
ABSTRACT

DURAES DE FARIA, VICTOR AUGUSTO. Predictive and Prescriptive Analytics Applied to
Energy Systems. (Under the direction of Anderson Rodrigo de Queiroz).

Investments in renewable energy are expected to increase significantly in the following

years as a result of the continuous political and economic support towards the decarboniza-

tion of energy systems. This path, however, poses new technical and economic challenges

due to the variable nature of renewable energy resources and current technology costs.

In this work, we aim to contribute to the acceleration of renewable energy integration by

creating, enhancing, and evaluating predictive and prescriptive analytical models capable

of improving decision-making associated with the planning and operations of renewable

energy systems.

In Chapter 2, we develop a model based on Mean-Variance portfolio theory to identify

optimal site locations for offshore wind, wave, and ocean current technologies. This model

is combined with a detailed cost assessment of offshore transmission and energy conver-

sion devices (found in Appendix A) to construct efficient frontiers for different portfolios

associating energy variability with the portfolio Levelized Cost of Energy (LCOE). We also

propose a mathematical relaxation of the problem to improve computational efficiency,

allowing the simulation of large instances with multiple site locations. Finally, the model

is tested using data from a portion of the US East Coast representing the state of North

Carolina, and its results are incorporated into a capacity expansion model to derive eco-

nomic targets that make the offshore portfolios cost-competitive with other generating

technologies. Results indicate that integrating different offshore technologies can help

reduce energy variability associated with offshore energy resources; however, substantial

cost reductions are still necessary to realize the deployment of these technologies in the

region.

In Chapter 3, we propose the application of Generative Adversarial Neural Networks

(GANs) in the scenario generation of multiple energy resources over large geographic re-

gions with many site locations. This model is tested using wind, wave, and ocean current

data from the North Carolina region. Our results indicate that the synthetic scenarios gener-

ated by the GANs exhibit significant similarities to historical data (Appendix B), preserving

the statistical properties of each site and resource, also effectively capturing the complex

interactions between different locations. The GANs model is then applied in a study on

risk minimization of renewable energy portfolios by modifying the optimal site selection



problem presented in Chapter 2 with the goal of minimizing the risk of low energy genera-

tion conditions using the Conditional Value at Risk (CvaR) metric. Comparisons between

the CVaR approach and the traditional Mean-Variance minimization approach are also

derived and discussed.

In Chapter 4, we investigate the use of Artificial Neural Networks (ANNs) in streamflow

forecasting for hydropower plants, considering a large hydrological basin with more than

50 interconnected hydropower plants representing a portion of the Brazilian system. The

performance of the ANNs is then compared with results from models officially used by

the Brazilian independent system operator, demonstrating significant superiority of the

ANNs in terms of Mean Absolute Percent Error (MAPE) and the NASH-Sutcliffe coefficient

(NASH) for the majority of the hydropower plants investigated.

In Chapter 5, we examine the strategic planning of the North Carolina power sector

from 2023 to 2050 using both deterministic and stochastic capacity expansion models. This

chapter assesses the impact of government policies, technology forecasts from the NREL

Annual Technology Baseline (NREL-ATB), and fuel price trajectories from the EIA Annual

Energy Outlook (EIA-AEO). It also considers the risk of hurricane damage under various

policy and technology scenarios using stochastic optimization. Our findings indicate that

while nuclear and natural gas will remain the primary sources of electricity until 2030, the

share of renewable energy is expected to increase significantly by 2050 due to stringent CO2

reduction targets. In scenarios with accelerated renewable energy penetration, technologies

such as natural gas with carbon capture and storage (NG-CCS) and biomass-CCS will be

crucial for balancing energy supply with reduced emissions and providing reliability to

the system. Additionally, accelerated technology development paths can lead to higher

participation of renewables and reduce the cost premium for achieving CO2 targets to

between 1% and 1.8% over scenarios without CO2 policies. Finally, this chapter also shows

that the North Carolina energy system is resilient to hurricanes, with capacity expansion

solutions only slightly affected in most cases.

Finally, Chapter 6 provides a summary of the contributions of this work and points to

new research directions.
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CHAPTER

1

INTRODUCTION

With increasing concerns regarding climate change and sustainability in the last decade,

renewable energy technologies have received considerable attention in our societies lead-

ing the new power capacity additions in the world since 2012 (REN21 2022). Generation

technologies used to harvest power from the sun, wind, ocean, crops and water are expected

to account for almost 95% of the increase in total power capacity by 2026 (IEA 2021b). How-

ever, the increasing penetration of renewables creates additional concerns regarding the

reliability and stability of electric power systems. Such concerns directly impact electricity

costs and expose investments in generation to higher levels of risk (Bird et al. 2013), which

negatively affects the transition to a decarbonized energy matrix.

In the recent past, many countries have committed to CO2 reduction targets aiming to

help the process to mitigate the impacts of climate change on our planet. In 2015 the Paris

Agreement was created and can be considered an important milestone of collaborative

efforts among multiple nations (UNFCCC 2015) with the goal of limiting global warming

to below 2 � C compared to pre-industrial levels. Since then, many of its participants have

submitted ambitious plans for climate action. China, the largest emitter of CO2 in the world

(31% of global emissions), de�ned its goals to have CO2 emissions peak before 2030 and

achieve carbon neutrality by 2060 (China 2021). The United States, responsible for 28% of
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global CO2 emissions (second largest emitter), committed to reducing its net greenhouse

gasses by 50-52% below 2005 levels by the year 2030 (USA 2021), and India, the third largest

CO2 emitter (7% of global emissions), committed to reducing its emissions by 45% below

2005 levels in 2030 (India 2021).

In the United States, many states have adopted speci�c greenhouse gas reduction

targets to address climate change. In 2018 the governor of California issued the Executive

Order B-55-18 (Brown 2018), establishing a statewide goal to achieve carbon neutrality

by 2045. Virginia approved in 2020 the Clean Economy Act. (Virginia 2020) requiring a

transition to 100% renewable generation by 2045 (Dominion Energy Virginia) and 2050

(American Electric Power). North Carolina approved in 2021 the House Bill 951 (NC-GOV

2021b) establishing a target of 70% reduction in CO2 emissions (from electric generating

facilities) by 2030 and to achieve carbon neutrality by 2050 (NC-GOV 2021b).

