damage ≤ Maximum damage. ‘SO’ indicates solar PV, 

‘TH’ indicates thermal plants running on diesel, ‘HY’ indicates hydro power plant. 
  Equivalent capital cost increase Capacity factor change 

Power plant 
a Region 

Regional 

Damage 

Intensified 

Regional 

Damage 

Maximum 

damage 

Regional 

Damage 

Intensified 

Regional 

Damage 

Maximum 

damage 

Thermal Juba  0.31   1.00   1.00   0.78   0.10   0.10  

Thermal Yambio  0.09   0.28   1.00   0.94   0.75   0.10  

Thermal Maridi  0.09   0.28   1.00   0.94   0.75   0.10  

Thermal Yei  0.31   1.00   1.00   0.78   0.10   0.10  

Thermal Kapoetta  0.09   0.31   1.00   0.93   0.72   0.10  

Thermal Tharjath  0.08   0.26   1.00   0.94   0.77   0.10  

Thermal Malakal  0.08   0.27   1.00   0.94   0.76   0.10  

Thermal Bor  0.17   0.55   1.00   0.88   0.51   0.10  

Thermal Rumbek  0.07   0.24   1.00   0.95   0.79   0.10  

Thermal Wau  0.13   0.41   1.00   0.91   0.63   0.10  

Thermal Palouge  0.08   0.27   1.00   0.94   0.76   0.10  

Hydro Bedden  0.25   0.97   1.00   0.78   0.10   0.10  

Hydro Shukoli  0.08   0.30   1.00   0.93   0.72   0.10  

Hydro Lakki  0.26   1.00   1.00   0.78   0.10   0.10  

Hydro Fula Rapids  0.09   0.35   1.00   0.93   0.72   0.10  

Hydro Wau  0.12   0.48   1.00   0.91   0.63   0.10  

Solar Juba  0.06   0.10   0.10   0.98   0.90   0.90  

Solar Yambio  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Maridi  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Yei  0.06   0.10   0.10   0.98   0.90   0.90  

Solar Kapoeta  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Torit  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Bentiu  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Malakal  0.02   0.03   0.10   0.99   0.97   0.90  

Solar Bor  0.03   0.05   0.10   0.99   0.95   0.90  

Solar Rumbek  0.01   0.02   0.10   0.99   0.98   0.90  

Solar Wau  0.02   0.04   0.10   0.99   0.96   0.90  

Solar Kuajok  0.01   0.02   0.10   1.00   0.98   0.90  

Solar Aweil  0.01   0.02   0.10   1.00   0.98   0.90  
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Chapter 3 

 
This Appendix is a collective work of everyone involved in the Temoa team. This documentation describes 

the inputs and assumptions to the US energy system model. In this document, an overview of the database 

is given. In sections 1, 2, 3, and 4, sector-specific inputs and assumptions are presented. In section 5 we 

expand on cross-sectoral issues. The section, 6, describes the Power to X formulation and the last section, 

7, describes the biomass representation. 

 

1 An overview of the database 

This database is mostly structured on the US EPA MARKAL database (USEPA) (Lenox, et al., 2013) and 

US NREL ReEDs database (Eurek et al., 2014). It includes residential, commercial, transportation, 

industrial and electric sectors. The model time horizon spans from 2017 to 2050, with 5-year time periods. 

To represent seasonal and diurnal variations in energy supply and demand, the model must perform energy 

commodity balances across a set of time slices that represent different combinations of seasons and times 

of day. In the input database used in this analysis, we represent three seasons (summer, winter, intermediate) 

and four times of times of day: AM (6AM - 12PM), peak (12PM - 3PM), PM (3PM - 9PM), and night (9PM 

- 6AM). 

 

The end-use sectors (residential, commercial, transportation and industrial sectors) include demand 

technologies that convert secondary energy carriers (e.g., electricity, natural gas, liquid fuels) into useful 

energy services (e.g., space heating, space cooling, vehicle miles traveled). These energy service demands 

are specified exogenously and are drawn from the USEPA database. For example, the residential sector 

includes demands for space heating, space cooling, water heating, freezing, refrigeration, lighting, and 

miscellaneous electricity for appliances. 

 

Data on existing capacities of technologies in the residential, commercial and transportation sectors as well 

as their techno-economic parameters are drawn from the USEPA (Lenox, et al., 2013). These parameters 

include overnight investment costs, conversion efficiencies and technology lifetime. Existing capacities 

data on electric sector technologies are drawn from 2018 EIA data. Instead of using USEPA data on 

industrial sector, we developed a more simplified model of industrial sector. Finally, instead of modeling 

regional extraction and transport of fossil fuels such as natural gas, coal and liquid fuels we simply define 

import technologies for these fuels and specify a price for them drawn from the table 6.2.B and 6.2.C of the 

EIA Electric Power Monthly (EIA, February 2017). Other electric sector data and assumptions are 

described in Section 2. 
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Fuel prices are exogenous to the model and are taken from the AEO 2018 Outlook (AEO, 2018). While we 

make the simplifying assumption that fuel prices are not responsive to endogenous changes within the 

model, retrospective analysis indicates that there is considerable uncertainty associated with the projection 

of future fuel prices (AEO, 2018). 

 

1.1 Electric sector 

The electric sector modeled in this analysis includes a representation of existing and new generation 

technologies. Thermal power plants include coal-fired steam, integrated gasification combined-cycle 

(IGCC) with and without carbon capture and storage (CCS), oil-based steam plants, natural gas steam 

plants, open cycle and combined-cycle natural gas turbines with and without CCS, and light water nuclear 

reactors. Renewable sources include conventional hydro, solar photovoltaics, concentrating solar thermal, 

wind, biomass IGCC, and geothermal. In addition to these electric generating technologies, the model 

represents air pollution retrofit technologies for NOx removal, including low NOX burners (LNB), selective 

catalytic reduction (SCR), and selective non-catalytic reduction (SNCR). In addition, flue gas 

desulfurization (FGD) can remove SO2 associated with coal-fired generation. 

 

In sections 2.1 through section 2.6, we expand on our assumptions and modeling approach to the electric 

sector. The rest of the input parameters not discussed here, are exactly similar to that of the USEPA. 

 

1.1.1 Investment costs of electric sector technologies 

Investment costs of electric sector technologies are drawn from the mid scenario of the National Renewable 

Energy Laboratory (NREL) Annual Technology Baseline (ATB) 2018 (Cole, et al., 2018). Representative 

plants for solar are single axis tracking with capacity of 100 MW or higher. All wind classes are specified 

with the techno-resource group 4 of ATB.  

 

1.1.2 Renewable energies representation 

 

1.1.2.1 Solar 

For US energy system, we defined one utility-scale photovoltaic (UPV), one distributed photovoltaic (DPV) 

and one solar thermal (STH) technology. UPV and DPV capacity factors come from NREL’s National 

Solar Radiation Database (NSRDB) (Habte and Sengupta, 2017), which are also used in the ReEDS model 

(Furek, et al., 2016). NREL’s study represents UPV potential sites in the US based on multiple criteria for 

appropriate sites (Habte and Sengupta, 2017). This resource potential is based on large parcels of land 

outside of urban areas, excluding federally protected lands, roadless areas, areas of environmental concern, 
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and excluding areas with a slope greater than 5%. UPV modules are based on a 100MW and array densities 

of 39. DPV representation includes fixed tilt systems with a tilt equal to latitude from simulated solar data 

at 6,000 simulated PV plants (Habte and Sengupta, 2017). 

 

The NREL’s database provides 5-minute power output data for each of these site in their respective states 

(Habte and Sengupta, 2017). The 5-minute power output data is used to calculate the average capacity 

factors for each time slice. STH capacity factors are drawn from the USEPA by averaging capacity factors 

of various solar thermal classes and cost categories (Lenox, et al., 2013). STH classes defined in USEPA 

are class 1 to class 5, and each class includes 5 different cost categories. Thus, there are 25 different STH 

technologies, and each technology is represented by an upper bound that indicates available capacities from 

the technology (Lenox, et al., 2013). By performing a weighted-average across all the 25 technologies, we 

are able to calculate the STH capacity factors. Appendix Table 3.1 to 3.3 show DC capacity factors of solar 

technologies. In the database, we multiply the investment cost and capacity factor of solar technologies by 

a factor of 1.3 to convert the numbers from DC to AC.  

 

Appendix Table 3.1: UPV capacity factors 
Time Slice Fraction of Year US 
Intermediate-AM* 0.082 0.49 
Intermediate-Peak* 0.003 0.68 
Intermediate-PM* 0.096 0.40 
Intermediate-Night* 0.153 0.00 
Summer-AM* 0.098 0.50 
Summer-Peak* 0.003 0.66 
Summer-PM* 0.109 0.43 
Summer-Night* 0.125 0.01 
Winter-AM* 0.082 0.30 
Winter-Peak* 0.003 0.51 
Winter-PM* 0.109 0.24 
Winter-Night* 0.138 0.00 
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Appendix Table 3.2: DPV capacity factors 

Time Slice Fraction of Year US 
Intermediate-AM* 0.082 0.26 
Intermediate-Peak* 0.003 0.33 
Intermediate-PM* 0.096 0.02 
Intermediate-Night* 0.153 0 
Summer-AM* 0.098 0.28 
Summer-Peak* 0.003 0.4 
Summer-PM* 0.109 0.05 
Summer-Night* 0.125 0 
Winter-AM* 0.082 0.16 
Winter-Peak* 0.003 0.24 
Winter-PM* 0.109 0 
Winter-Night* 0.138 0 

 

Appendix Table 3.3: STH capacity factors 

Time Slice Fraction of Year US 
Intermediate-AM* 0.082 0.46 
Intermediate-Peak* 0.003 0.46 
Intermediate-PM* 0.096 0.46 
Intermediate-Night* 0.153 0.23 
Summer-AM* 0.098 0.46 
Summer-Peak* 0.003 0.46 
Summer-PM* 0.109 0.46 
Summer-Night* 0.125 0.23 
Winter-AM* 0.082 0.46 
Winter-Peak* 0.003 0.46 
Winter-PM* 0.109 0.46 
Winter-Night* 0.138 0.23 

 

Similar to NREL’s study (Furek, et al., 2016), we specify minimum capacity constraints on DPV 

deployments through 2050. Minimum capacity values were obtained from NREL’s dSolar model (Gangron 

and Sigrin, 2016). The Solar’s output provides projections of the amount of distributed solar capacity on a 

state-by-state basis which is aggregated for the US energy system database. In this execution, the sum of 

state data in the contiguous US was used. Appendix Table 3.4 shows minimum capacity values from DPV. 

 

Appendix Table 3.4: Solar outputs of the DPV deployments across the regions (GW) 
Region 2020 2025 2030 2035 2040 2045 2050 

US 29.026 32.3545 6.1082 98.4844 154.3957 178.5226 178.5226 
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Capacity credit of renewable technologies change with the renewable penetration the energy system. To 

ensure safe and reliable supply of electricity, we reduce the capacity credit of solar PV technologies with 

increasing share in electricity generation. We do not have an ability to specify capacity credit as a function 

of renewable penetration in Temoa. But we know that the renewable share increases as a function of time 

period. Hence, we add a time period index while representing the capacity credit of all the technologies.  

 

For solar PV, we use the capacity credit provided by (Frew et al., 2017) as shown in Appendix Figure 3.1.  

 

 
Appendix Figure 3.1: reference for capacity credit for solar PV as a function of renewable share 

 

1.1.2.2 Wind 

We use USEPA to represent wind resources in our database (Lenox, et al., 2013). Depending on availability 

of wind resources, various wind classes are defined along with an upper bound on each class. If a particular 

class represents less than 5% of total wind capacity potentials in USEPA, it is not defined in our database, 

Appendix Table 3.5. The capacity factors of the wind classes are taken from the USEPA 

 

Appendix Table 3.5 : Maximum wind capacities (GW) 
 Wind Class 1 Wind Class 2 Wind Class 3 Wind Class 4 Wind Class 5 

US 272.27 30.96 62.03 119.67 81.89 
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For the capacity credit of wind resources, we refer to the Appendix Figure 3.2 given in (Voorspools and 

D'haeseleer, 2006). It gives the capacity credit as a function of wind share in electricity generation and 

capacity factor of wind. 

 

 
Appendix Figure 3.2: reference for capacity credit of wind as a function of wind share and capacity factor 

 

We use the same methodology used above and interpolate the capacity credit of wind resources depending 

on the capacity factor of wind during summer peak time slice.  

 

We use the following Appendix Table 3.6 to for computing the capacity credit depending on capacity factor. 