In this context, as renewable energy sources increase their participation in the energy

systems' supply, additional investments in energy storage, transmission, and distribution

networks are also necessary to properly optimize the use these resources. Recent studies

project that for the world to achieve net-zero CO2 emissions by 2050, it would be necessary

that annual investments in the power sector to more than double, going from US$2 trillion

to US$5 trillion by 2030 and US$4.5 trillion by 2050 (IEA 2021a). In this case, investments in

transmission and distribution grids would need to expand from approximately US$ 260

billion today to US$ 820 billion by 2030, and investments in energy storage would need to

grow from US$ 4 billion to US$ 52 billion by 2030 (IEA 2021a).

In such complex, uncertainty rich and capital-intensive scenarios, prescriptive and

predictive analytical models and methods can be used to support decision-making with

respect to planning and operations. Among other possibilities, machine learning and opti-

mization modeling can signi�cantly contribute to improving risk assessment of renewable

energy portfolios, helping to maximize the expected return on investment and reduce

integration costs that may arise from the variable nature of renewable energy resources.

For example, in long-term planning of energy systems, also known as capacity expansion

planning, optimization models are often used to identify the least-cost mix of system

resources to meet the projected energy demand while taking into consideration government

policies, fuel prices, technology capital and operational expenses, among other factors

(Ha�z et al. 2020; Patankar et al. 2022). Additionally, in the medium to short-term planning,

machine learning models have been successfully used to forecast energy demand and

generation of different renewable energy resources such as hydro (Wagena et al. 2020), solar

(Alzahrani et al. 2017; DeCarolis et al. 2020), and wind (Wang et al. 2021). Such forecasting
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models are crucial tools in reducing costs caused by the variable nature of renewables as

they can improve the ef�ciency of the system operation, indirectly decreasing the need

for energy reserve requirements, frequency of curtailments, and use of more expensive

generation resources (Wang et al. 2016; Martinez-Anido et al. 2016).

1.1 Contributions

The overall goal of this dissertation is to provide novel frameworks and analyses that can

be used to support decision-making in real-life energy systems problems. We envision that

such prescriptive and predictive models and techniques can produce relevant information

and help to overcome complexities with renewable energy integration in energy systems

planning and operations. Furthermore, the models presented in this work are adaptable;

with appropriate data adjustments, they can be effectively implemented in regions beyond

those speci�cally studied here.

In pursuit of this goal, we have investigated: 1) the problem of optimal site selection for

offshore renewable energy technologies (wind, wave and ocean current) and assessment

of cost reduction targets for their integration into the North Carolina system through

the use of portfolio optimization and capacity expansion model simulations (de Faria

et al. 2022b); 2) the problem of scenario generation for renewable energy resources using

Generative Adversarial Neural Networks and the combination of these scenarios in the

assessment of supply risk using stochastic optimization (de Faria et al. 2023); 3) the problem

of stream�ow forecasting in hydropower systems using Arti�cial Neural Networks (de Faria

et al. 2022a); 4) the strategic planning of the North Carolina power sector from 2023 to 2050

using both deterministic and stochastic capacity expansion models, looking at variable

policy, technology, and fuel price trajectories, as well as the risk of hurricane damage to the

energy system infrastructure. All the research topics mentioned above are detailed below,

together with the major contributions of each of them.

1.1.1 Optimizing Offshore Renewable Portfolios Under Resource Vari-

ability

With the increase in renewable energy penetration, the coordination of different energy

resources will play an essential role in reducing energy variability and investment costs.

Despite offshore wind only accounting for less than 2% of the total renewable installed
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capacity in the world (IREA 2022), it is expected that in the next 20 years, this generation

will grow by at least 15-fold, potentially accounting for more than $1 trillion in investments

(IEA 2019). Ocean energy technologies such as wave and ocean current are still in their

early stages of development but may serve as an important complementary source to other

renewables, helping to drive down their costs and accelerate the transition to net-zero

energy systems.

In Chapter 2 we develop a model formulation based on Mean-Variance portfolio theory

to identify the optimal site locations for offshore wind, wave and ocean current technologies

considering constraints in the maximum number of turbines per site location and energy

collection system. This model is combined with a detailed cost assessment of offshore

transmission and energy conversion devices (Appendix A) and used to build ef�cient

frontiers for different combinations of wind, wave, and ocean current turbines, associating

the portfolio Levelized Cost of Energy (LCOE) with energy variability. Furthermore, to

improve the computational ef�ciency of the portfolio optimization process, a mathematical

relaxation is also proposed, which enables the simulation of large instances with more than

5000 candidate generation sites.

Finally, the proposed portfolio optimization model is tested using data from the North

Carolina coast. Optimal portfolios are then included in a capacity expansion model to

derive potential economic targets that would make the offshore portfolios cost-competitive

with other generating technologies.

The results of this Chapter indicate that the integration of different offshore technolo-

gies can help to decrease the energy variability associated with marine energy resources

and that substantial cost reductions are still necessary to realize the deployment of these

technologies in North Carolina.

Highlights:

• A novel portfolio model to analyze offshore wind, wave and ocean current is proposed

• Mean-variance portfolio theory is used to combine LCOE and resource availability

• We propose a model relaxation to allow the simulation of large-size instances

• The optimal energy portfolios are incorporated in a capacity expansion model

• Synergies between renewable resources and targets for cost reduction are estimated
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1.1.2 Scenario Generation and Risk-averse Stochastic Portfolio Opti-

mization Applied to Offshore Renewable Energy Technologies

Renewable energy projects have an average operating life of 20 to 40 years (Neary et al.

2014; NREL 2022b). Ideally, the data used to optimize these portfolios would need to be

long enough to capture different scenarios that can happen during the project's lifetime.

However, this can be challenging when only a few years of historical data are available. The

problem becomes more signi�cant if multiple technologies are evaluated simultaneously

since all the data used needs to be at the same time interval for consistency.

Inferring probability distributions in high dimensional spaces, with many site locations

and energy resources, is a complex task and traditional statistical methods are often imprac-

tical or fail to properly capture non-linear interactions between the variables considered in

the analysis (Lucic et al. 2018; Ravikumar et al. 2011). In Chapter 3 we propose a Generative

Adversarial Neural Network model to create synthetic scenarios of energy generation for

wind, wave and ocean current resources over large geographic regions with a substantial

number of site locations. The model is tested using data from the North Carolina coast.

Results show that there are signi�cant behavior similarities of the synthetic scenarios when

compared with the historical data, where statistical properties of each site and resource

are maintained, as well as adequately capturing complex interactions between different

locations.