If the capacity factor during summer peak time slice is 29% then we use the nearest capacity factor value 

given in the above Appendix Figure 3.2. The capacity credit values for wind are given in Appendix Table 

3.7. 
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Appendix Table 3.6: capacity credit values from Appendix Figure 3.2 (Voorspools and D'haeseleer, 

2006). 
Capacity 

factor 

2017 2020 2025 2030 2035 2040 2045 2050 

30% 0.37 0.3 0.23 0.2 0.18 0.16 0.15 0.15 

20% 0.25 0.2 0.16 0.14 0.12 0.11 0.1 0.1 

40% 0.51 0.41 0.33 0.26 0.23 0.22 0.2 0.2 

 

Appendix Table 3.7: capacity credit for wind resources in the US database 
 

Capacity 

factor 

2017 2020 2025 2030 2035 2040 2045 2050 

E_WNDCL1_N 0.29 0.36 0.29 0.22 0.19 0.17 0.15 0.15 0.15 

E_WND_R 0.319 0.39 0.32 0.24 0.21 0.19 0.17 0.16 0.16 

E_WNDCL2_N 0.35517628 0.45 0.36 0.29 0.23 0.20 0.20 0.18 0.18 

E_WNDCL3_N 0.38335085 0.49 0.39 0.32 0.25 0.22 0.21 0.19 0.19 

E_WNDCL4_N 0.40258031 0.51 0.41 0.33 0.26 0.23 0.22 0.20 0.20 

E_WNDCL5_N 0.43400617 0.55 0.44 0.36 0.28 0.25 0.24 0.22 0.22 

 

1.1.4 Capacity reserve margin 

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 (NERC, 2009). The capacity 

reserve requirement ensures that peak demand plus the desired reserve can be met at all times, thereby 

maintaining system reliability. Equation 1 defines the constraint for the period 𝑝: 

 

]𝐶𝐶= × 𝐂𝐀𝐏𝐀𝐕𝐋$,= × 𝐶2𝐴= × 𝑆𝐸𝐺-
∗,Ô∗ ≥ (1 + 𝑅𝐸𝑆) ×]𝐀𝐂𝐓$,-∗,Ô∗,=

=∈p=∈p

 (1) 

 

Where 𝑡 denotes the electricity generating technologies in a set 𝑇, (𝑠∗, 𝑑∗) indicates the peak-load time-

slice, 𝐶𝐶=  and 𝐶2𝐴=  are technology-specific capacity credit and conversion factor between capacity and 

activity respectively, 𝑆𝐸𝐺-∗,Ô∗ represents the fraction of peak-load time-slice as a fraction of year and 𝑅𝐸𝑆 

is the region-specific reserve margin. 𝐂𝐀𝐏𝐀𝐕𝐋$,= and 𝐀𝐂𝐓$,-∗,Ô∗,=  are the two decision variables in the 

inequality. 𝐂𝐀𝐏𝐀𝐕𝐋$,= indicates total available capacity from technology 𝑡 in period 𝑝, and 𝐀𝐂𝐓$,-∗,Ô∗,=  

indicates activity of technology 𝑡 in the peak time-slice (𝑠∗, 𝑑∗) of period 𝑝.  
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While NERC minimum reserve margins vary from 12% to 18% (NERC, 2017), we assume a uniform 15% 

reserve rate. Having said that, due to coarse representation of time-slices, our model inherently 

underestimates peak demand. Our model estimation of summer peak-load for the base year (2017), is 645 

GW, while the actual non-coincident peak in summer 2017 has been 20% higher, around 776 GW. To close 

the gap between our estimate of peak demand and actual peak demand and meet the minimum reserve 

margin requirement on the other hand, we assume 𝑅𝐸𝑆 in equation 1 is 35%.  

 

Another important parameter in Equation 1 is the technology-specific capacity credit. Capacity credit 

indicates the contribution of non-dispatchable technologies to meeting electricity demand at peak-load time 

(IEA, 2011). Dispatchable generators, such as coal or natural gas, usually have 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. In the 

current database, we used a 5% capacity credit for UPV and DPV, a 20% value for all wind technologies 

and 100% for the rest of the technologies.  

 

1.1.5 Renewable portfolio standards 

State-level renewable portfolio standards (RPSs) are included in our regional dataset in the form of 

minimum production from renewables. Total state-level electricity generation from renewables are drawn 

from the AEO 2018 input assumptions (Assumptions to AEO, 2018) and are then aggregated into national 

level, Appendix Table 3.8. Since the goal of an RPS is to increase the deployment of new renewable 

technologies, most states restrict existing hydro plants from counting towards the RPS target. The fractions 

of total hydro generation that counts towards region-specific RPS constraints, are shown in Appendix Table 

3.8. The shares are obtained from the USEPA (Lenox, et al., 2013).  

  

Appendix Table 3.8: Minimum generation from renewable energies (RPS) 
 Renewable hydro (as a 

% of regions’ total 

hydro)  

2020 2025 2030 2035 2040 2045 2050 

US 37.3 207.72 230.04 252.36 272.88 293.4 313.56 333.72 

 

1.1.6 Cross-State Air Pollution Rule 

Cross-State Air Pollution Rule (CSAPR) limits SO2 and NOx emissions from the electric sector in 22 mostly 

eastern states (EPA-CSAPR). 2017 State-level budgets for SO2 and NOx are gathered and are then 

aggregated into national levels. We use 2017 emission budgets to cap SO2 and NOx emissions from 2017 

to 2050 (EPA-CSAPR).  
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1.1.7 Hydrogen combustion 

Hydrogen at 100 bar pressure (H2_100) can be burnt to produce electricity. We introduced a technology 

E_H2CC_N which has the same techno-economic parameters as E_NGAACC_N. The only difference 

between the two is that E_H2CC_N doesn’t have any emissions. 

 

Appendix Table 3.9: Techno economic parameters for hydrogen combustion to produce electricity 

 period/vintage E_H2CC_N 

efficiency all periods 53.0 

CAPEX Mil. $/GW 2020 1048.44 

 2025 1024.69 

 2030 1001.07 

 2035 983.36 

 2040 966.43 

 2045 950.07 

 2050 927.08 

FOM Mil. $/GW-yr all periods/vintages 9.73 

Cost, variable Mil. $/PJ  0.54 

Lifetime (year)  40 

Discount rate  6% 

 

1.2 Transportation sector 

In the current database, similar to the USEPA (Lenox, et al., 2013), E10 and E85 are each represented as 

fuels, as well as a range of transportation technologies that can utilize them. E10 is defined as an up to 10% 

ethanol blend and is most commonly found to be 10% ethanol. However, E85 is defined as a blend of 55 to 

83% ethanol, varying seasonally based on weather.  

 

1.2.1 Modeling of ethanol E10 and E85 

Our modeling of E85 differs from the USEPA in that E85 blends in the database are represented as 55% 

minimum ethanol and 17% minimum gasoline. The blend ratio will then be determined based on the cost 

of the respective fuels and/or emissions data. In addition, we explicitly represent two main sources of 

ethanol, corn-based ethanol and cellulosic ethanol. The motivation for such a representation is due to 

Energy Independence and Security Act of 2007 (EISA) specification of where biomass must be sourced 

(U.S. Congress, 2007). The EISA addresses fuel economy and energy efficiency standards, but also 

incorporates biofuel requirements. It requires the use of “renewable biomass” to produce renewable fuels. 

Feedstocks sourced from new farmland cultivated after December 2007, tree crops and tree residues, federal 

lands, or rangeland are all excluded from the “renewable biomass” designation (U.S. Congress, 2007). This 
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constrains the land available for the production of biofuels. The EISA updates the renewable fuels standards 

(RFS) with annual biofuel requirements, culminating in requiring at least 36 billion gallons of biofuels to 

be used in the US by 2022 (U.S. Congress, 2007).  Additionally, by 2022, at least 16 billion gallons of this 

must be supplied by cellulosic biofuels and a cap of 15 billion gallons is placed on corn-based biofuel (U.S. 

Congress, 2007). Appendix Figure 3.3 shows processes and commodities involved in producing E10 and 

Appendix Table 3.10 defines the notations used in Appendix Figure 3.3. E85 has a similar chain, except 

T_BLND_ETHGAS_E10 is replaced by T_BLND_ETHGAS_E85. 

 

 
Appendix Figure 3.3: Processes and commodities defined for E10 production. E85 has a similar chain, 

except T_BLND_ETHGAS_E10 is replaced by T_BLND_ETHGAS_E85. 

 
Appendix Table 3.10: Description of notations used in Appendix Figure 3.3 

Name Description Designation 

IMPTRNETH_CO Import of corn-based ethanol to system Technology 

IMPTRNETH_CE Import of cellulosic ethanol to system Technology 

ETH_CORN Corn-based ethanol Commodity 

ETH_CEL Cellulosic ethanol Commodity 

T_BLND_ETH “Dummy” technology that blends different ethanol sources Technology 

ETH Pure ethanol representing total mix of ethanol in system Commodity 

GAS Pure gasoline Commodity 

T_BLND_ETHGAS_E10 Blending of ethanol and gasoline to produce E10 Technology 

T_BLND_ETHGAS_E85 Blending of ethanol and gasoline to produce E85 Technology 

 

We added constraints with regard to corn ethanol, cellulosic ethanol, and total ethanol values. For the 

purposes of the model, the EISA corn-biofuel cap was applied exclusively to ethanol, though biodiesel is 

also considered a renewable fuel. The bio-based diesel requirement includes a minimum of 1 billion gallons 

by 2012, representing 2.8% of the total standard (U.S. Congress, 2007). Values for the 2015, 2020, and 
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2025 time periods are included in Appendix Table 3.11. Except for the maximum total ethanol use 

constraint that reflects land availability, the rest of the constraints come from the EISA (U.S. Congress, 

2007). Numerous scenarios of land availability were considered when designing the maximum total ethanol 

use constraint, ranging from converting all existing cropland in 2007 to biofuel feedstocks to the use of 

only residual lands for feedstock production. Residual lands are abandoned or degraded cropland, typically 

not suitable for typical food crops (Cai et al., 2010). The implemented land constraint is based on current 

ethanol production, plus the addition of minimum estimated residual lands on which biofuel feedstocks 

could be grown at a minimum yield value (Cai et al., 2010; Hay, 2015; National Agricultural Statistics 

Service, 2016). This produced a total biofuel potential of 42 million gallons per year – the current 14 billion 

gallons plus an additional 32 billion from residual lands. 

 

Appendix Table 3.11: Constraints imposed on ethanol use. Numbers are in PJ. 

Year 

Minimum cellulosic 

ethanol use 

Maximum corn-

based ethanol use 

Minimum total 

ethanol use 

Maximum total 

ethanol use (land 

constraint) 

2015 240.6 1203.0 1644.1 3689.0 

2020 842.1 1203.0 2406.0 3689.0 

2025 1283.2 1203.0 2887.2 3689.0 

Note: The 2025 time period reflects the federal government requirements to be implemented by 2022. 

The 2025 values are maintained for all of the subsequent time periods. The energy content of each 

ethanol type was assumed the same and equal to 80.2 MJ/gallon (Lenox, et al., 2013). 

 

Similar to other fuels in our database, ethanol and gasoline prices are taken from the AEO 2018 (AEO, 

2018). Ethanol cost data reflects the wholesale ethanol prices. However, in the AEO, gasoline is described 

as “motor gasoline”. Based on EIA definitions, this is not strictly pure gasoline but includes “conventional 

gasoline, all types of oxygenated gasoline, including gasohol; and reformulated gasoline” (AEO, 2018). 

Thus, this cost data does not represent a pure, wholesale price for gasoline. 

 

1.2.2 Modeling of jet fuel and biodiesel 

Our modeling of jet fuel and biodiesel production is given below. We have 7 different types of biomass that 

are fed into various process to produce bio jet fuel and biodiesel. The abbreviations used for the biomass 

commodities is given in Appendix Table 3.12. 
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Appendix Table 3.12: Biomass related commodities 

Commodity name in Temoa description 

STV Corn Stover 

ECW Energy Crops (Woody) 

FSR Forest Resources 

UWW Urban wood waste 

AGR Agricultural Residues 

ECG Energy Crops (Grass) 

ECA Energy Crop (Annual) - Sorghum 

SOY Soybeans 

FISCH_TROP Fischer-Tropsch process 

HEFA Hydro processed esters and Fatty acids 

 

1.2.2.1 Description: 

Considering the current feedstocks and processes in the EPA (and Temoa) database, two methods of bio jet 

fuel production can be incorporated into the model. In addition, biodiesel and cellulosic ethanol production 

has also been incorporated. The structure of the process as incorporated in the US database is shown in 

Appendix Figure 3.4. 

 

 
Appendix Figure 3.4: Structure of bio jet fuel and biodiesel production in Temoa 

 
1.2.2.1.1 Fischer-Tropsch (FISCH_TROP) process 

Woody biomass is passed through a gasifier. The resultant syngas is then transformed into hydrocarbons 

by means of the Fischer-Tropsch process as follows: 

 

(2n + 1) H2 + n CO → CnH2n+2 + n H2O 
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The hydrocarbons are then processed to produce jet fuel and biodiesel, of roughly the same quality as 

conventional jet fuel and diesel. 

 

In the database, ECW, UWW and FSR are blended using the tech BLEND_WOODY to produce a 

commodity, WOODY_BIO, which is then fed to the FISCH_TROP process to produce BIOJTF and 

BIODSL, since the techno-economic data of FISCH_TROP is for a lignocellulosic biomass feedstock. 

 

1.2.2.1.2 Hydro-processed esters and fatty acids (HEFA) and Transesterification (TRANSEST) 

Soybeans (SOY) are hydrotreated (treated with hydrogen), then isomerized through a cracking process, and 

subsequently refined to produce gasoline, jet fuel, diesel and various other light hydrocarbons (naphtha 

etc.). 

 

This process has been commercially implemented, with lots of companies producing HEFA jet fuel for 

aviation use. It is ASTM certified, and allows for a maximum of 50% of bio-jet fuel to be blended with 

conventional jet fuel. Hence there is a TechInputSplit of 0.5 associated with the blending technology 

BLEND_BIOJTF_JTF which blends bio-jet fuel and imported jet fuel.  

 

In the database, SOY is imported from ethos, then fed to HEFA. It produces both BIOJTF and BIODSL. 

The other products are ignored, since it is assumed that the process conditions are tailored to favor biodiesel 

and bio-jet fuel production. 

 

Conventionally, biodiesel has been produced from vegetable oils using the transesterification process. Since 

the same feedstocks are used for both transesterification and HEFA, both processes are linked using a 

common feedstock (SOY). In this database, BIODSL is also produced using TRANSEST. Techno-

economic parameters for the above mentioned processes are given in Appendix Table 3.13 and 3.14. 
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Appendix Table 3.13: Techno-economic data for FISCH_TROP AND HEFA 

Parameter FISCH_TROP HEFA Unit Source 

Efficiency 50% 84%  (GREET, 2018; de Jong, 2018) 

Emissions CO2 3.67 19.47 g/MJ (GREET, 2018) 

NOx 0.02329 0.0142 g/MJ (GREET, 2018) 

SOx 0.00571 0.0038 g/MJ (GREET, 2018) 

Investment cost 137.46 76.63 M$/PJ (Pavlenko et al., 2019; Bann et al., 2017; de 

Jong, 2018; Wormslev, 2016) 

Fixed cost 16.37 10.16 M$/PJ (Pavlenko et al., 2019; Bann et al., 2017; de 

Jong, 2018; Wormslev, 2016) 

Variable cost 5.52 5.52 M$/PJ (Pavlenko et al., 2019; Bann et al., 2017; de 

Jong, 2018; Wormslev, 2016) 

LCOE   ¢/kWh jet 

fuel 

 

 

Appendix Table 3.14: Techno-economic data for TRANSEST 

Parameter FISCH_TROP HEFA Unit Source 

Efficiency 90% 84%  (Huang et al., 2016) 

Emissions CO2 7.22 19.47 g/MJ (GREET, 2018) 

NOx 0.0369 0.0142 g/MJ (GREET, 2018) 

SOx 0.00242 0.0038 g/MJ (GREET, 2018) 

Investment cost 29.1 76.63 M$/PJ (Huang et al., 2016) 

Fixed cost 2.59 10.16 M$/PJ (Huang et al., 2016) 

Variable cost 4.39 5.52 M$/PJ (Huang et al., 2016) 

LCOE   ¢/kWh jet 

fuel 

 

 

1.2.2.1.3 Production of cellulosic ethanol from corn stover (CELL_ETH_SYN) 

Appendix Figure 3.5 below shows the process for ethanol production. 
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Appendix Figure 3.5: Structure of ethanol production in Temoa 

The corn stover biomass (STV) is fed to the CELL_ETH_SYN technology, which includes a gasifier. The 

resultant syngas is then cleaned and passed through a catalyst bed at high temperatures to produce cellulosic 

ethanol (ETH_CEL). ETH_CEL is then mixed with imported cellulosic ethanol and with imported corn 

ethanol (ETH_CORN) to produce Ethanol (ETH), which is then used to produce E10 or E85 blends. 

Techno-economic parameters for the ethanol production are given in Appendix Table 3.15. 

 

Appendix Table 3.15: Techno-economic data for ethanol 
Parameter FISCH_TROP HEFA Unit Source 

Efficiency 52% 84%  (Luo et al., 2009) 

Emissions CO2 15.16 19.47 g/MJ (GREET, 2018) 

NOx 0.03549 0.0142 g/MJ (GREET, 2018) 

SOx 0.126 0.0038 g/MJ (GREET, 2018) 

Investment cost 99.68 76.63 M$/PJ (Zhao et al., 2015) 

Fixed cost 24.57 10.16 M$/PJ (Zhao et al., 2015) 

Variable cost 9.67 5.52 M$/PJ (Zhao et al., 2015) 

LCOE   ¢/kWh jet 

fuel 

 

  

1.2.2.2 Calculations 

 
1.2.2.2.1 HEFA 

Density of jet fuel = 0.804 kg/l  

Energy content of jet fuel = 44 MJ/kg (GREET, 2018) 

Discount rate = 6% 
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From (de Jong, 2018), Investment cost = 560 million $/500 ton of jet fuel production per day (average of 

265 and 855 M$) 

 

Total energy generated in a year = (0.5 x 106 kg) x 365 Ô�/-
/Õ�Ñ

 x 44 [0
F1

= 8030 TJ   

⇒ ;3Ú	�	AÚ4	$

6ÚnÚ	p0	�	AÚ7		89:9
 = 69.738 [$

f0
 

Converting to 2018 dollars, 

Investment cost = 
3;.<n6	=$89
Ú.;A

= 76.64 [$
f0

 

 

Fixed cost = 10.2 % of Investment cost + Labor + Waste disposal 

     = 0.102 * 69.738 + (0.65+1.26) €
?0

* 1.12     

 (1.12 = conversion factor from euros to dollars) 

     = 9.25 [$
f0

 

Converting to 2018 dollars, 

Fixed cost = 
;.m;	=$89
Ú.;A

= 10.16 [$
f0

 

 

Variable cost = Electricity + Catalyst + Hydrogen + Natural gas 

            = (0.59+0.51+0.46+2.92) €
?0

*1.12  

    = 5.02 [$
f0

 

Converting to 2018 dollars, 

Variable cost = 
;.Úm	=$89
Ú.;A

= 5.52 [$
f0

 

 

1.2.2.2.2 Fischer-Tropsch 

From (de Jong, 2018), Investment cost = 1004.5 M$/500 ton jet fuel (average of 434 and 1575 M$) 

Total energy generated in a year = (0.5 x 106 kg) x 365 Ô�/-
/Õ�Ñ

 x 44 [0
F1

= 8030 TJ   

⇒ AÚÚ@.;	�	AÚ4	$

6ÚnÚ	p0	�	AÚ7		89:9
 = 125.09 [$

f0
 

Converting to 2018 dollars, 

Investment cost = 
Am;.Ú;	=$89
Ú.;A

= 137.46 [$
f0
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Fixed cost = 10.2 % of Investment cost + Labor + Waste disposal 

     = 0.102 * 125.09 + (0.65+1.26) €
?0

* 1.12     

 (1.12 = conversion factor from euros to dollars) 

     = 14.899 [$
f0

 

Converting to 2018 dollars, 

Fixed cost = 
A@.6;;	=$89
Ú.;A

= 16.37 [$
f0

 

Variable cost for FT is the same as that of HEFA. 

 

1.2.2.2.3 Cellulosic ethanol 

Density = 0.79 kg/l (Biofuels FactSheet) 

Energy content = 26.8 MJ/kg (Biofuels FactSheet) 

From (Zhao et al., 2015), Total Capital Investment = 7.26 $/gallon 

 

⇒ 7.26 $
1�A	/Ñý�

x A	1�AAÒÊ
n.<6	A0=

x A	A0=
Ú.<;	F1

x A	F1
m3.6	[0

 

= 0.09071 $
[0

 

= 90.71 [$
f0

 

Converting to 2018 dollars, 

Investment cost = 
;Ú.<A	=$89
Ú.;A

= 99.68 [$
f0

 

 

Fixed cost = 1.79 $/gallon 

⇒ 1.79 $
1�A	/Ñý�

x A	1�AAÒÊ
n.<6	A0=

x A	A0=
Ú.<;	F1

x A	F1
m3.6	[0

 

= 0.02236 $
[0

 

= 22.36 [$
f0

 

Converting to 2018 dollars, 

Fixed cost = 
mm.n3	=$89
Ú.;A

= 24.57 [$
f0

 

 

Variable cost = 0.71 $/gallon 
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⇒ 0.71 $
1�A	/Ñý�

x A	1�AAÒÊ
n.<6	A0=

x A	A0=
Ú.<;	F1

x A	F1
m3.6	[0

 

= 0.0088 $
[0

 

= 8.8 [$
f0

 

Converting to 2018 dollars, 

Variable cost = 
6.6	=$89
Ú.;A

= 9.67 [$
f0

 

 

1.2.2.2.4 Transesterification 

Density of biodiesel = 0.874 kg/l (Biodiesel) 

Energy content = 37.8 MJ/kg (Energy content) 

Lifetime = 20 years 

 

From (Huang et al., 2016), Investment cost = 84 M$ / 96 million liters of biodiesel production per year 

 

Total energy generated in a year = 96 * 106 A0=ÑÕ-
/Ñ

 x 0.874 F1
A0=

 x 37.8 [0
F1

= 3.171 f0
/Ñ

   

 

⇒ 6@		[$

n.A<A	89BC
 = 26.49 [$

f0
 

Converting to 2018 dollars, 

Investment cost = 
m3.@;	=$89
Ú.;A

= 29.1 [$
f0

 

 

Fixed cost = Labor + capital depreciation 

         = (3.5 + 4) [$

n.A<A	89BC
 

         = 2.36 [$
f0

 

Converting to 2018 dollars, 

Fixed cost = 
m.n3	=$89
Ú.;A

=2.59 [$
f0

 

 

Variable cost = Other chemical costs + Utilities + Supplies + General Works 

      = (6.5 + 4 + 1.3 + 0.9) [$

n.A<A	89BC
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      = 4 [$
f0

 

Converting to 2018 dollars, 

Variable cost = 
@	=$89
Ú.;A

= 4.39 [$
f0

 

 

1.3 Residential and commercial sectors 

We made some minor changes on the USEPA representation of end-use technologies by removing the 

alternative technologies from the same family of technologies. For four demand services space heating, 

space cooling, water heating and refrigeration, various “versions” of a single technology type are defined. 

For instance, there are four different versions of heat pump in the USEPA that vary in their coefficient of 

performance and overnight capital costs (Lenox, et al., 2013). While there is value in having insight over 

the relative cost-effectiveness of heat pumps with respect to other space heating technologies (e.g. electric 

radiant heating or natural gas furnaces), we think that keeping multiple versions of heat pump, needlessly 

oversize the database. Therefore, for simplicity we keep the “version one” of each of the technologies with 

multiple versions. In all cases, “version one” has the closest costs and performances to the products found 

in the market today.  

 

1.4 Industrial sector 

 
1.4.1 Background 

The industrial sector accounts for the second-largest share (32%) of primary energy consumption in the 

United States (33,000 PJ in 2015). Its electrification share falls between process heat and transportation, 

with 10,500 PJ (24%) of its primary energy from electric sector. Besides electricity, industrial energy uses 

rely on a mix of fossil fuels and biomass (EIA, 2017). The industrial sector in Temoa identifies energy 

consumption by non-manufacturing and manufacturing industry. The majority of the energy consumption 

in the non-manufacturing industry comes from agriculture, mining, and construction while major energy 

consumers of manufacturing industry are food, paper, bulk chemical, cement, iron, steel and aluminum 

industry.  

 
1.4.2 Structure 

One of the side effects of deep decarbonization scenarios is electrification of end use sectors. The previous 

representation of industrial sector considered fixed fuel share which did not allow substitution of fossil fuels 

with electricity or renewable sources. In order to enable substitution between fuels under high renewable 
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penetration scenarios or other deep decarbonization scenarios, while at the same time keeping the 

complexity at a minimal level we choose the following approximation of the industrial sector.  

 

The industrial sector in Temoa estimates energy consumption by energy source for manufacturing and non-

manufacturing industries. The manufacturing industries are subdivided further by the end use accounting 

procedures. The non-manufacturing industries are modeled with less detail because processes are simpler 

and limited data is available. We do not have a direct representation of refining industry in Temoa. Instead 

we include the cost of refining in the fuel cost for electric sector. The refining industry is not included in 

the industrial sector.  

 

In order to simplify the manufacturing industry representation in Temoa, the energy consumption is 

classified by sources and three end uses: process heat, CHP and other. We also combine petroleum coke, 

lease, plant fuel, metallurgical coal, coke, and road oil into a single fuel commodity called ‘other fuels’ 

because of their significantly smaller share in energy consumption (EIA, 2017). We combined all end uses 

for non-manufacturing industry into one combined non-manufacturing demand commodity. Note that type 

of fuel consumed is dependent on the end-use process. For example, asphalt is only consumed in non-

manufacturing industry. Conceptual framework of the industrial sector representation in Temoa is shown 

in Appendix Figure 3.6. 

 

 
Appendix Figure 3.6: Conceptual framework of industrial sector. 

 

The end uses in the manufacturing sector are classified into 13 categories in the 

(VT_EPAUS9rT_IND_v16.1.0.xlsx, EPA 2017) database namely: conventional boiler use, combined heat 
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and power (CHP), process heating, process cooling, machine drive, electro-chemical process, other process 

uses, facility HVAC, facility lighting, onsite transportation, conventional electricity generation, other non-

process uses, and end use not reported. We consider end use categories other than process heat and CHP as 

‘other’ end uses. As shown in Appendix Figure 3.7. 10, process heating and CHP account for 45% of final 

energy use in manufacturing.  

 

 
Appendix Figure 3.7: Energy use in U.S. manufacturing (MECS, 2014). 

 

Approximately 6,200 PJ of natural gas, 1,550 PJ of biomass and 820 PJ of coal were used directly by 

manufacturing industries in 2014, with most occurring in process heating and CHP. There is a potential 

interchangeability in fuels used for process heat and CHP. For example, natural gas can be replaced by 

electricity and biomass in process heat and CHP, respectively. Appendix Figure 3.8 shows the industrial 

subsectors and end uses that has potential for electrification. 
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Appendix Figure 3.8: Industrial subsector and End Uses relevant to electrification scenarios. (Jadun et al., 

2017) 

 

The major energy source for non-manufacturing industry is asphalt which contributes to 60% of energy 

consumption. Natural gas, electricity and LPG contributes 20%, 12% and 4% to final energy consumption. 

There might be a potential for fuel substitution for non-manufacturing industry, however, due to lack of 

data, we assume a fixed fuel share. 

 

1.4.3 Key Assumptions about manufacturing sector 

The time horizon assumed for US database in Temoa is 2017 to 2050. Total energy consumption data for 

manufacturing industry is available for our assumed time horizon. However, we do not have energy 

consumption data by fuel and end use. To obtain the required data, we use data from MECS (2014) and 

EIA (2010). The MECS (2014) provides the fuel consumption by source and end use for 2014. EIA (2010) 

provides energy consumption by fuel, and end use for 2010.  

 

Following Appendix Figure 3.9 gives share of various end-uses which are combined to form a single 

category called ‘other’ end uses. 52% of the energy consumption for ‘other’ end uses is reported by fuel 

type. The exact end use process is not reported in (EIA, 2017).  Moreover, 92% of the fuel consumption is 

from ‘other fuels which are petroleum coke, lease, plant fuel, etc. So, there is lack of information and 

relevant data for potential fuel substitution for 52% of energy consumption. Furthermore, process cooling, 

machine drive, lector-chemical processes, and facility lighting demand accounts for 25% of energy 
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consumption for ‘other’ end uses. More than 90% of which is satisfied by electricity. There might be a fuel 

substitution potential for the remaining 23% energy consumption in ‘other’ end uses, however, for 

simplicity, we assume that potential for electrification in ‘other’ end uses is negligible. Note that 23% of 

‘other’ end uses is equivalent to 10.6% of the total industrial sector energy consumption (=1969/19748). 

Hence, we fix the fuel share of other end uses for the entire time horizon. We also fix the fuel share of the 

entire manufacturing industry for the base year in order to calibrate the database to a historical year. Natural 

gas accounts for 90% and 55% of the process heat and CHP energy consumption, respectively. 