The GANs model is then applied in a study of risk minimization of renewable energy

portfolios by modeling the problem of optimal site selection presented in Chapter 2 with

the goal to minimize the risk of low energy generation conditions using the CVaR metric

and comparing the results with the traditional mean-variance minimization approach.

Formally, � -CVaR is de�ned as the conditional expectation of the “losses” of an invest-

ment at the � % worse scenarios. In the context of this work, since we aim to maximize the

expected energy generation of a portfolio (and as consequence its return), the � -CVaR is for-

mulated to represent the expected energy generation at the � % worse conditions. Unlike the

CVaR model, the variance minimization model penalizes high-generation conditions and

low conditions (since variance is a symmetric function), which can be an undesirable fea-

ture in many portfolio optimization studies, and therefore motivated the implementation

of this new modeling approach using CVaR.
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Highlights:

• A GAN model is proposed to generate synthetic data for renewable energy resources

• A risk minimization model is proposed to perform portfolio optimization studies

• Risk is assessed in terms of the CVaR metric, and costs in terms of LCOE

1.1.3 An Assessment of Multi-Layer Perceptron Networks for Stream�ow

Forecasting

In Brazil, hydroelectricity corresponds to nearly 70% of the total generated energy and

60% of the total power capacity (ONS 2021). As the marginal price of electricity ($ / MWh) is

directly affected by the system storage level in the reservoirs, stream�ow forecasting plays

a critical role in de�ning the optimal system operation and electricity prices.

Particularly in the short-term operation, the differences between the amount of energy

contracted and consumed or produced by the agents need to be liquidated every month,

and the price at which this energy is traded is determined weekly by an optimization model

that de�nes the optimal dispatch of a set of power generators (in a centralized dispatch

scheme). With such high participation of hydroelectricity, it is no surprise that stream�ow

forecasting is one of the most important variables that affect the variability of prices in the

spot market (Kuki et al. 2020) where billions of US$ are traded every year.

In Chapter 4 we investigate the use of Multilayer Perceptron Neural Networks (MLP-

ANNs) in the short-term stream�ow forecasting of the largest hydrological basin in Brazil,

with more than 50 hydropower plants. Different ANN con�gurations are investigated. Our

results are compared with the of�cial models used by the Brazilian Independent System

Operator. In general terms, the ANN results show signi�cant superiority with respect to

Mean Absolute Percent Error (MAPE) and NASH-Sutcliffe coef�cient (NASH) for most of

the hydropower plants investigated.

Highlights:

• We investigate different neural network algorithms and formulations in a high-dimensional

stream�ow forecasting problem.

• Our ANN models are evaluated in a real large scale system benchmark with 55 hydro

plants.
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• The ANNs performance are compared with the Brazilian ISO forecasting model.

1.1.4 Capacity Expansion Planning on the North Carolina Energy System:

Analyzing Policies, Cost Trajectories, and Hurricane Risks

Capacity expansion models are essential tools extensively utilized by many research insti-

tutions (EIA 2022c; NREL 2020) and utilities (Duke Energy 2022b; FPL 2024) to simulate

the evolution of power systems. These models create detailed representations of existing

system components and future technological options, including their associated costs,

ef�ciencies, and technical limitations, as well as projections for electricity demand and

government policies.

Given the uncertainties in forecasting future economic variables, sensitivity analysis

has become a common practice in many capacity expansion studies (Gagnon et al. 2023;

EIA 2023a). This approach typically involves simulating multiple scenarios representing

various possible cost trajectories and policy frameworks, allowing researchers to assess the

variability of the model solution under alternative future scenarios. Still, due to the rapid

pace of technological advancement and the evolving nature of policies, it becomes crucial

that capacity expansion studies get updated regularly and that data becomes publicly

available so that modeling assumptions can be assessed transparently by other researchers.

Moreover, the assessment of disruptions caused by extreme events, such as hurricanes,

has increasingly become a focal point in energy system planning (FEMA 2022b; Bennett

et al. 2021). These events pose signi�cant economic risks and raise concerns about the

reliability of existing power infrastructures, as evidenced by substantial damages from past

hurricanes (FEMA 2022c; Duke Energy 2021; FPl 2023).

In Chapter 5, we investigate the capacity expansion problem for the North Carolina

energy system through deterministic simulations that incorporate various technology-fuel

cost trajectories and government policies (NREL 2022a; EIA 2023a; NC-GOV 2021b,a). We

also employ stochastic optimization modeling to account for the potential impacts of

hurricane damage on the energy infrastructure.

Our �ndings indicate that while nuclear, natural gas, and coal will continue to be the

primary electricity sources until 2030, the proportion of renewable energies is expected to

increase signi�cantly by 2050, driven by strict CO2 reduction goals. Natural gas with carbon

capture and storage (NG-CCS), supported by biomass-CCS technologies, will be key in

providing a reliable energy supply with lower emissions. The study also reveals that with fast

technology development, the energy sector is likely to shift towards more renewables, with
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only a 1 to 1.8% additional cost for meeting CO2 targets compared to scenarios without such

policies. Additionally, our results suggest that the North Carolina power system's planning

is not greatly affected by hurricane risks, especially in scenarios that exclude offshore wind.

Highlights:

• We investigate the NC capacity expansion planning using deterministic and stochastic

optimization models.

• We incorporate the risk of hurricane damage in the capacity expansion planning.

• Scenario analysis is performed considering alternative policies, technology, and fuel

price trajectories.

1.2 Dissertation Outline

This dissertation is organized as follows:

• Chapter 2 presents the problem of optimal site location for offshore renewable en-

ergy technologies through the use of Mean-Variance portfolio theory and integrates

different offshore portfolios in a capacity expansion model for the North Carolina

Energy System providing targets for cost reduction to allow the deployment of wind,

wave, and ocean current generation technologies in the North Carolina grid.

• Chapter 3 investigates the use of Generative Adversarial Neural Networks for the

scenario generation for renewable energy resources and the combination of these

scenarios in the assessment of risk using stochastic optimization.

• Chapter 4 discuss the use of Multilayer Perceptron Neural Networks in the problem

of stream�ow forecasting and create models for more than 50 different hydropower

plants in the Paraná Basin in Brazil, comparing the ANN performance with the models

used by the Brazilian Independent System Operator.