 

 
Appendix Figure 3.9: Share of energy consumption by end-uses which are included in 'other' end uses 

 

We assume that biomass in industrial sector is a byproduct of paper industry which is used for combined 

heat and power (CHP). Since it is a byproduct, we assume that the cost of biomass for CHP is zero. The 

biomass use in industrial sector has remained approximately constant since 1979 as shown in Appendix 

Figure 3.10. Hence, to avoid unlimited utilization of biomass for CHP, we set a maximum activity constraint 

on biomass. We let the cost of technology and fuel decide the optimal fuel mix for the process heat and 

CHP end use. 
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Appendix Figure 3.10: Historical renewable energy consumption for industrial sector 

 

We define technologies only for process heat and CHP since these end uses have the highest potential for 

fuel substitution (Jadun et al., 2017). The technologies are distinguished by fuel and end use. We assume 

that the demand for the base year is satisfied by existing technology. The existing technology has the same 

fixed operations and maintenance cost as the new technology. EIA (2010) provides the technology cost by 

manufacturing industry subsectors. Process heat and CHP are common to many industrial subsectors. Using 

EPA as a starting point, we calculate the average investment cost, fixed cost, and variable cost of the 

technologies over all the manufacturing industry subsectors. Efficiency and capacity factor of all 

technologies is assumed to be 1 since we assume end-use demand in PJ and input fuel is also in PJ. Life 

time of all technologies is assumed to be 50 years. Appendix Table 3.16 shows the techno economic 

parameters for the technologies.  
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Appendix Table 3.16: Techno-economic parameters for the technologies (EIA, 2010) 
  

Investment 

Cost 

($M/PJ) 

Fixed Cost 

($M/PJ) 

Variable 

Cost 

($M/PJ) 

Efficiency Capacity 

Factor 

Life time 

(years) 

Process 

Heat 

Electricity 45.060 2.960 N/A 1 1 50 

Residual Fuel Oil 51.620 3.240 N/A 1 1 50 

Distillate Fuel Oil 55.760 3.470 N/A 1 1 50 

Natural Gas 42.390 2.770 N/A 1 1 50 

LPG 42.310 3.140 N/A 1 1 50 

Coal 44.470 3.120 N/A 1 1 50 

Renewables N/A N/A N/A N/A N/A N/A 

Others N/A N/A N/A N/A N/A N/A 

CHP 

Electricity N/A N/A N/A N/A N/A N/A 

Residual Fuel Oil N/A 0.946 0.011 1 1 50 

Distillate Fuel Oil 17.448 1.120 0.013 1 1 50 

Natural Gas 18.255 0.867 0.025 1 1 50 

LPG 31.802 1.039 0.016 1 1 50 

Coal N/A 4.355 0.050 1 1 50 

Renewables 7.571 0.470 0.013 1 1 50 

Others N/A N/A N/A N/A N/A N/A 

 

The EPA data has no technology representation for coal and RFO used for CHP, biomass is used only for 

CHP and other fuels, which include petroleum coke, lease, etc., are used only for ‘other’ end uses. EPA 

database has no variable cost for technologies used for process heating.  

 

1.4.4 Key assumptions about non-manufacturing sector 

Table ‘TechData_OTR’ in the EPA worksheet provides residual capacity for the year 2005 and 2010 by 

energy source. The mining and refining industry consumption is approximately 2 quads. Total energy 

consumption for the non-manufacturing sector is taken from the EPA database for the model time horizon. 

We do not explicitly model mining in for the US database. Instead, we include the cost of mining in the 

imported fuel cost. Hence, for simplicity, mining and refining energy consumption are removed from the 

total energy consumption. The EPA worksheet provides the energy consumption for the year 2010. We use 

this database to estimate the demand for the non-manufacturing industry for the model time horizon. Note 

that the non-manufacturing demand is represented as a fuel share. Hence, we introduce a dummy technology 

to represent the energy transfer from fuels to end-use.     
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1.4.5 Fuel Cost 

Fuel cost projections taken from AEO database are given in Appendix Table 3.17. Please note that fuel 

prices for industrial sector is different than fuel price for other sectors. 

 

Appendix Table 3.17: Fuel cost projections from AEO ($Million/PJ) 

($M/PJ) 
LPG 

Distillate 

Fuel Oil 

Residual 

Fuel Oil 

Natural 

Gas Coal Gasoline 

2017 10.069 11.852 4.309 2.993 3.279 15.303 

2020 10.726 16.904 9.077 3.956 3.309 15.961 

2025 11.625 18.853 11.526 4.244 3.438 17.289 

2030 12.083 19.937 12.448 4.367 3.467 17.770 

2035 13.031 21.012 13.258 4.377 3.501 18.665 

2040 13.855 22.002 14.035 4.582 3.552 19.453 

2045 14.601 22.277 14.347 4.783 3.627 20.162 

2050 15.331 22.324 14.630 5.069 3.734 20.852 

 

1.4.6 Hydrogen in industrial sector 

There are four ways to use hydrogen in the industrial sector. The first option is to blend at most 3.4% 

hydrogen with natural gas. Second option is to use the synthetic natural gas to replace natural gas. The third 

option is to blend at most 75% methanol with industrial gasoline. The description of all the above options 

is given in the power -to-X section. In this section we discuss the fourth option where we replace “other” 

fuels in the industrial sector with hydrogen. 

 

Now, we don’t have much information about what the other fuels are and their properties or share. From 

the EPA database we know that the “other” fuels include but are not limited to lease, lubricants, coke, 

petroleum, etc. We assume that all of these fuels can be produced as a by-product of Fischer tropsch process. 

We use the technology named H2_OTH to convert H2_100 to O_OTH_H2. The techno economic 

parameters of H2_OTH are same as FISCH_TROP technology. In the future, we need to remove the 

gasification cost from the investment cost of H2_OTH. We haven’t done it yet due to lack of data.  

 

A noteworthy point here is that the efficiency of H2_OTH is increased from 0.5 to 1.0 and the investment 

cost is increased from 137.46 to 274.92. We did this for plotting purposes.  

 

1.5 Cross-sectoral issues 
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1.5.1 Hurdle rate 

Hurdle rates represent the technology-specific discount rates used to amortize capital costs and can be used 

to represent non-economic costs such as time preference, risk, and uncertainty (Decarolis et al., 2017). 

 

Without hurdle rates on new technologies in the residential and commercial sectors, the majority of existing 

end-use technologies are retired in the first time period and replaced with new capacity. For simplicity, 

Temoa does not consider the remaining capital payments on existing technology, which often makes it cost-

effective to simply replace older, less efficient vintages with new ones. To remedy this issue, we assigned 

a uniform hurdle rate of 30% to all the new technologies in the residential and commercial sector. This rate 

is high enough to keep existing technologies active until they reach the end of their useful lifetimes. Since 

the hurdle rate is uniform for all new technologies, it doesn’t incentivize one technology over another. 

Adhering to the same logic in the electric sector, all electric generating technologies use a uniform 6% rate, 

which is the rate for renewable and natural gas-fired technologies in AEO 2018 (AEO, 2018). 

 

We used a uniform 10% hurdle rate for all the alternative vehicles in the light duty vehicle sector and 5% 

for conventional internal combustion engines. All the other technologies in the transportation sector have 

5% hurdle rates. The assumed 10% hurdle rate is relatively low; surveys have estimated hurdle rates 

associated with alternative vehicle purchases in the range of 20-50% (Peterson and Michalek, 2013; Mau 

et al., 2008; Home et al., 2005). 

 

1.6 Power to X 

 
1.6.1 Introduction 

The increasing share of renewable energies like solar and wind power for generation of electricity yields 

higher fluctuations in power production. Evidently, this is attributed to the fact that electricity generation 

from solar and wind is not controllable, unless it is curtailed, which evidently is the less desired option. For 

that reason, it will become a challenge to balance demand and production of electricity in future energy 

systems providing a high share of renewables. 

 

Obviously, electrical storages are a good measure to overcome this challenge, and various technologies are 

available like batteries, compressed air or pumped hydro types. Since more than 10 years Power-to-Gas is 

discussed as a potential technology in this respect. Basically, Power-to-Gas incorporates the generation of 

gaseous Hydrogen by electrolysis driven by excess electricity from solar and wind plants. This Hydrogen 

can either be used directly for electricity generation i.e. by the use of fuel cells, or it can be converted by a 
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chemical process in conjunction with CO2 to synthetic natural gas (SNG), which can be fed to gas turbines 

in order to yield electricity again. In any case either Hydrogen or SNG serve as the energy storage, and the 

timely separation of production and utilization of the gases enables for a better balancing of renewable 

electricity production and electrical load. 

 

The beauty of adding the chemical process for generating SNG is twofold: Firstly, SNG can be fed into the 

existing grid for natural gas with no restrictions, and existing technologies like gas turbine can be used for 

re-generation of electricity. Secondly, the chemical process for conversion of Hydrogen to SNG serves as 

a sink for CO2. This creates an interesting option for CO2-utilization everywhere, where CO2 occurs in 

higher concentrations i.e. at biogas or CCS plants or at industrial processes like production of cement or 

steel. However, the higher cost and the loss in efficiency introduced by the additional chemical process 

need to be evaluated carefully compared to the direct utilization of Hydrogen. 

 

Besides from looking at Power-to-Gas as a technology purely applied for storage of electric energy, in 

offers further advantages in terms of coupling the sector of electricity generation to the heat sector and 

especially to the transport sector. This is, because either Hydrogen or SNG can serve as fuel for furnaces in 

order to produce heat for residential, commercial or industrial purposes. Similarly, Hydrogen and SNG can 

be used for powering fuel cell or gas driven vehicles and by this means creating an alternative pathway for 

integrating renewable electricity into the transport sector in addition to electric vehicles. It is even more an 

option to convert Hydrogen and CO2 in further chemical processes into liquid fuel like Methanol or even 

synthetic gasoline, which evidently opens the door for serving the entire transport sector including i.e. large 

trucks and airplanes. In order to point out this option, the labelling of the technology has changed during 

the last years from Power-to-Gas to Power-to-X, where “X” represents the variety of fuels, which may 

result from the technology. 

 

1.6.1.1 Scope of this report 

In order to evaluate the value of Power-to-X for future energy systems and its deployment under different 

assumptions, the technology was integrated in the Tool for Energy Model Optimization and Assessment 

(Temoa) developed at NC State University (Temoa Project). Since Temoa is an energy economy 

optimization model, it requires an adequate description of the different processes incorporated in Power-

to-X in terms of energy efficiency, cost and emissions, which will be outlined in the following. 

 

After describing the technology in this way, the second part of this report deals with the results derived 

from applying Temoa including the new features according to Power-to-X to the data set of the US energy 
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system, which already exists. As a base scenario a deep decarbonization down to 80% below the 2005 level 

until the year 2050 is pursued. Variation of different parameter provide insight about the dependencies 

related to the deployment of Power-to-X, which is used to close the report with final conclusions. 

 

1.6.2 The Power-to-X technology 

As already outlined in the introduction, Power-to-X incorporates different pathways for the conversion of 

renewable electricity to gaseous and liquid fuels. Evidently, each of these pathways should be adequately 

represented in Temoa. Appendix Figure 3.11 basically illustrates the conversion technologies pursued in 

this report. 

 

 
Appendix Figure 3.11: Basic pathways for conversion of renewable electricity to gaseous and liquid 

fuels by Power-to-X pursued in this report 

 

The following Appendix Figure 3.12 gives the schematic of the power to gas structure in Temoa. 
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Appendix Figure 3.12: Power to Gas representation in US database 

 

It can be seen that in a first step electricity from renewable sources like PV or wind-plants is utilized to 

separate water into Hydrogen and Oxygen by electrolysis. For the economic analysis in Temoa it is assumed 

that the water needed is available at no cost and that no revenues are generated from the Oxygen generated 

by the process. While the first assumption is more than reasonable, the second may prevent the deploying 

of the technology due to higher cost. However, revenues from utilizing the Oxygen resulting from the 

electrolysis are neglected, in order to omit taking further processes for Oxygen purification into account, 
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on the one hand. On the other hand, considering any benefit from the produced Oxygen may help to improve 

the economic feasibility of Power-to-X later on. 

 

Appendix Figure 3.12 reveals that Hydrogen from the electrolysis is used in four different ways. It is used 

either directly as fuel for Hydrogen powered vehicles like i.e. fuel cell cars. Another way of direct utilization 

is blending Hydrogen into natural gas, even though this is restricted by an upper limit. For practical 

applications momentarily, an upper limit of 10 Vol% is feasible (Dörr, 2016), but further efforts in R&D 

are intended to yield an increase of this limit (Müller-Syring et al. 2013). With respect to the current state 

of the art, in this report the upper value for blending Hydrogen into the natural gas grid is fixed at 10 Vol%. 

 

A separate distribution grid for Hydrogen was not analyzed. Up to today no major Hydrogen grids exist, 

because the cost of implementing such grids are quite high and hard to predict accurately. Hence, this cost 

will dominate the results on the one hand with only minor chances for practical verification on the other 

hand. This will burden the results with a large proportion of uncertainty and by this means drastically 

reduces the significance of any conclusions.  

 

The two additional pathways for utilization of Hydrogen from electrolysis involve a further chemical 

process where Hydrogen reacts with CO2 either to SNG or to Methanol. The water leaving both processes 

is not considered for economic evaluation. CO2, however, might be a side product of a biogas or a CCS-

plant nearby and by this means available for free, as i.e. suggested in (US Census Bureau, 2010) . However, 

if the CO2 needed for the reaction with Hydrogen must be extracted from any kind of gas stream, the cost 

for separation and purification have to be considered. In this case prices for CO2 from CCS-plants are 

reported in the literature between 20 and 60 €/to (Schiebahn et al., 2015) and 7 – 75 €/to (Ahern et al., 

2015), even though it is not quite clear to what extend the investment cost of the CCS-plant are included, 

which seems to be questionable from the author’s point of view. In (Atsonios et al., 2016) a price for CO2 

of 43.8 €/to is reported as an equivalent for average CO2 avoidance cost for coal-fired power plants 

according to IEA. For biogas plants the cost for CO2 add up to 68 – 154 €/to according to (Ahern et al., 

2015); again, this cost seems high especially compared to others, like (US Census Bureau, 2010) , who 

account CO2 from biogas plants for free.  