• Chapter 5 investigates the strategic planning of the North Carolina power sector from

2023 to 2050 using both deterministic and stochastic capacity expansion models,

looking at variable policy, technology, and fuel price trajectories, as well as the risk of

hurricane damage to the energy system infrastructure.
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• Chapter 6 summarizes the conclusions of this work and outlines potential directions

for future research.
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CHAPTER

2

OPTIMIZING OFFSHORE RENEWABLE

PORTFOLIOS UNDER RESOURCE

VARIABILITY

The deployment of offshore wind, wave, and ocean current technologies can be coordi-

nated to provide maximum economic bene�t. We develop a model formulation based on

Mean-Variance portfolio theory to identify the optimal site locations for a given number of

wind, wave, and ocean current turbines subject to constraints on their energy collection

system and the maximum number of turbines per site location. A model relaxation is also

developed to improve the computational ef�ciency of the optimization process, allowing

the inclusion of more than 5000 candidate generation sites. The model is tested using

renewable resource estimates from the coast of North Carolina, along the eastern US coast.

Different combinations of technology-speci�c offshore technologies are compared in terms

of their levelized cost of electricity and energy variability. The optimal portfolio results are

then included in a capacity expansion model to derive economic targets that make the

offshore portfolios cost-competitive with other generating technologies. The results in this
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chapter indicate that the integration of different offshore technologies can help to decrease

the energy variability associated with marine energy resources. Furthermore, this research

shows that substantial cost reductions are still necessary to realize the deployment of these

technologies in the region investigated. This research has been published in the journal

Applied Energy (de Faria et al. 2022b).

2.1 Introduction

With the world's rising concern about climate change and sustainability, renewable energy

technologies have improved substantially over the last two decades as a result of technology

innovation and policy support. According to the International Renewable Energy Agency

(IREA) (IRENA 2021), in 2020, renewables represented 80% of total capacity additions in the

world, continuing to outpace fossil fuels. In this context, onshore wind and solar currently

lead the deployment of renewables accounting for 91% of its added capacity.

In addition to the large deployments of onshore wind and solar photovoltaics, marine-

based generating technologies, including offshore wind, wave, and ocean current have the

potential to further diversify electricity supply. The complementarity between different

renewable energy resources can be utilized to reduce energy variability and increase system

security (IEA 2019; EU-OEA 2010).

In 2019 the IEA (IEA 2019) reported 28 GW of offshore wind energy capacity in the world

(1% of total renewables), of which 77% was located in Europe. However, it is expected that

offshore wind will grow by at least 15-fold in the next 20 years, potentially accounting for

more than $1 trillion in investment (IEA 2019). Finally, despite being currently more expen-

sive than onshore wind energy, offshore wind has lower hourly variability, can be deployed

at higher capacity factors (average energy generated divided by maximum electrical energy

output), and is seen (in some instances) as a solution to many of the siting concerns that

arise with onshore wind turbines, which can negatively impact local tourism and land value

(Sunak and Madlener 2016).

Wave energy technology is still largely in the research and development phase, with only

small deployments used to conduct pilot and demonstration studies (IRENA 2014). For this

technology, the project design can vary signi�cantly with the characteristics of the wave

energy resource, including wave height and wave period, making it dif�cult to establish

a convergent design model that could help to accelerate its development. Nonetheless,

wave energy has a higher power density than solar, wind, and even ocean current (Czech
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and Bauer 2012; Duerr and Dhanak 2012). Also, since ocean waves propagate with little

attenuation, they can be detected several miles offshore, allowing for skilled forecasts many

hours in advance (McArthur and Brekken 2010; Mérigaud et al. 2017).

Finally, although the use of ocean currents as a hydrokinetic energy resource has been

studied for many decades (Hanson et al. 2010), this technology is still in the early stages

of development with no commercial deployments. As in the case of wave energy, ocean

current technology is attractive because of its high power density and availability. Also,

the design of ocean current turbines has been adapted in part from existing commercial

wind turbines (VanZwieten et al. 2006). However, ocean current resources can exhibit

signi�cant spatiotemporal variation, therefore limiting the regions where it can be utilized

cost-effectively (Haas et al. 2017; Liu et al. 2018; Li et al. 2017). Other aspects such as ocean

depth and distance from shore are also critical considerations, narrowing further the set of

practical locations for energy extraction. As an example, the Gulf Stream, one of the most

well-studied ocean currents in the world, starts from the Gulf of Mexico, follows a signi�cant

portion of the US east coast, and departs the continental shelf near Cape Hatteras (located

in the state of North Carolina) (Haas et al. 2017). Despite the Gulf Stream's long reach, the

most viable regions for energy extraction are in the Florida Straits and off the North Carolina

Coast, where the current makes its closest approach to shore (Haas et al. 2017).

As previously mentioned, resource variability is a common concern regarding renewable

energy technologies (Bird et al. 2013). The electric power system needs to balance electricity

supply and demand in real time such that �uctuations in voltage and frequency can be

minimized, thereby avoiding power outages and damage to various grid components. In

this context, the variability of many renewable energy resources adds complexity to the

operation and planning of the electrical system, leading to larger requirements for reserve

power (e.g., storage, and natural gas turbines), capable of responding over short time

intervals to ensure that the grid remains balanced.

Many studies have investigated alternatives to cost-effectively address the problem

of renewable energy variability. Lund et al. (Lund et al. 2015) performed an extensive re-

view of the topic, discussing alternatives such as demand-side response, energy storage,

and regulatory practices, showing that a substantial amount of system �exibility can be

obtained without massive economic investments. Several studies have explored the bene-

�ts of resource diversi�cation and complementarity between different renewable energy

technologies as a strategy for reducing energy variability.

Solomon et al. (Solomon et al. 2016) investigated different levels of wind-solar penetra-

tion in California's electricity grid, showing a substantial reduction in energy storage for the
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hybrid wind-solar system when compared to the scenarios with only wind or solar. Kalogeri

et al. (Kalogeri et al. 2017) investigated the complementarity between offshore wind and

wave in Europe, showing that the combination of these resources can lead to portfolios with

lower energy variability and fewer hours of zero production. Halamay et al. (Halamay et al.

2011) analyzed the energy reserve requirements of the US Paci�c Northwest given different

levels of penetration for solar, wind, and wave energy, showing that an equal combination

of these resources provides the best solution for the system analyzed. Bhattacharya et al.

(Bhattacharya et al. 2021) showed that the electric grid can bene�t from higher penetrations

of marine renewable energy reducing energy balance requirements and variability; his

work considered tidal, wave, and ocean current technologies and focused on the U.S. and

Great Britain. Finally, Zhang et al. (Zhang et al. 2021) investigated the problem of optimal

allocation of wind power in China using a clustering model to aggregate similar geographic

regions showing the importance of portfolio optimization in reducing short-term energy

variations and increasing the �rm energy capacity of the system.

Previous studies have also applied Mean-Variance Portfolio theory to develop optimal

renewable energy portfolios. Li et al. (Li et al. 2017) developed an optimization model to

create portfolios consisting of diversi�ed site locations for ocean current energy turbines.

In their formulation, the optimization model minimizes the total variance in electricity

production subject to a target capacity factor. Their results indicate that it is possible to

signi�cantly reduce the variability in electricity generation by optimally diversifying the

selection of site locations where the turbine units are placed. In (Hu et al. 2019), a similar

methodology was used to investigate the geographical optimization of solar and wind en-

ergy in China, showing the importance of portfolio diversi�cation and the complementarity

between different resources.

This paper represents a signi�cant extension of the existent literature by modifying

the portfolio optimization to constrain the levelized cost of electricity (LCOE: Cost per

MWh generated) while minimizing variance, including offshore wind and wave energy

in the resource mix, and embedding the optimal portfolios in an electric sector capacity

expansion model that indicates the required cost reductions necessary to make the offshore

portfolios economically competitive with other technologies. We design a novel and general

optimization framework based on Mean-Variance portfolio theory to determine the site

selection of renewable energy technologies – including offshore wind, wave, and ocean

current – considering technical constraints in the length of the energy collection system

(Pérez-Rúa et al. 2019) and the levelized cost of energy. A convex relaxation of our original

formulation is also proposed to allow the representation of a larger number of site locations
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without prohibitive computational times. Once the optimal offshore portfolios are identi�ed

they are incorporated into a capacity expansion model, allowing us to estimate the capital

cost reduction that would make offshore renewable technology cost-competitive within

the interconnected power system. The proposed framework is then applied to analyze

renewable offshore resources along the US East coast. To our knowledge, this work is the

�rst to evaluate the optimal selection of wind, wave, and ocean current sites simultaneously,

providing valuable information regarding the synergies between these resources and the

economic targets for the future deployment of these technologies. Moreover, this research

also contributes to the development of more detailed portfolio optimization models where

the structural constraints related to the energy collection system can be incorporated

directly into a large-scale mixed-integer nonlinear optimization.

2.2 Methods

2.2.1 Mean-Variance Portfolio Model

The Mean-Variance Portfolio Theory was developed by Harry Markowitz in the mid-20 t h

century (Markowitz 1952). His work enforced the importance of risk in the selection of

optimal portfolios, suggesting the use of an ef�cient frontier curve, where the expected

return and risk (variance in return) are considered together in the analysis.

This method has been extensively used in many �elds including the area of energy plan-

ning. Roques et.al (Roques et al. 2008), applied the technique to identify optimal baseload

generation portfolios in a liberalized electricity market; the study considered gas, coal, and

nuclear generation, as well as costs associated with CO 2 emissions. Kitzing (Kitzing 2014),

used a Mean-Variance approach to compare different support instruments for renewable

energy, showing the importance of a proper risk representation when designing policy

schemes. Li et al. (Li et al. 2017) used a Mean-Variance model for the portfolio optimization

of ocean current devices, considering the tradeoff between total energy generation and

energy variability.

The Mean-Variance Portfolio formulation considered in this work is presented in Model I

(Equations 2.1-2.7). The model's goal is set to optimize the number of turbines at each viable

site location such that it minimizes the total energy variability of the portfolio ( Y T � Y )

given an upper bound on the LCOE and a set of other structural constraints (Equations

2.4-2.7). The LCOE is the average cost of each MWh generated by the portfolio. The goal is

to identify portfolios with low LCOE and low energy variability. However, there is typically
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an existent tradeoff between the two: sites that minimize LCOE may have high variability,

and vice versa.

To simplify the Mean-Variance portfolio formulation, we assume that each technology

has its own transmission and energy collection system, which is not shared among different

technology groups. Also, each site location de�ned by the indices ( e, i ) has assigned an

annualized turbine cost value ( Ce, i ), and a turbine generation capacity ( E Ge, i ). The annu-

alized turbine cost value (Ce, i ), takes into consideration the CapEx, and OpEx of the energy

conversion device, and an equivalent fractional value associated with the transmission and

energy collection system infrastructure.

Given the total number of turbines for each technology e (TNt e) it is possible to estimate

the annualized transmission system costs at any site i 2 Ie where offshore substations can be

built ( C T e,i ). Considering a solution ( ye,i ) of the portfolio optimization model, a reasonable

estimate of the transmission system can be derived by doing a weighted average of the ratio

C T e,i =TNt e with the number of turbines at each site ( ye,i ), as in Equation 2.1.

By assigning a fractional transmission cost ( C T e,i =TNt e) for each site location, it is pos-

sible to use the formulation presented in Model I to indirectly incorporate complex aspects

of the transmission system such as distance from shore, depth, and electric con�guration

(AC/ DC or AC/ AC) in a computationally ef�cient way. Additional information regarding

collection and transmission costs is provided in the Supplementary Notes.

C T_Pe(Y ) =
X

i 2Ie

C T e,i

TNt e
ye,i , 8 e 2 E (2.1)

Regarding the turbine generation capacity ( E Ge, i ) parameter, its value takes into consid-

eration the characteristics of the energy conversion devices, the renewable energy available

at each site location i 2 Ie , losses associated with the energy collection system (considered

constant), and losses associated with the transmission system. The ef�ciency of the trans-

mission system depends on its distance from shore and system con�guration (AC / DC or

AC/ AC). In this context, since the location of the offshore substation is not de�ned by the

optimization model, we attribute a transmission energy ef�ciency for each individual site

(e, i ). All considerations regarding cables, power capacity, voltage, and losses are detailed

in Appendix A.

In Model I, constraint (2.3) limits the LCOE of the portfolio, (2.4) limits the number of

turbines for each energy technology investigated (wind, wave, and ocean current), (2.5)

limits the number of turbines for each site location, and (2.6-2.7) control the extent of the

energy collection systems for each technology. These last two constraints ensure that the
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optimization model will not choose to deploy spatially distant turbines, which could lead

to higher energy losses and high energy collection system costs.