 

Other sources for CO2 can be found in gas streams released from industrial plants like i.e. the cement or 

steal industry. The cost for CO2 in these cases is, however, highly depending on concentration and 

availability. If it is intended to extract CO2 from ambient air, a price up to 1000 $/to must be considered 

(Götz et al, 2016), (Ahern et al., 2015).  
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The SNG generated from the chemical process is almost pure methane, and for this reason there is no 

restriction at all for directly feeding SNG into the natural gas grid. Methanol, as the product from the other 

chemical process is a liquid, and it can be blended into gasoline. Various simulations as well as experimental 

studies verify the feasibility of a high percentage of methanol in gasoline for Otto engines (Farkade and 

Pathre, 2012; Iliev, 2015). In the 80’s and 90’s a reasonable fleet of vehicles ran on 85% methanol (M85) 

in the state of California (Wuebben, 2015) with no major technical problems. The reasons for not continuing 

the program at that time were both, economical, because the price of gasoline dropped under the limit where 

any blending of methanol was feasible, and political, since the use of ethanol was supported with respect 

to the American farmers (Falco, webpage). Based on this experience the upper limit for blending methanol 

into gasoline for any transportation purpose is fixed at 85 Vol%. 

 

1.6.3 Implementing Power-to-X into Temoa 

In the following the implementation of the schematic from Appendix Figure 3.12 in Temoa will be outlined. 

This includes an introduction of all new technologies and commodities as well as a brief description of all 

related parameter like cost, efficiencies, emission activity, life time etc. A report by ENEA consulting “The 

potential of Power-to-gas” from 2016 (ENEA, 2016) served as a good summary in in this respect, but further 

literature has been studied, in order to verify the data from the report as well as to gather more recent data.  

Starting from the input of electricity to Power-to-X, it can be seen from Appendix Figure 3.13 that the 

technologies are connected to the existing commodities for renewable electricity (ELCP_SOL, 

ELCP_Renewables) in Temoa. 

 

1.6.3.1 Transformation of electricity from AC to DC (E_TRS_DC) 

Since the electrolysis is driven by DC electricity, the AC current from the grid has to converted to DC 

beforehand. This might not be always necessary having small units directly coupled to solar-PV in mind, 

but in general the renewable electricity needs be transferred to the Power-to-X plant by using standard AC 

transmission lines. 

 

In the ENEA report (Götz et al., 2016) an efficiency of 97.5% is given for the transformation from AC to 

DC, and this value has been adapted to Temoa as well as the lifetime of 40 years. Regarding investment 

cost a value of 0.2 Mio €/MW (= 0.24 Mio $/MW) was taken from a report for planning the reinforcement 

of the German transmission grid from 2016 (Felix et al., 2016). However, this value for CAPEX is in good 

agreement to the data from the ENEA report (ENEA, 2016). OPEX and variable cost are neglected.  

The resulting output commodity is DC electricity ELCP_DC, which is fed to the electrolysis technologies. 
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Appendix Figure 3.13: Implementation of the processes for Hydrogen generation in Temoa (textured 

commodities/ technologies already existing in Temoa, fully colored commodities/technologies new to 

Temoa) 

 
1.6.3.2 Technologies for electrolysis (E_ELECAL and E_ELECPEM) 

For Hydrogen generation from electrolysis three different technologies are currently discussed: Alkaline, 

PEM and High temperature (SOEC). While Alkaline electrolysis is the only mature technology, PEM 

electrolysis is in the status of field testing and SOEC is still in the lab. However, PEM and SOEC 

technologies offer higher efficiencies and lower cost compared to Alkaline, and for that reason major efforts 

in R&D are spent on both technologies, momentarily. For PEM electrolysis estimates for CAPEX and 

OPEX already exist, for SOEC rough approximation are available in this respect, only. Hence, it was 

decided to implement Alkaline and PEM electrolysis into Temoa at this point. Whenever more advanced 

data will be available for SOEC, this technology can be added quite easily. 

 

Regarding cost, lifetime and efficiencies there are meanwhile several studies and reports available from the 

literature. Besides the report by ENEA, sources (Götz et al, 2016; Schiebahn et al., 2015; Ahern et al., 2015; 

Smolinka et al., 2016; Bertuccioli et al., 2014; Smolinka et al., 2010) have been used to derive the data 

needed. Evidently, the data from the different publications does not coincide entirely, even though they are 

in the same range. Often, it is reported, that the data has been taken and averaged from various other sources, 

which span a certain range as well.  

 

Regarding efficiencies, the data for Temoa is taken from (Bertuccioli et al., 2014) applying one correction 

for alkaline electrolysis as follows: Since Hydrogen should be supplied at a pressure level of 10 bar after 
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electrolysis, the additional efforts for compression need to be incorporated in the numbers for efficiencies. 

While PEM electrolysis works at elevated pressure anyhow, no correction is necessary for this type. In 

contrast, the efficiency for alkaline electrolysis drops from 74 to 66%, if pressure is increased from ambient 

to 10 bar according to (ENEA, 2016). For that reason, all efficiencies for alkaline electrolysis taken from 

(Bertuccioli et al., 2014) were corrected by a factor of 66/74. 

 

Investment cost (CAPEX) are taken from (Bertuccioli et al., 2014), as well. At this point it should be noted 

that cost for electrolysis are in most cases referred to electric input. Since cost in Temoa are based on output, 

the cost from (Bertuccioli et al., 2014) need to be divided by efficiency for each period. In addition, factors 

of 1.1 and 1.2 are applied; the former for taking installation cost into account, the latter for currency 

conversion from € to US$. Operating and maintenance cost (OPEX) are calculated at 3% from CAPEX, 

taken as mean value from (ENEA, 2016), and variable cost are neglected. Lifetime is assumed to reach 25 

years for both types of electrolysis. This accounts for low numbers of operational hours, if the technologies 

are applied in the near future, and for technical improvement, if applied later on.  

 

Appendix Table 3.18 summarized all relevant data for the two technologies for electrolysis E_ELECAL 

and E_ELECPEM: 
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Appendix Table 3.18: Data for electrolysis technologies E_ELECAL and E_ELECPEM entered to 

Temoa 

 period/vintage E_ELECAL E_ELECPEM 

efficiency / % 

 

2015 66.3 75.8 

2020 67.6 82.1 

2025 68.9 82.1 

2030 70.3 83.8 

2035 71.0 83.8 

2040 71.7 85.6 

CAPEX / Mio. $/GWout 2015 1852 2736 

2020 1231 1609 

2025 1169 1399 

2030 1090 1197 

2035 1060 1055 

2040 1031 925 

OPEX / Mio. $/GWout 2015 55.6 82.1 

2020 36.9 48.3 

2025 35.1 42.0 

2030 32.7 35.9 

2035 31.8 31.7 

2040 30.9 27.7 

Cost, variable  0 0 

Lifetime / a  25 25 

 

1.6.3.3 Technology for import of Hydrogen (IMPTRNH2) 

As displayed in Appendix Figure 3.13, at the pressure level of 10 bar after electrolysis additional amounts 

of Hydrogen can enter the system as an import. This stream of Hydrogen is most likely generated from 

fossil fuels by steam generation from methane. As the technology IMPTRNH2 is already existing in Temoa, 

all data, especially the cost of the Hydrogen, are already available. The only data missing is the emissions 

accounting for CO2, and for that reason technology EA_IMPH2 has been added serving just for this purpose. 

In a NREL report from 2001 specific emissions of 10.62 kg CO2/kg H2 are reported for the steam reforming 

process (Spath and Mann, 2001), which converts to 0.483 mole CO2/mol H2 or 74.9 kt CO2/PJ H2. A more 

recent source from the internet reports 0.45 mol CO2/mol H2 or 69.8 ktons CO2/PJ H2 (energyportal, 

accessed 2017) taking further improvements in the efficiency of the process into account. For that reason, 

the smaller value of 69.8 ktons CO2/PJ is entered to technology (EA_IMPH2) in Temoa. 
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1.6.3.4 Technology for compression of Hydrogen to 100 bar (H2_COMP10100) 

From the 10 bar pressure level after electrolysis Hydrogen is compressed to 100 bar serving as a sufficient 

pressure for any further utilization including feed in to high pressure transmission lines. However, this 

assumption prevents any cost savings from delivering Hydrogen right at the pressure level needed for each 

individual purpose, which might be applied later on for optimization purposes. At this stage the drawback 

from the higher cost is small and by this means not significant for the general conclusions derived from the 

analysis. 

 

In order to derive the efficiency for technology H2_COMP10100, the equation for the electric power 

necessary to drive an adiabatic compressor is introduced: 

 

 𝑃ÕA = 𝑚̇#v ∙
EF∙p�

ÌõG�∙ÌõHIJ ∙ÌK¼
∙ ç𝜋

e® EFè − 1é (2) 

 

Dividing this number by output activity yields the related loss. Hence, efficiency calculates as follows: 

 

 𝜂EÒ�$Ñ = 1 − fHM
�̇Nv∙##¤Nv

 (3) 

 

Using the property data of Hydrogen for cp, Ri and HHVH2, setting input temperature T1 = 30°C and pressure 

ratio 𝜋 = 100 bar / 10 bar = 10 and selecting efficiencies for the driving electric motor including controls 

𝜂mot = 0.8, for mechanical drive 𝜂mech = 0.9 and for isentropic compression 𝜂SC = 0.7, an efficiency 𝜂compr = 

0.94 for compressor technology H2_COMP101000 can be derived. It is assumed that compressor efficiency 

stays constant for all periods. 

 

Generally, there are two different options to consider for the consumption of electricity according to 

compressor efficiency. At first, and probably as the straight forward approach, it might be reasonable to 

account for the electricity as variable cost, only. However, since electricity is a commodity in the system 

by itself, it seems to be more appropriate to account for its activity instead of its cost. Actually, by this 

means the cost for generating the amount of electricity consumed is incorporated as well. This implies to 

connect commodity ELC to technology H2_COMP10100, as shown in Appendix Figure 3.12, which, 

evidently, needs to be recognized when accounting for the input and output activities, because the activity 

of ELC adds to the input activity of Hydrogen. On the other hand, the flow of activity through the 

compressor should stay constant, as long as Hydrogen is treated as an ideal gas where pressure does not 

account for enthalpy. In order to satisfy both constraints, ELC and Hydrogen input activity H2_10 must be 
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rated with compressor efficiency 𝜂compr when connecting to H2_COMP10100. In addition, 

technology_input_split needs to be set at 𝜂compr for Hydrogen input activity H2_10 and at (1-𝜂compr) for ELC, 

in order to maintain a fixed ratio of both commodities when entering technology H2_COMP10100. 

 

In terms of setting CAPEX and OPEX, Niaz reports a price range of 1000 – 1500 €/kWel for large scale (> 

100 kWel) Hydrogen compressors (Niaz et al., 2015). Scaling this cost to output activity of Hydrogen, factor 

(1- 𝜂compr) is applied, yielding 60 - 90 €/kWH2. Taking average mean and multiplying by a factor of 1.15 for 

installation (acc. to (ENEA, 2016) and a second factor of 1.2 for currency conversion to US $ finally results 

in CAPEX of 103.5 Mio. $/GW for technology H2_COMP10100. Since Hydrogen compression can be 

termed as mature technology and no information about the potential for cost reduction in the future is 

available, CAPEX is kept constant for all periods. Similarly, OPEX is treated constant with 4% of CAPEX, 

which is an average between an OPEX of 6%, reported in (ENEA, 2016), and 2%, taken from (Ferreroa et 

al., 2016). 

 

Since electricity for driving the compressor is accounted by the efficiency of the technology, further 

variable cost is small and therefore neglected. The lifetime of the technology is set at 15 years as suggested 

by ENEA (ENEA, 2016). In Appendix Table 3.19 all relevant data for compressor technology 

H2_COMP10100 is listed: 

 

Appendix Table 3.19: Data for Compressor technology H2_COMP10100 entered to Temoa 

 period/vintage H2_COMP10100 

efficiency ELC / % all periods 94.0 

efficiency H2_10 / % all periods 94.0 

Tech_input_split ELC / % all periods 6.0 

Tech_input_split H2_10 / % all periods 94.0 

CAPEX / Mio. $/GWout all vintages 103.5 

OPEX / Mio. $/GWout all periods/vintages 4.14 

Cost, variable  0 

Lifetime / a  15 

 

As stated in the beginning of this section, the pressure level of 100 bar after compression technology 

H2_COMP 10100 serves as common basis for all pathways for further processing or utilization of Hydrogen 

in terms of Power-to-X according to Appendix Figure 3.12. In addition, a Hydrogen storage is connected 

to this pressure level, which will be explained next. 
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1.6.3.5 Technology for Hydrogen storage at 150 bar (H2_STO150) 

At this stage a storage for Hydrogen is necessary, in order to decouple the generation of Hydrogen by 

electrolysis from the chemical processes for SNG and methanol production. While the electrolysis strongly 

depends on the supply of renewable electricity from PV and wind-plants and by this means needs to operate 

flexible, the chemical processes perform best when operated in steady state. For that reason, an intermediate 

storage is essential for being able to run all processes in an optimal mode. 

 

Since Hydrogen should be maintained at a pressure level of 100 bar, the pressure level for the storage must 

be higher, and 150 bar was selected in a first approach. Hence, compression is needed again, but for the 

sake of simplicity and due to the fact that the amount of electricity is small compared to the compression 

of the entire flow of Hydrogen, electricity is accounted in terms of cost.  

 

Applying equation 2 and 3 with all numbers given in the last section despite a pressure ratio of 𝜋 = 150 bar 

/ 100 bar = 1.5, an efficiency of 𝜂compr = 0.99 arises. Hence, a tariff for electricity of 0.1 $/kWh or 27.78 

Mio. $/PJ converts by the factor (1-𝜂compr) in variable cost based on the activity flow of Hydrogen of 0.2778 

Mio. $/PJ. Since the electricity is accounted for by cost, only, the efficiency of technology H2_STO150 is 

1. 

 

Referring to Niaz (Niaz et al., 2015) with respect to investment cost, CAPEX of 12-16 $/kWh are reported 

for compressed Hydrogen storages at a pressure level of 800 bar for transportation purposes. At 150 bar, 

the cost should be smaller. Götz reveals cost for a 1700 m³, 30-200 bar compressed Hydrogen storage of 

8.3 Mio. € at a power-to-gas site. Applying ideal gas law at ambient temperature yields specific cost of 9.09 

€/kWh or 10.9 $/kWh after conversion from € to US$ of 1.2. Götz analysis a second storage of half the size 

with cost of Mio. 4.8 € resulting in specific cost of 12.6 $/kWh under the same assumptions. In conclusion, 

the lower bound of 12 $/kWh reported by Niaz seem to be a good estimate for CAPEX of compressed 

Hydrogen storage. 