Model I: Mean-Variance Portfolio Optimization

min Y T � Y (2.2)
P

e2E

P
i 2Ie

Ce, i ye,i
P

e2E

P
i 2Ie

E Ge, i ye,i
� LC O E (2.3)

X

i 2Ie

ye,i = TNt e , 8 e 2 E (2.4)

ye,i � N t e,i , 8 (e, i ) 2 (E , Ie) (2.5)
X

k 2D R
v (e,i )

ye,k � ve,i TNt e , 8 (e, i ) 2 (E , Ie) (2.6)

X

i 2Ie

ve,i = 1, 8 e 2 E (2.7)

The complexity of the model described above increases severely with the number of

integer variables, which represent the number of site locations. Simulating (2.2-2.7) for

a large coastal area can lead to prohibitive computational times. Thereafter, a relaxation

procedure, described in Section 2.2.2, was developed to help decrease the computational

complexity of the problem.

2.2.2 Model Relaxation

A model relaxation is a mathematical strategy that consists of approximating a dif�cult

problem by a simpler one, which is easier to solve. The relaxed model is strategically con-

structed such that all the solutions of the original model are still present after the relaxation.

However, the relaxed model normally contains additional feasible solutions that do not

exist in the original model formulation. In this context, for a minimization model such as

Model I, a relaxed solution would lead to a lower bound for the original problem. A model

relaxation offers a faster way of investigating the problem feasibility space and can provide

valuable information for decreasing the problem size and �nding near-optimal solutions.

After a series of attempts to create a relaxed model formulation, the best strategy to

reduce simulation time was to modify Model I by making the variable ye,i a continuous

variable, which we name xe,i , and reduce the number of ve,i variables by creating an up-

scaled version of it, de�ned here as we,i . In our analysis, we notice that different from the
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xe,i variable, it is important to keep the we,i variable integer in order to achieve tighter

relaxed solutions (close to the global optima). In this work, the relaxed version of Model I is

called Model II.

Figure 2.1 exempli�es the process of upscale for the ve,i variable and its consequence in

constraints (2.6-2.7). The example shown in this �gure ignores the index e for simplicity.

Model II: Relaxed Mean-Variance Portfolio Model

min X T � X (2.8)
P

e2E

P
i 2Ie

Ce, i xe,i
P

e2E

P
i 2Ie

E Ge, i xe,i
� LC O E (2.9)

X

i 2Ie

ye,i = TNt e , 8 e 2 E (2.10)

xe,i � N t e,i , 8 (e, i ) 2 (E , Ie) (2.11)
X

k 2D R
w (e, j )

xe,k � we, j TNt e , 8
�
e, j

�
2

�
E , j e

�
(2.12)

X

j 2 Je

we, j = 1, 8 e 2 E (2.13)

In Model I, for each ye,i variable there is a correspondent ve,i variable responsible to

limit the spatial extent (i.e., radius) of the energy collection system ( R) for each technology

(Figure 2.1a). In the example shown in the left panel of Figure 2.1, v45 = 1 and R = 5km ,

which means that all cells in the light red area are candidates for the deployment of turbines

(D R
v (e,i )). The problem with this approach is that it is still necessary to represent as many

integer variables ( ye,i , and ve,i ) as two times the number of site locations. Even with the

relaxation of ye,i as a continus variable ( xe,i ), the model would still have a prohibitively

large number of integer variables.

In order to reduce the number of integer variables associated with the energy collection

system (ve,i ), it is possible to aggregate the ve,i variables that are “close” to each other. The

right panel of Figure 2.1 shows an example where four ve,i variables are aggregated (dark

red) and represent a single integer variable ( w22). The w22 variable corresponds the energy

collection system of the variables v44, v45, v54, and v55, and therefore in Model II, D 5km
w (22) must

be the union of D 5km
v (44) , D 5km

v (45) , D 5km
v (54) , and D 5km

v (55) .

It is important to notice that if v45 = 1 is optimal for Model I, this solution is still a feasible

solution for Model II when w22 = 1. However, from the perspective of Model I, solutions

obtained with Model II will be a lower bound.
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Figure 2.1: Model I relaxation of the site locations. Nearby sites are aggregated to reduce
the number of integer variables.

2.2.3 Two-Stage Optimization and Ef�cient Frontier

The solution of Model II provides a lower bound for the original model formulation and

an approximate location for the energy collection system ( we,i = 1). At this stage, Model

II results can be used to limit the site locations analyzed, and Model I can be solved con-

sidering the region limited by we,i = 1 (light red area in Figure 2.1b). This constrained

solution of Model I will only provide an upper bound for the original problem. However,

if the difference between this upper bound and the lower bound from Model II is small

enough, our constrained Model I simulation can be considered close to the global optimal

solution of the original problem.

Finally, given a speci�c portfolio with a prede�ned number of wind, wave, and ocean

current turbines, we can run the two-stage relaxed model for different LC O E levels and

build an ef�cient frontier representing the optimal tradeoff between LCOE and variability

in energy output. Figure 2.2 is a �ow diagram summarizing the process described in this
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section.

Figure 2.2: Process for Estimating the Portfolio Ef�cient Frontier.

2.2.4 Capacity Expansion Model

After �nding the ef�cient frontiers associated with different offshore energy portfolios, we

incorporate our optimal portfolios into a capacity expansion model that represents the

North Carolina energy system to estimate the level of reduction in LCOE in order to see the

deployment of these portfolios by 2030 and 2050.

The capacity expansion model used in this work is called Tools for Energy Model Opti-

mization and Analysis (Temoa) (DeCarolis et al. 2010). Temoa minimizes the present cost

of energy supply by deploying and utilizing energy technologies and commodities overtime

to meet a set of constraints that ensure proper system performance. The model has been

extensively used in the literature (De Queiroz et al. 2019; Li et al. 2019a; Sodano et al. 2021).

We use Temoa-compatible input database representing the North Carolina electric sector

(Base case �le), which is publicly available for download and is documented in (TEMOA

2019). This dataset has been used in several other studies for the North Carolina Region

(Li et al. 2019a; Sodano et al. 2021), and thereafter was also considered in this work. It is
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also important to mention that many of the system projections considered in this dataset

are based on the Annual Technology Baseline reports (NREL 2019) from NREL, which do

not consider resource availability changes due to climate changes that is likely to affect

resources and technology ef�ciency / costs during the years 2030-2050 (Costoya et al. 2020).