 

However, this specific cost needs to be converted to $/kW before it can be entered to Temoa, because a 

storage is sized in Temoa by its capacity in the same way as any other technology. Hence, it is important to 

know, which maximum capacity in terms charging or discharging power the storage should represent. 

Taking in mind that the Hydrogen storage is predominantly determined by the fluctuating supply of 

renewable electricity from PV and wind-plants, and assuming solar PV to be more flexible in time due to 

day and night pattern, a mean charging time with high production of solar PV of 8 hours seems appropriate 
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comparing to a 16-hour period of discharging. Since, charging power is higher, it determines the capacity 

of the storage, resulting in specific investment cost of 96 $/kW or 96 Mio. $/GW.  

 

Besides the compressor, the main component of a Hydrogen storage is a pressure vessel, which doesn’t 

need a high amount of maintenance. For that reason, OPEX and lifetime are set at 1.5 % of CAPEX and 40 

years, respectively. Moreover, all data presented for Hydrogen storage are not subject to changes in periods 

and vintages. Appendix Table 3.20 summarizes the relevant data for Hydrogen storage technology 

H2_STO150: 

 

Appendix Table 3.20: Data for Hydrogen storage technology H2_STO150 entered to Temoa 

 period/vintage H2_STO150 

efficiency / % all periods 100.0 

CAPEX / Mio. $/GWout all vintages 96 

OPEX / Mio. $/GWout all periods/vintages 1.44 

Cost, variable / Mio. $/PJ all periods/vintages 0.2778 

Lifetime / a  40 

 

1.6.3.6 Technology for compression of Hydrogen to 100 bar (H2_COMP100700) 

As the first pathway according to Appendix Figure 3.12 the Hydrogen generated by electrolysis from 

renewable electricity is utilized for in Hydrogen vehicles. In principle this can be Otto engine powered 

vehicles, where the engine is capable of running on Hydrogen, or vehicles driven by a fuel cell, but 

momentarily in Temoa are fuel cell cars implemented, only. From Appendix Figure 3.13 it can be seen that 

the Power-to-X technology is connected to the transport technologies already existing in Temoa. 

Introducing further technologies i.e. for Otto engine vehicles running on Hydrogen is optional but not 

intended within this study. 

 

For utilization of Hydrogen in vehicles storage is crucial. In order to reach a reasonable mileage, tanks for 

compressed Hydrogen at 700 bar are currently state of the art. For that reason, another compression is 

needed, in order to connect these technologies to the 100 bar pressure level provided by the Power-to-X 

technologies introduced so far. It should be noted, that within this study any additional efforts in terms of 

establishing Hydrogen refueling technology and infrastructure are not included. 

 

Hydrogen compression from 100 to 700 bar is implemented in Temoa in the same way as for technology 

H2_COMP10100 as described in section 3.4. The pressure ratio of 𝜋 = 700 bar / 100 bar = 7 yields an 

efficiency of 𝜂compr = 0.95. Similarly, to technology H2_COMP10100, the activity of the electricity needed 
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to drive the compressor is taking into account instead of electricity cost, only. Hence, efficiency is attributed 

to both input commodities, ELC and H2_100, as well as a tech_input_split of 5:95 is implemented to 

maintain the proper ratio between both commodities. 

 

Regarding CAPEX an additional factor of 1.2 is applied, in order to account for the high pressure, the 

compressor has to endure. Thus, CAPEX is 124.2 Mio. $/GW and OPEX is 5.0 Mio. $/GW. Variable cost 

is neglected, and all data does not change with period or vintage; lifetime is again fixed at 15 years. 

Appendix Table 3.21 lists all relevant data for compressor technology H2_COMP100700: 

 

Appendix Table 3.21: Data for Compressor technology H2_COMP100700 entered to Temoa 

 period/vintage H2_COMP100700 

efficiency ELC / % all periods 95.0 

efficiency H2_10 / % all periods 95.0 

Tech_input_split ELC / % all periods 5.0 

Tech_input_split H2_10 / % all periods 95.0 

CAPEX / Mio. $/GWout all vintages 124.2 

OPEX / Mio. $/GWout all periods/vintages 5.0 

Cost, variable  0 

Lifetime / a  15 

 

Above data is for above the ground hydrogen storage. Hydrogen can also be stored in the depleted gas 

reservoirs at a significantly lower cost. Regarding the roundtrip efficiency of H2 storage in underground 

reservoirs (Colbertaldo et al., 2019) notes the following on p. 9564:  
 

"These leakage losses are neglected here, as both the studies on Lined Rock Caverns (LRC) [49] and the 

available measures from existing underground facilities have shown very low leakage rates (further 

investigation is expected with operation of the first installations, e.g., in the Houston, Texas area) [50]." 

 

So, H2 storage efficiency is 100%. We have tested 2 hurdle rate for hydrogen storage (6 and 10%). Higher 

hurdle rate did not make a significant difference in the results. So, the hurdle rate for the underground 

hydrogen storage technology is 6%. We assume that underground hydrogen is stored at 150 bar pressure 

which is same as the above ground storage assumptions. This assumption can be updated in the future. 

 

Dr. Bernd's estimate assumes above ground storage (engineered tank) at a cost of $12/kWh. It is possible 

to storage H2 in underground caverns (e.g., depleted gas reservoirs) at costs that are two orders of 

magnitude lower at ~$0.1-0.4/kWh. For example, (Amos, 1999) indicates a range of cost between $2-30 / 
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kg. Conservatively taking the upper end of $30/kg, the cost is approximately $0.35/kWh (corrected for 

inflation). Now, we need to fix the duration at some value.  

 

To see how the storage duration affects the results, we added a few different versions of the technology 

with different durations. Note that in each case, the storage cost ($/kWh stored) is multiplied by the hours 

of duration to get the $/kW investment cost specified in the model. We tested the model with the following 

durations: 10 hours, 300 hours, 1000 hours. (At 300 hours of duration, the cost per kW is $0.35/kWh*300 

= 100 $/kW, which is close to Bernd's original estimate. The longest time slice is intermediate night, 

SegFrac=0.1532, which is 1342 hours.). Different storage durations did not make a significant difference 

in the results since we can build a fraction of the hydrogen storage with any duration. The current US data 

has only one hydrogen storage technology with 2000 hour duration. We do not have any above the ground 

storage since the model would not choose it over the cheaper underground storage option. Life time of 

underground hydrogen storage is 40 years. Fixed and variable cost are same as above the ground storage. 

These can be updated in the later revisions. 

 

1.6.3.7 Technologies for blending Hydrogen into natural gas (…_H2BL) 

According to Appendix Figure 3.12 another option considered for utilization of Hydrogen is blending it 

into the natural gas grid. As outlined in paragraph 2, a concentration of 10 Vol% is introduced as an upper 

limit for the concentration of Hydrogen in the grid. 

 

For implementation in Temoa, the technologies for feeding natural gas into the five sectors of interest – 

residential, industrial, commercial, transport and electrical – have been doubled by a blending technology 

(R_NGA_H2BL, O_NG_H2BL, C_NGA_H2BL, CNG_H2BL and NGA_H2BL), as shown in Appendix 

Figure 3.14. By applying the tech_input_split parameter to each technology the proper mixture of 10% 

Hydrogen and 90% NGA is maintained. However, it should be noted that the parallel pathway of direct 

utilization of NGA in total allows any mixture below 10% Hydrogen in the gas. 

 

Keeping in mind that the input data for tech_input_split in Temoa is based on activities and not on volume, 

the ratio converts to 3.43% Hydrogen and 96.57% NGA after conversion with respect to the higher heating 

value of the two gases involved. 
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Appendix Figure 3.14: Implementation of the processes for blending Hydrogen in natural gas in Temoa 

(textured commodities/ technologies already existing in Temoa, fully colored commodities/technologies 

new to Temoa) 

 
The blending technologies are in Temoa applied simply to link the commodities in a proper way; the 

equipment needed for the blending process is not considered, because it does not affect the results 

significantly. Thus, no cost is attributed to the blending technologies and their efficiency is set to 1. 

However, the accounting for CO2-emissions is incorporated as another feature besides tech_input_split in 

the blending technologies. While in Temoa the utilization of natural gas is in general related to CO2-

emissions of 50 kt/PJ, the blended gas shows CO2-emissions of 45 kt/PJ, only, due to the content of 10 

Vol% Hydrogen, which is not burdened with CO2-emissions, since it is generated from electrolysis driven 

by renewable electricity. By this means, blending natural gas with Hydrogen from Power-to-X technologies 

helps to reduce CO2-emissions. 

 

Even though the method to account for CO2-emissions described so far has been applied to all sectors, the 

implementation for the electric sector differed from the other sectors. The reason for the alternate approach 

is that emission accounting for the electric sector is not performed in a separate technology exclusively 

attributed to this subject like in the other sectors. Instead, emission accounting is incorporated in the various 

technologies for electricity generation. But in order to account for the lower emissions of the Hydrogen 

blended gas, the electric sector needs to be treated similar to the other sectors with a separate technology to 

account for CO2-emissions. For that reason, technology E_EA_NGA is introduced to Temoa, which 

attributes CO2-emissions of 50 kt to each PJ NGA activity. In consequence, CO2-emission activities in all 

technologies for electricity generation from NGA are reduced by 50 kt/PJ. For CCS-technologies, this 
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yields negative emission activities for the technology itself, but in combination with technology 

E_EA_NGA it becomes positive again. Evidently, for the blended gas burdened with smaller CO2-

emissions of 45 kt/PJ the method implemented is mathematically not completely correct, but the remaining 

error is small and by this means not significant with respect of the overall results. 

 

1.6.3.8 Technology for generating SNG from Hydrogen and CO2 (SNGSYN) 

As one of the two chemical processes involved in Power-to-X the generation of methane, which is labelled 

as synthetic natural gas or SNG, from Hydrogen and CO2 will be introduced next. Appendix Figure 3.15 

displays the different technologies involved and the way they are linked and incorporated in Temoa.  

 

 
Appendix Figure 3.15: Implementation of the processes for generating SNG and methanol in Temoa 

(textured commodities/ technologies already existing in Temoa, fully colored commodities/technologies 

new to Temoa) 

 

The process of forming SNG from Hydrogen and CO2 is based on the following chemical reaction also 

known as Sabatier or methanation process: 

 

 4	𝐻m + 𝐶𝑂m → 𝐶𝐻@ + 2	𝐻m𝑂 (4) 

 

It is a catalytic, 2-stage chemical reaction, running at 250-550°C and 1-100 bar (Götz et al., 2016). In the 

first, endothermic reaction Hydrogen and CO2 are converted to CO and water. The second reaction is meant 
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to convert CO with further Hydrogen to methane and another molecule of water, and it is exothermic. Since 

the energy release from the second reaction is higher than needed for the first, the overall process is 

exothermic. 

 

Currently, a biological option to form methane from Hydrogen and CO2 by microorganisms is under 

investigation, as well. Biological methanation does not require high temperatures and pressures, it runs 

between 20 and 70°C and at a pressure below 10 bar, and it is more tolerant in terms of impurities, which 

in the Sabatier process are subject to deactivate the catalyst. However, the reaction rate of biological 

methanation is still small and requires large reactors compared to the Sabatier process, which momentarily 

prevents deployment of this technology in a larger scale. For that reason, the Sabatier process working at a 

pressure level of 20 bar is considered throughout this study, only. 

 

Regarding efficiency of the methanation according to the Sabatier process Götz reports of 78% (Götz et al., 

2016), which is in good correspondence to the ENEA report (79.4%) (ENEA, 2016) and to Ahern et al. 

(80%) (Ahern et al., 2015). According to Schiebahn the maximum efficiency of the Sabatier process can 

reach 83% (Schiebahn et al., 2015); for that reason, the efficiency is allowed to rise slightly up to 81% in 

2040 within the scope of this study. 

 

Information about current investment cost for the methanation vary a lot; a good overview is given by Götz 

(Götz et al., 2016). He reports about a range from 130 to 175 €/kW for bigger plants at the lower end up to 

1500 €/kW given by (ENEA, 2016). Since Götz refers to other sources at 300-500 €/kW and 600 €/kW, an 

intermediate value for CAPEX of 450 €/kW (SNG) is implemented in Temoa, which is equivalent to 540 

$/kW (SNG) applying the conversion rate of 1.2 between € and US$. For future periods a significant drop 

of CAPEX seems plausible, ENEA assumes only 1/3 of current investment prices in 2050 (ENEA, 2016). 

According to this information CAPEX is allowed to decrease by ½ (down to 270 $/kW (SNG)) until 2040 

within this study. As an indicator for OPEX a fraction of 7.5% of CAPEX is taken from the ENEA report 

(ENEA, 2016) resulting in 40.5 $/kW (SNG) in 2015 and 20.25 $/kW (SNG) in 2040. 

 

Variable cost is mainly attributed to the source of CO2 available, and the potential cost for CO2 have been 

already discussed in chapter 2. Within this study the impact of CO2 cost will be studied by parameter 

variation. At this point it should be noted that for the Sabatier process, where the cost is based on output 

activity SNG, specific cost of 10 $/to (CO2) convert to 0.5 Mio. $/PJ (SNG). Additional variable cost beside 

CO2 cost are not considered. 
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Finally, expected lifetime of the methanation technology is 20 years as indicated in (ENEA, 2016). 

Appendix Table 3.22 displays all relevant data for technology SNGSYN to represent the generation of SNG 

from Hydrogen and CO2 in Temoa. 

  

Appendix Table 3.22: Data for SNG generation technology SNGSYN entered to Temoa 

 period/vintage SNGSYN 

efficiency / % 

 

2015 79.0 

2020 80.0 

2025 80.5 

2030 81.0 

2035 81.0 

2040 81.0 

CAPEX / Mio. $/GW (out) 2015 540 

2020 486 

2025 432 

2030 378 

2035 324 

2040 270 

OPEX / Mio. $/GW (out) 2015 40.5 

2020 36.45 

2025 32.4 

2030 28.35 

2035 24.3 

2040 20.25 

Cost, variable  CO2 cost, variable 

Lifetime / a  20 

 
1.3.6.8 Technology for compression of SNG from 20 to 100 bar (SNG_COMP20100) 

In order to feed SNG into the gas grid its pressure must be elevated to the pressure level of the transmission 

lines, which may vary between 16 and 100 bar depending on the location of the grid and the distance the 

gas needs to be transferred to the consumers (American Gas Association, 2017). In order to be able to meet 

the highest pressure, a compression from 20 bar after methanation up to 100 bar is considered for technology 

SNG_COMP20100. This is in addition in accordance to the pressure level selected for Hydrogen blended 

into the gas grid. 