2.3 Data

This work considers as study domain a portion of the US east coast representing the state

of North Carolina (NC). This state has among the largest offshore wind and wave energy

potential along the US east coast (Musial et al. 2016; Jacobson et al. 2011). In addition, North

Carolina represents one of the few locations where energy extraction from ocean currents

is considered viable (Haas et al. 2017; Haas 2013).

When integrating different energy resources in a portfolio optimization analysis it is

important to maintain the same time scale and time interval across all resources, for the US

east coast, the largest common time interval available for wind, wave, and ocean current

data was from January 2009 to December 2013 at a 3-hour time discretization. Therefore,

this is the period of analysis chosen in this work.

2.3.1 Wind

Offshore wind speed data is drawn from the NREL Wind Integration National Dataset

(WIND) Toolkit (NREL 2020), which contains data at 2km � 2 km grid resolution and was

sampled at 3-hour time intervals to be consistent with the other data sources used in this

work. This dataset contains more than 11,000 site locations for North Carolina, which would

be a computational challenge for the portfolio optimization model. However, the WIND-

Toolkit (NREL 2020) provides documentation specifying the set of viable site locations for

offshore wind deployments in the United States based on depth, distance from shore, and

wind speed, also considering environmental and land-use criteria. This documentation

is used to limit the number of wind sites evaluated in this work, leading to the analysis of

1692 wind energy sites in North Carolina.

Wind speed is converted into energy assuming a 6 MW wind turbine with a rotor diam-

eter of 155m and hub height of 100m (NREL 2019; Beiter et al. 2016), with an associated

power curve drawn from (King et al. 2014). Additionally, it is assumed that each 2km � 2

km grid cell can accommodate a maximum of four 6 MW turbines (NREL 2019; Beiter et al.

2016). This turbine model was chosen following the common practices of NREL (Beiter
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et al. 2016). Figure 2.3 depicts the site locations analyzed for wind energy, along with the

corresponding capacity factors (CFs).

Figure 2.3: Average site-speci�c capacity factor estimates for wind energy off the North
Carolina coast from 2009-2013.

The capital expenditures (CapEx) and operational expenditures (OpEx) for wind energy

were obtained from (NREL 2019), which de�nes 15 different cost groups based on depth and

distance from shore. More information regarding the resource characterization, turbine

parameters, as well as cost estimates can be found in Appendix A.

2.3.2 Wave

For the wave energy resource, data of signi�cant wave height and wave period were obtained

from the WAVEWATCH III model (NOAA 2020) from January 2009 to December 2013 at a

spatial resolution of 1 / 15� (� 6.7 � 6.7 km) and time resolution of three hours. WAVEWATCH

III is a third-generation wave model developed at NOAA / NCEP, and is widely used for the

assessment of wave energy resources (Gonçalves et al. 2018; Jacobson et al. 2011; Haces-

Fernandez et al. 2018).
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As for the energy conversion device, after investigating a set of four alternative energy

converters, see Appendix A.2, we considered a scaled version of the Pelamis model (Yemm

et al. 2012) developed by the University of Edinburgh (University of Edinburgh 2006). This

is an attenuator-type model of 1.5 MW scaled to operate at regions with lower wave heights

when compared to the original Pelamis model (Yemm et al. 2012), which would perform

well off the North Carolina coast.

For the scaled Pelamis energy converter, its project design (University of Edinburgh

2006) limits the deployment depth to 50-150 m, leading to 82 feasible sites in North Carolina,

each corresponding to cells of approximately 6.7 � 6.7 km, where a maximum packing

density of 12.5 devices per km 2 is allowed. Figure 2.4 depicts the site locations analyzed for

wave energy and the corresponding CFs.

Finally, estimates for the CapEx and OpEx of the wave devices were based on the infor-

mation presented in (Bosserelle et al. 2015a) and (Neary et al. 2014). Similar to wind energy,

a detailed description of the cost assumptions and generator model associated with wave

energy technology is available in Appendix A.

Figure 2.4: Average site-speci�c capacity factor estimates for wave energy off the North
Carolina coast from 2009-2013.
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2.3.3 Ocean Current

For hindcasts of ocean current speed in the North Carolina region, two different models

were considered, namely HYCOM / NCODA (HYCOM 2020) and MABSAB (Gong et al. 2015).

The Hybrid Coordinate Ocean Model (HYCOM) is a primitive equation ocean general

circulation model that evolved from the Miami Isopycnic-Coordinate Ocean Model (MI-

COM) (Halliwell 2004). It is a multi-institutional effort sponsored by the National Ocean

Partnership Program and has been used in many studies for the assessment of hydrokinetic

energy resources (Kabir et al. 2015; Haas et al. 2014; Yang and Copping 2017). In this work,

the abbreviation HYCOM / NCODA is used to represent data coming from the HYCOM

model in which the Navy Coupled Ocean Data Assimilation System (NCODA) was used for

data assimilation.

The MABSAB model (Gong et al. 2015) was developed to hindcast and diagnose ocean

circulation variability in the Middle Atlantic Bight (MAB) and the South Atlantic Bright

(SAB). It is based on the Regional Ocean Modeling System (ROMS) (Shchepetkin and

McWilliams 2005), a high-resolution, free-surface, terrain-following coordinate oceanic

model extensively explored in the literature (Madec 2016; Gula et al. 2014). For open bound-

ary conditions, the MABSAB model is nested inside the 1 / 12� global data assimilative

HYCOM/ NCODA output (Gong et al. 2015), assuring consistency between the hindcast

generated by the two models used in this work.

Because the process of simulating ocean circulation is extremely complex, often requir-

ing a substantial amount of computational resources, there are very few datasets available

with high spatial resolution and high time-frequency. In the case of the North Carolina,

however, data on ocean current speed from January 2009 to December 2013 is available

from HYCOM / NCODA (HYCOM 2020) at a 3-hour discretization and 1 / 12� grid resolution

(� 8 � 8 km), and for MABSAB (Gong et al. 2015) at daily discretization and 2 � 2 km grid

resolution. Therefore, in this work, we constructed a synthetic dataset with the objective

of capturing the hourly variability presented in HYCOM, while keeping the better spatial

resolution of MABSAB.