 

Due to differing property data of SNG compared to Hydrogen, compressor efficiency is higher in terms of 

SNG. Applying equations 2 and 3 to compression of SNG together with the relevant pressure ratio 𝜋 = 100 

bar / 20 bar = 5 and apart from that similar data as for Hydrogen compression (input temperature T1 = 30°C, 
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efficiencies for the driving electric motor including controls 𝜂mot = 0.8, for mechanical drive 𝜂mech = 0.9 and 

for isentropic compression 𝜂SC = 0.7), an efficiency 𝜂compr = 0.98 arises for technology SNG_COMP20100.  

 

Incorporating the compressor technology for SNG into Temoa follows the same schematic as already 

introduced and discussed for Hydrogen compression. In addition, and for the sake of simplicity, the data 

for cost and lifetime derived for technology H2_COMP10100 is adopted for technology 

SNG_COMP20100, which might not cause major errors since output pressure is the same for both 

technologies. Similarly, all data is assumed constant for all periods and vintages. This yields the data for 

compressor technology SNG_COMP20100 as listed in Appendix Table 3.23.  

 

Appendix Table 3.23: Data for Compressor technology SNG_COMP20100 entered to Temoa 

 period/vintage SNG_COMP20100 

efficiency ELC / % all periods 98.0 

efficiency H2_10 / % all periods 98.0 

Tech_input_split ELC / % all periods 2.0 

Tech_input_split H2_10 / % all periods 98.0 

CAPEX / Mio. $/GWout all vintages 103.5 

OPEX / Mio. $/GWout all periods/vintages 4.14 

Cost, variable  0 

Lifetime / a  15 

 

1.3.6.10 Technologies for emission accounting of SNG_100 (…_EAG_NGA) 

Appendix Figure 3.15 shows that SNG at the pressure level of 100 bar (SNG_100) is directly fed into the 

gas grid and by this means transferred to the relevant sectors electric, residential, commercial, industrial 

and transport. Since SNG consists of pure methane, it can be fed into the gas grid without any restrictions; 

all downstream conversion technologies are able to handle SNG in the same way as natural gas, hence, 

there is no need for blending SNG with natural gas to a certain extend only as in case of Hydrogen. 

Technically spoken, it is not necessary to apply parameter tech_input_split as in case of the blending 

technologies for Hydrogen. For that reason, the only duty of technologies E_EAG_NGA, R_EAG_NGA, 

C_EAG_NGA, O_EAG_NG and T_EAG_CNG is accounting for emissions associated with the use of 

SNG, which compares to technologies E_EA_NGA, R_EA_NGA, C_EA_NGA, O_EA_NG and 

T_EA_CNG from Appendix Figure 3.14.  

 

The above was Dr. Bernd’s structure where SNG would have same emissions as natural gas when burnt. In 

the updated structure, we assume that SNG is carbon neutral since it takes in CO2 which is later released 

during SNG combustion. The emission parameters of the natural gas is not associated with the end use 
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technology for the residential and commercial sector. However, for transportation and industrial sector, the 

emission parameter is associated with the end-use technology. So, we created a different SNG commodity 

for the transportation (T_SNG) and the industrial (O_SNG) sector which is directly fed to the end use 

technologies that consume natural gas. Emission activity is defined by the input commodity, technology, 

and output commodity. Since the input commodity for all the industrial sector and transportation sector 

technologies is now changed, SNG is carbon neutral. 

 

Now, even though SNG is carbon neutral, we need to make sure that the CO2 that is needed to produce SNF 

is coming from somewhere. Specially in the deep decarbonization or high renewable penetration scenario 

where the emissions are going almost to zero in 2050, we need a way to capture CO2 from the atmosphere. 

 

We need 1 mole of CO2 and 4 moles of hydrogen to produce 1 mole of SNG. When we convert CO2 to kt 

and hydrogen to PJ, it turns out that we need 38.46 kt of CO2 per PJ of hydrogen to produce 1 PJ of SNG. 

We input this number via the TechInput Split constraint. Now, there are two ways to get CO2. The first way 

is from emissions from the carbon sources in the energy system and the second way is to capture the CO2 

from the atmosphere. The following Appendix Figure 3.16 shows the flow of the process. 

 

 
Appendix Figure 3.16: CO2 input for SNG production 

 

We modified the structure of the efficiency table to allow the emission commodity (co2) to act as an input 

commodity. The changes are made in temoa_initialize.py and temoa_model.py. In the deep decarbonization 

case, if the energy system has lower CO2 emission than what is required to produce SNG, then 

CO2_Capture technology capture the CO2 from the atmosphere. The investment cost of this technology is 

109890.11 $ million/kt of CO2 with 6% discount rate and 40 year (default) life time. We added the ATM, 

CO2_SNG and ATM_CO2 commodities and CO2_BLND technology.  
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Note that to keep the model from using excessive amount of CO2 for SNG production, we need to make 

the efficiency of CO2_SNG à SNGSYN à SNG insignificant. Currently it is 0.01.  

 

1.3.6.11 Technology for generating Methanol from Hydrogen and CO2 (MEOHSYN) 

The second chemical process involved is for generating Methanol from Hydrogen and CO2, which can be 

used as liquid fuel, and it is by this means mainly attributed to the transportation sector in order to provide 

a CO2-free fuel. A good overview about the process including technical and economic assessment data is 

given by Atsonios (Atsonios et al., 2016) and Pérez-Fortes (Pérez-Fortes et al., 2016). The report by ENEA 

(ENEA, 2016) reveals some information about the process, as well. 

 

Equation 5 presents the basic chemical reaction of the process, which splits in two separate reactions: First, 

CO is created from Hydrogen and CO2 in an endothermic reaction under dismissal of water. In a second 

exothermic step CO reacts with two molecules of Hydrogen to Methanol. 

 

 3	𝐻m + 𝐶𝑂m → 𝐶𝐻n𝑂𝐻 + 𝐻m𝑂   (5) 

 

The Methanol reactor is typically operated at 250°C and a pressure of 65 bar according to (Atsonios et al., 

2016). Obviously, a high pressure shifts the reaction displayed by eq. 4 to the right hand side. 

 

For the state of the art efficiency of the process a value of 75.5% is taken from the report by ENEA (ENEA, 

2016). The more advanced CCU process yields an efficiency of 80.4% according to (Pérez-Fortes et al., 

2016), which is considered for 2020. For the following periods until 2040 only a minor increase in 

efficiency up to 82% is considered. 

 

Atsonios (Atsonios et al., 2016) provides a specific price of 133.4 €/to (MeOH) for CAPEX and OPEX as 

a yearly rate. With 5% OPEX and 2% insurance, a capital recovery factor of 0.11 and the higher heating 

value of Methanol this converts to 1575 €/kW (MeOH) for CAPEX. This value is in good agreement to the 

ENEA report (ENEA, 2016), where 1,500,000 €/MW(MeOH) are stated for the year 2015, even though 

they assume an additional cost of 50%, which is already included in the analysis presented by Atsonios. 

Since Atsonios gives more details about his cost analysis, the value for CAPEX according to his work is 

considered in this study, resulting in 1890 $/kW (MeOH) for CAPEX of technology MEOHSYN after 

conversion of currency from € to US$ by a factor of 1.2. 
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Regarding potential reduction in cost for the future, only the ENEA report provides an estimate. According 

to (ENEA, 2016) CAPEX for technology MEOHSYN should reduce by 1/3 until 2030 and by 53.3% until 

2050. This decline has been adopted to the data entered to Temoa. OPEX is as well taken from the ENEA 

report (ENEA, 2016) with 7.5% of CAPEX. The value suggested by Atsonios is close by, if their data for 

OPEX (5%) and insurance (2%) is added.  

 

Similarly, as in case of technology SNGSYN, variable cost is mainly attributed to utilization of CO2. For 

that reason, no values are fixed in this section. Instead, the impact of CO2 cost will be studied by parameter 

variation in the next paragraph. In contrast to the process of generating SNG, for Methanol production 

specific cost of 10 $/to (CO2) convert to 0.6 Mio. $/PJ(MeOH) due to the different stoichiometric of the 

chemical reactions (compare eqs. 3 and 4). Any other variable cost besides the cost for CO2 are neglected. 

Finally, lifetime of technology MEOHSYN is fixed at 20 years as indicated in (ENEA, 2016). Appendix 

Table 3.24 summarizes all relevant data for technology MEOHSYN for the generation of Methanol from 

Hydrogen and CO2 in Temoa. 

 

Appendix Table 3.24: Data for Methanol generation technology MEOHSYN entered to Temoa 

 period/vintage MEOHSYN 

efficiency / % 

 

2015 75.5 

2020 80.4 

2025 81.0 

2030 81.5 

2035 82.0 

2040 82.0 

CAPEX / Mio. $/GW (out) 2015 1890 

2020 1650 

2025 1440 

2030 1260 

2035 1120 

2040 1000 

OPEX / Mio. $/GW (out) 2015 141.75 

2020 123.75 

2025 108.0 

2030 94.5 

2035 84.0 

2040 75.0 

Cost, variable  CO2 cost, variable 

Lifetime / a  20 
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1.3.6.12 Technology for storing Methanol (MEOH_STO) 

While for SNG the gas grid and the storages associated to it are accessible, in case of Methanol a separate 

storage should be available at the production site. For that reason, technology MEOH_STO is implemented 

in Temoa in order to serve in this way. However, the technology itself is quite simple, because Methanol is 

stored as a liquid at ambient or slightly elevated pressure. Therefore, any cost for the storage of Methanol 

are neglected at this early stage of the analysis, since they are small compared to the cost of all other 

technologies involved. In addition, energy losses mainly caused by pumping are small in this terms and by 

this means negligible as well, resulting in an efficiency of 1 for technology MEOH_STO in Temoa. 

Expected lifetime of the technology is fixed to 20 years. 

  

1.3.6.13 Technologies for blending Methanol into gasoline for utilization in the transport sector 

(…_MEOHBL) 

As outlined in paragraph 2, Methanol can be blended to a high extent into gasoline. Based on the discussion 

at the end of paragraph 2, a content of 85 Vol% Methanol in gasoline is feasible. It has been outlined as 

well that this pathway of Power-to-X opens the field for liquid fuels in addition to SNG and by this means 

allows renewable electricity entering the transport sector in a second way in addition to the direct use in 

form of e-mobility. 

 

For blending Methanol into gasoline commodities E10, E85, JTF and O_GSL are involved in Temoa, as 

shown in Appendix Figure 3.15. Consequently, technologies T_E10MEOHBL, T_E85MEOHBL, 

T_JTFMEOHBL and O_GSLMEOHBL are implemented. By applying parameter tech_input_split the 

proper content of Methanol is maintained for each type of gasoline. As in case of blending Hydrogen into 

natural gas, is must be kept in mind that the input parameter for tech_input_split is based on activity rather 

than on volume. Therefore, the percentages need to be converted based on the high heating values of the 

liquids involved. In case of E10, JTF and O_GSL the same higher heating value is assumed resulting in 

parameter for tech_input_split of 75.69% Methanol and 24.31% gasoline. In case of E85 the lower higher 

heating value due to the high percentage of Ethanol is considered resulting in 80.32% Methanol and 19.68% 

E85 as input parameter for tech_input_split in terms of technology T_E85MEOHBL. 

 

It should be noted here as well that any blending with a smaller percentage of Methanol is feasible, because 

the pathway of direct utilization of the gasoline fuels is still active in parallel as displayed in Appendix 

Figure 3.15. 
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Again, similar to implementing the blending technologies for Hydrogen in Temoa, they are used for 

emission accounting as well. Since Methanol from Power-to-X is produced from renewable electricity, it 

is not burdened with emissions of CO2. Therefore, any fuel blended with 85% Methanol from Power-to-X 

shows 85% less CO2-emissions, which is incorporated in technologies T_E10MEOHBL, T_E85MEOHBL, 

T_JTFMEOHBL and O_GSLMEOHBL. 

 

1.7 Biomass 

We have following 8 types of biomasses going to power plant and transportation sector. All the types have 

a maximum activity constraint. The variable cost of the biomass is taken from (DoE BTS, 2016) using the 

following query: 

 

Filter the data by year and feedstock. For 2017 use the data for the base case all energy crop. For all 

subsequent year use the data from 4% yield increase scenario. Download the dataset as .csv file. Sum over 

the data by time period and unit price. If the unit of production is in bushels, then convert it to dry tons by 

multiplying by 0.0254. The BTS (DoE BTS, 2016) reports out the feedstock values as cumulative amount 

for each step. So, subtract out the values from the previous step to get the incremental amount that the 

model can use at each price step to avoid double counting. For example, Appendix Table 3.25 shows the 

calculation for corn stover (IMPSTV).  
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Appendix Table 3.25: sample calculation for IMPSTV 

IMPSTV USD (Mil. 

$) 

2017 2020 2025 2030 2035 2040 

(before) R4 30 0 0 6.26 16.29 27.3 31.64 
 

40 22.92 25.55 29.98 33.21 37.39 40.99 
 

50 50.36 55.86 65.67 75.29 83.12 91 
 

60 57.24 62.96 72.77 80.12 88.02 95.96 
 

70 60.06 65.6 76.19 84.72 92.8 99.92 
 

80 63.17 69.43 79.49 87.34 96.47 103.82 
 

90 65.05 70.77 81.7 90.15 98.14 104.31 
 

100 66.63 71.75 82.58 90.49 98.13 104.22 
        
        

(After) R4 30 0 0 6.26 16.29 27.3 31.64 
 

40 22.92 25.55 23.71 16.92 10.09 9.35 
 

50 27.44 30.31 35.69 42.08 45.73 50.01 
 

60 6.88 7.1 7.1 4.83 4.9 4.96 
 

70 2.81 2.64 3.42 4.6 4.78 3.96 
 

80 3.12 3.83 3.3 2.63 3.67 3.9 
 

90 1.88 1.34 2.21 2.8 1.66 0.49 
 

100 1.58 0.98 0.88 0.34 0 -0.09 
 

Prod. (MMt) 66.63 71.75 82.57 90.49 98.13 104.22 
 

Mil. $/MMT 52.155 51.196 50.103 48.378 46.680 45.534 
 

Mil. $/PJ 3.863 3.792 3.711 3.584 3.458 3.373 

 

Following Appendix Table 3.26 shows the energy content of all the biomasses which is used for the above 

calculations. 

 

Appendix Table 3.26: Energy content of the biomass 

Energy content (PJ/Mt) Reference 

STV 13.5 Demirbas, (2004). 

AGR 13.5 Demirbas,  (2004). 

ECG 13.083 Tillman, (2000) 

ECW 15 Demirbas, (2004). 

ECA 15 Tillman, (2000) 

UWW 15 Tillman, (2000) 

FSR 15 Demirbas, (2005). 
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For IMPSOY, cost was an order of magnitude off with the above calculations. The above cost might not 

consider the transportations cost. This part needs more research and is currently left for future students. The 

IMPSOTY cost comes from (Market Insider).  
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Chapter 4 

 
1 Proving global optimality of the IPOPT solution: 

Simplified form of the energy efficiency model can be given as follows: 

 

max	𝑓r𝐸=, 𝜃=, 𝐶𝐴𝑃0,�, 𝐴𝐶𝑇0,�,=s

=]ó (𝑞 𝜑⁄ )A/ï	𝑑𝑞
å¾�

å¾�
õ®É

=∈p

− 𝛽]𝑃𝜃=	𝜃=
=∈p

− ]]𝐼𝐶0,�	𝐶𝐴𝑃0,�
0∈¡�∈¤®

−] ]]𝐹𝐶0,�,=	𝐶𝐴𝑃0,�
0∈¡�∈¤®=∈p®

−] ]]𝑉𝐶0,�,=	𝐴𝐶𝑇0,�,=
0∈¡�∈¤®=∈p®

 

(1) 

s. t. ] ]𝐴𝐶𝑇0,�,=
0∈¡�∈¤®

≥ 𝐸= ∀	𝑡 ∈ 𝑇 (1a) 

𝜁0,�,= 	𝐶𝐴𝑃0,� ≥ 𝐴𝐶𝑇0,�,= ∀	𝑡 ∈ 𝑇0, 𝑣 ∈ 𝑉0, 𝑖 ∈ 𝐼 (1b) 

𝐵	𝑋	 ≥ 	𝑏  (1c) 

 

Where, 𝐸𝑆=  is defined as a production function of 𝜃=  and 𝐸=, given in Equation 5. Hence, 𝐸𝑆= is equivalent 

to ç𝛼𝜃=
(ð8A)

ðè + (1 − 𝛼)𝐸=
(ð8A)

ðè é
ð
ð8Aè

. Assume that the above problem has 𝑛 decision variables and 𝑚 

constraints. The proofs of the propositions 1 to 5 are given in Convex analysis and monotone operator 

theory in Hilbert spaces, chapter 8 (Bauschke & Combettes, 2017). 

 

Definition 1: For the 𝑛 × 𝑛 matrix 𝐴, the 𝑘=>order principal submatrix is obtained by deleting the last 𝑛 −

𝑘 rows and columns of 𝐴. The determinant of this matrix is called leading principal minor of 𝐴.  

 

We denote the 𝑘=> order leading principal submatrix of 𝐴 by 𝐴F and the 𝑘=> order leading principal minor 

by |𝐴F|. 

 

Proposition 1: The matrix 𝐴 is negative semidefinite if and only if every principal minor of odd order is 

≤ 0 and every principal minor of even order is ≥ 0. 

Proposition 2: Let 𝑓 be a twice differentiable function on 𝑍 such that 𝑍 ∈ 𝑅Ê  and 𝑥∗ is an interior point of 

𝑍. Then, 𝑓 is concave if and only if Hessian matrix of 𝑓, 𝐻O(𝑥∗), is negative semidefinite at all 𝑥∗ ∈ 𝑍. 

Proposition 3: Let 𝑓A and 𝑓m are concave functions then 𝑓A + 𝑓m is also a concave function 

Proposition 4: Feasible region 𝑆 where, 𝑆 = {𝑋 ∈ 𝑅Ê, 𝑋|𝐴𝑋 ≥ 𝑏} is convex where, 𝑋, 𝑋 ∈ 𝑅Ê, is a vector 

of decision variable, 𝐴 is the constraint coefficient matrix and 𝑏 is the right-hand side of the constraint. 
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Proposition 5: Let 𝑓 be a concave function on a convex feasible domain 𝑆 ∈ 𝑅Ê and 𝑥∗ be an interior point 

of 𝑆. If 𝑥∗ is a local maximum of a 𝑓 then 𝑥∗is also a global maximum. 

 
For our analysis Appendix Table 4.1 represents the ranges of the parameters used for sensitivity analysis. 

Note that close interval denotes that the boundary values are included while open interval denotes that they 

are not.  

 

Appendix Table 4.1:Valid range of the model parameters 
Parameter Range 

𝜶 (0,1) 

𝜷 (0,1) 

𝝐 (−∞, 0) 

𝝈 (1,∞) 

𝑷_𝜽𝒕 (0,∞) 

 

For the simplification purpose, we drop the summation over time period since from Proposition 3, we know 

that summation of concave functions is concave. For a given 𝑡̃, where 𝑡̃ ∈ 𝑇, after simplifying the integral 

and ignoring the summation over time period, 𝑓r𝐸=,𝜃=, 𝐶𝐴𝑃0,�, 𝐴𝐶𝑇0,�,=s can be given as 
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− ]]𝑉𝐶0,�,=� 	𝐴𝐶𝑇0,�,=�
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(2) 

 

Proposition 6: The function 𝑓r𝐸𝑡Ë, 𝜃𝑡Ë, 𝐶𝐴𝑃0,�, 𝐴𝐶𝑇0,�,𝑡Ës given in (2) is concave 

 

We are ignoring the constant term in the objective function. The Hessian matrix, 𝐻O(𝐸=�, 𝜃=� , 𝐶𝐴𝑃𝑖,𝑣, 𝐴𝐶𝑇𝑖,𝑣,=�) 

is computed as follows 
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𝐻O(𝐸=�, 𝜃=�, 𝐶𝐴𝑃0,�, 𝐴𝐶𝑇0,�,=�) 	=
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Where, the partial derivative with respect to 𝐶𝐴𝑃0,� is equivalent to taking a partial derivative with respect 
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Hence, the Expression (3) can be written as (𝑎𝑏𝑐)/𝑑. We compute φ=� in equation (13). Since the demand 

of electricity 𝐸=�
Ú and price of electricity 𝑃𝐸=�

Ú are always positive, φ=� is always positive. The decision 

variables θ=� and 𝐸=� are nonnegative. Hence for the assumed parameter values given in Appendix Table 4.1, 

𝑎, 𝑏 and 𝑑 are always negative while 𝑐 is always positive. Hence, (𝑎𝑏𝑐)/𝑑 is always negative, i.e., is the 

first principal minor is always negative.  
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Hence, (4) can be given as (𝑎𝑏𝑐)/𝑑. Upon closer inspection, we can see that for the assumed parameter 

values given in Appendix Table 4.1, 𝑎 and 𝑑 are always negative while 𝑏 and 𝑐 are always positive. Hence, 

(𝑎𝑏𝑐)/𝑑 is always positive, i.e., the second principal minor is always positive. 

 

From above, |𝐴A| ≤ 0, |𝐴m| ≥ 0 and |𝐴F| = 0, ∀	𝑘 > 2.  Hence, from proposition 1, the Hessian matrix 

𝐻Or𝐸=�
∗, 𝜃=�

∗, 𝐶𝐴𝑃0,�∗ , 𝐴𝐶𝑇0,�,=�
∗ s is negative semidefinite for all 𝐸=�

∗, 𝜃=�
∗, 𝐶𝐴𝑃0,�∗ , 𝐴𝐶𝑇0,�,=�

∗ ∈ 𝑆m where, 𝑆m is a 

feasible domain defined by constraints (1a-c). Therefore, from proposition 2, the function is concave.  

 

If we add more electricity generation technologies, time periods and vintages then the resulting function 

will still be concave since from proposition 3, the sum of concave function will be concave. 

 

Proposition 7: Feasible region defined by constraints (1a-c) is convex 

 

Constraints (1a-c) are of the form 𝐴𝑋 ≥ 𝑏. Since, all the constraints are linear, from proposition 4, the 

feasible domain is convex. 

 

Theorem 1: The solution obtained by a nonlinear optimization solver is a global optimal solution. 

 

The objective function 𝑓r𝐸=, 𝜃=, 𝐶𝐴𝑃0,�, 𝐴𝐶𝑇0,�,=s is concave from proposition 6 and the feasible region is 

convex from proposition 7. Hence from proposition 5, the local maxima obtained from a nonlinear 

optimization solver (e.g. IPOPT from the Coin-OR initiative (Biegler, L. T., and Zavala, V. M., 2009)) is a 

global maximum. 

 

2 Data 

We modify an example energy system called ‘utopia’ to include solar and wind technology for electricity 

generation. This test case was, introduced in MARKAL, described in (Hewells et al., 2011) and extended 

in (Lavingne, 2017). Since the energy efficiency model is described for electric sector, we run the base case 

utopia model described by (Hewells et al., 2011) to determine the quantity demanded for electricity to meet 

the heating, lighting and transportation demand given in (Hewells et al., 2011).  

 

In the modified utopia example, a single region is represented which has electricity demand. The 

electricity demand fluctuates depending on the season and time of the day: in general, more electricity is 

required during the day time and in winter. To generate electricity, six different power stations are 

available: coal (tech_COAL), nuclear(tech_NUC), hydro (tech_HY), diesel (tech_DSL), solar (tech_SOL) 
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and wind (tech_WND). Diesel is imported (IMPDSL) and/or produced by a refinery (SRE) that converts 

imported crude oil (IMPOIL). Uranium and coal are also imported (via technologies IMPURN and 

IMPCOAL, respectively). The nuclear technology (tech_NUC) also take in fossil equivalent (FEQ) 

imported as (IMPFEQ) along with (URN) for electricity generation. The network diagram for the ‘utopia’ 

energy system is given in Appendix Figure 4.1. 

 

 
Appendix Figure 4.1: Graphical representation of a modified version of a test case called 'utopia' 

(developed for MARKAL). Energy technology is represented by green arrows, flow out by red arrows. 

Energy sources are shown on the left edge of the diagram (i.e., the import technologies), and on the right 

edge are the end-use electricity demand. This image was dynamically generated with an open source 

graphing utility called Graphviz 

 

The basic data used to calibrate the utopia application are summarized in Appendix Table 4.2. The future 

time horizon is from 1990 to 2010 while vintages of existing capacity is from 1960 to 1980. We assume 

that capacity factor of solar is zero during night time. Cost and performance data for wind and solar is taken 

from (EIA, 2018). 
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Appendix Table 4.2: Technology specifications for utopia database 
Parameter Input Efficiency Output Capital 

Cost 

Variable 

cost 

Fixed 

cost 

Capacity to 

activity  

Capacity 

factor 

Life Existing capacity 

          1960 1970 1980 

Unit    $M/GW $M/PJ $M/GW   years GW GW GW 

Technology             

Tech_COAL Coal 0.32 Electricity 2000 0.3 40 31.54 0.8 40 0.175 0.175 0.15 

Tech_NUC Uranium 0.4 Electricity 4000 1.5 500 31.54 0.8 40 0 0 0 

Tech_NUC FEQ 0.32 Electricity 4000 0 0 31.54 1 1000 0 0 0 

Tech_HYD Hydro 0.32 Electricity 3000 0 75 31.54 0.275 100 0 0 0.1 

Tech_DSL Diesel 0.294 Electricity 1000 0.4 30 31.54 0.8 40 0.005 0.005 0.2 

Tech_WND Wind 0.34 Electricity 1600 12 41 31.54 0.4 40 0 0 0 

Tech_SOL Solar 0.34 Electricity 2000 11 25 31.54 0.4 40 0 0 0 

             

Unit    $M/PJ/a $M/PJ/a $M/PJ/a   years PJ/a PJ/a PJ/a 

IMPDSL  1 Diesel 0 5 0 1 1 1000 N/A N/A N/A 

IMPCOAL  1 Coal 0 2 0 1 1 1000 N/A N/A N/A 

IMPOIL  1 Oil 0 8 0 1 1 1000 N/A N/A N/A 

IMPURN  1 Uranium 0 2 0 1 1 1000 N/A N/A N/A 

SRE Oil 1 Diesel 100 10 0 1 1 50 N/A N/A N/A 

Year 1990 2000 2010 For season: Inter Summer Winter 

Demand PJ/a PJ/a PJ/a For time slice: Day Night Day Night Day Night 

Electricity 6.42 29.85 35.17  0.1256 .0594 0.0755 0.0344 0.4801 0.2248 

    Year split: 0.1667 0.0833 0.1667 0.0833 0.3333 0.1667 

 

3 Policy Analysis 

Welfare gain from efficiency credit scenarios as compared to welfare gain from 40 $/ton carbon tax scenario 

is shown in Appendix Figure 4.2. The results show that 42% of the welfare can be recovered with 10% 

efficiency credit as compared to the welfare gain from carbon tax of 40 $/ton. 
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Appendix Figure 4.2: Welfare gain with respect to welfare gain with carbon tax = 40 $/tonCO2 

 
Capacity expansion for different policy scenarios is shown in Appendix Figure 4.3. Majority of the capacity 

expansion is in coal power plant since it is the cheapest available technology. Capacity expansion of Hydro 

and crude oil processor (SRE) is due to the lower limit set on the capacity expansion in the utopia database. 

As can be observed, capacity expansion is lowest in carbon tax scenario. Also, increase in efficiency credit 

leads to lower electricity demand. As a result, overall capacity expansion decreases with increase in 

efficiency credit.  
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Appendix Figure 4.3: Capacity expansion in GW for 40 $/ton Carbon tax (CT), no efficiency credit (EC0), 

10% efficiency credit (EC10) and 20% efficiency credit (EC20) 

 

 
Appendix Figure 4.4: For a given efficiency credit a point of a variable represents the percentage quantity 

of a variable as compared to the quantity of a variable under emission tax policy 
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