We �rst, normalize the HYCOM data. In each day of the HYCOM / NCODA dataset,

the eight current estimates (3-hour discretization) for each grid cell are divided by their

corresponding daily average. Next, for each MABSAB cell, we �nd the closest HYCOM cell

and transfer the HYCOM data into the MABSAB resolution (2 � 2km), scaling the normalized

HYCOM data (eight estimates each day) by the daily ocean current speed from the MABSAB

dataset.
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This synthetic dataset for ocean current speed has 3-hour time resolution and 2 � 2 km

grid resolution ranging from January 2009 to December 2013, and is used thereafter in this

work for the analysis of the ocean current resources in North Carolina.

For the ocean current energy conversion device, we consider the RM4 model developed

by Sandia National Laboratory (Neary et al. 2014), since this design is well-documented and

used in other analyses made for the U.S. east coast (Neary et al. 2014; Li et al. 2017). However,

a few modi�cations were made to the turbine design in order to adjust its characteristics

to the North Carolina ocean current resource. The original RM4 model was developed to

operate along the coast of Florida in faster ocean currents compared to North Carolina.

To compensate for this reduction in current speed, we increase the rotor diameter of this

turbine from 33m (original model) to 45m, which results in a larger energy capture area.

This change leads to additional modi�cations in the model design, CapEx and OpEx values,

all of them detailed in the Supplementary Notes.

Finally, in this project, we assume that ocean current turbines will operate with its

buoyancy tank and rotor at 50m depth and that a maximum packing density of four devices

per 2 � 2 km grid cell is allowed, as done in (Neary et al. 2014) and (Li et al. 2017) to assure

the safety and ef�ciency of the system. Additionally, a minimum ocean depth of 100 m and

a maximum of 2500 m is considered in the de�nition of feasible site locations in order to

satisfy constraints related to the turbine model Neary et al. (2014) and its anchoring system

(Chandrasekaran and Jain 2017).

Figure 2.5 depicts the site locations analyzed in this work for the ocean current technol-

ogy (4108 sites) and their corresponding CFs.
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Figure 2.5: Average site-speci�c capacity factor estimates for Ocean Current off the North
Carolina coast from 2009-2013.

2.4 Results

We utilize the models described in Chapter 2.2 to develop optimal portfolios consisting of

different resource mixes. We specify the capacity mix of the three resources exogenously in

order to explore the decision space, in each case allowing the model to optimally select the

locations. We choose technology-speci�c capacity combinations that are large but plausible

for the North Carolina power system. Thus we analyze the deployments of 300 and 600 MW

of wind energy, 150 MW of wave energy, and 200 MW of offshore ocean current, as well as

different combinations of these technologies. These deployment sizes were also chosen to

ensure that most bene�ts from economies of scale would already be incorporated into the

CapEx and OpEx of the portfolio, following references (NREL 2019) and (Neary et al. 2014).

A total of eleven different portfolio sizes were simulated, and the Mean-Variance port-

folio model proposed in this work was used to construct the ef�cient frontier of these

portfolios. Temoa was then used to estimate the levels of cost reduction necessary for these

offshore technologies to reach cost parity with other generating technologies in North
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Carolina.

2.4.1 Mean-Variance Portfolio Optimization

Figure 2.6 presents the ef�cient frontier for the various capacity combinations. The y-axis

represents the LCOE of a speci�c portfolio, and the x-axis represents the variance in CF. The

size of the portfolio is described by three capacity numbers in the following sequence: wind,

wave, and ocean current. For each portfolio size, there is a blue and red curve representing

the results of Stage 1 and 2 from the models described in Chapter 2.2. Finally, it is important

to understand that each point in a given curve represents one solution of the Mean-Variance

Portfolio model, and therefore is associated with a unique deployment pattern across the

respective technologies in the portfolio.

Figure 2.6: Ef�cient Frontier For Different Deployments of Wind, Wave, and Ocean Current.

As discussed in Chapter 2.2, the relaxed model formulation proposed in this work is

good when the distance between the Stage 1 and Stage 2 solution is small, since the global

optimal solution is between these two curves. Based on the results shown in Figure 2.6, it is
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possible to see that the relaxation proposed in Chapter 2.2 is tight for most of the portfolios,

showing that the model is reaching results close to the global optima.

The model relaxation performed worse for the portfolio with only ocean current. In

this case, there is a maximum gap of 0.012 between the bounds of � (C F) for an LCOE of

344[$/ MWh ]. However, given the uncertainty associated with cost estimates and energy

generation estimates, the gap seen in this case will not substantially affect the analysis

associated with this portfolio.

Additionally, Figure 2.6 shows that the North Carolina region has a very diversi�ed

offshore energy potential and that although the costs of wave and ocean current technology

far outweigh the costs of wind, the combination of these different resources can promote

signi�cant reductions in energy variability. As an example, the portfolio with 300 / 150/ 200

MW of wind / wave/ ocean current had the best performance in terms of the variance in

its capacity factor, and although the portfolios with only wind energy performed better in

terms of LCOE, these portfolios are among the worse in terms of energy variability.

Still analyzing Figure 2.6, it is possible to see that the ocean current portfolio (0 / 0/ 200MW)

has a very elongated ef�cient frontier, with a wide range in energy variance, which illus-

trates the diversity of this energy resource in the North Carolina region. Another interesting

aspect shown in Figure 2.6 is the strong synergy that wind and ocean current have with wave

energy. This characteristic can be seen in all instances where wave is added to a portfolio

(e.g., 300/ 0/ 200MW to 300/ 150/ 200MW, and 600/ 0/ 0MW to 600/ 150/ 0MW). In these cases,

after wave energy is added, there is a substantial reduction in the energy variability of the

equivalent portfolio.

Finally, Figure 2.7 depicts the site location selection for a few of the portfolios shown in

Figure 2.6. The locations chosen for the wind, wave, and ocean current are represented by

open squares, open triangles, and crosses, respectively. Additionally, the CF of all feasible

site locations with an average value larger than 0.25 are shown to provide information

regarding the spatial distribution of the offshore energy resource in the region. Figure 2.7a-

b shows the portfolios of three different system con�gurations 300 / 0/ 0MW, 0/ 150/ 0MW,

and 0/ 0/ 200MW, for the lower LCOE region (a), and lower CF region (b); Figure 2.7c and

Figure 2.7d shows, respectively, the con�guration 0 / 150/ 200MW, and 300/ 150/ 200MW for

the lower CF region.

Regarding the interpretation of Figure 2.7 and its connection with Figure 2.6 it is impor-

tant to notice that a low LCOE region in the ef�cient frontier implies in a high variance in

the CF, and that a high LCOE implies in a low variance in the CF.
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