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ABSTRACT

Energy system planning models have been commonly used for design and dispatch decisions with the

goal of cost minimization. Due to the threat climate change poses to energy system operations, however,

these models have been gaining popularity for their ability to obtain optimal design and dispatch decisions

with resilience considerations. In order to provide informed resilient planning decisions, there is a gap in

how current energy system models address long-term uncertainties with respect to climate change. This

research explores this gap and how augmentations to existing methods can improve resilient planning in

the face of climate change. In this novel body of work, we first conduct a literature review of qualitative

and quantitative resilience definitions and, based on our synthesis and observations, propose a working

definition and metric to guide the remainder of this work. We then develop a novel scenario generation

method combined with a two-stage stochastic program to account for long-term uncertainties including the

effects of population and electrification trends on load growth and the impacts of climate change load

growth and variable renewable energy availability. From this, we are able to analyze the implications of our

novel approach to develop optimal design and dispatch recommendations that account for system

resilience. We then broaden the application of our novel methodology to include heating and cooling loads

and to evaluate the impacts of long-term uncertainty-informed resilience planning on system design and

operations across different climates and building types. Through this body of work, we aim to improve

existing energy system planning models by enabling more uncertainty-informed planning decisions that

will, in turn, increase the resilience of future energy systems against climate change.
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CHAPTER 1

INTRODUCTION

The global energy transition and climate change signi�cantly impact our society and energy systems.

Renewable adoption has doubled in the last decade and extreme weather events as a result of climate

change are a leading cause of energy system service disruptions [1, 2]. Additionally, our society is highly

dependent on the electric grid to provide and maintain essential services such as transportation,

communication, water management, and national security [3].

At the intersection of these trends, an opportunity arises for energy system optimization models to

obtain design and dispatch decisions that incorporate resilience against the threats of service disruptions

posed by climate change. Energy system optimization models are commonly used for cost minimization by

developing design and dispatch recommendations. The outputs from these models typically include

Distributed Energy Resources (DER) deployment, microgrid, and load management recommendations [4].

DERs are energy generating technologies that are directly connected to small distribution systems as

opposed to the bulk power system and can include both generation and storage technologies [5]. Microgrids

are a network of DERs that can operate without connection to the rest of the electric grid [6]. Load

management practices can inform dispatch decisions to meet a stated objective such as minimized cost or

minimized unmet load. While the application of energy system optimization models that minimize cost

remains important, the emergence of energy system resilience against the e�ects of climate change extreme

weather events introduces an additional use of these models and their outputs. Today, energy system

models have been applied to resilient planning using a variety of commonly used energy system models

such as REopt [7{9] and HOMER [10, 11], as well as less widely used models designed for speci�c case

studies [12, 13]. However, existing models do not capture several energy system characteristics including

long-term uncertainties [7] and are not widely tested or validated [12, 13]. These shortcomings have

implications on the ability of energy system optimization models to e�ectively inform resilient design and

operational decisions for climate resilience planning.

Given these gaps in existing literature, this research explores the following problem:Can incorporating

long-term uncertainty considerations in energy system optimization models improve design and dispatch

decisions to be more resilient against the e�ects of climate change on the grid?Considering this problem,

the work presented in this dissertation is guided by the following research questions:
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ˆ How can the limitations of incorporating previously unconsidered uncertainties be overcome for

integration into energy system optimization models?

ˆ Does inclusion of these factors impact design and operational decisions?

ˆ Does inclusion of these factors result in improved resilience against the threats of climate change to

energy systems operations?

In this novel body of work, we �rst conduct a literature review of qualitative and quantitative resilience

de�nitions and, based on our synthesis and observations, adopt a working de�nition and metric to guide the

remainder of this work. We then develop a novel scenario generation method combined with a two-stage

stochastic program to account for long-term uncertainties including multi-year load growth with respect to

population and electri�cation trends for out-years and the impacts of climate change on the demand and

variable renewable energy availability. From this, we are able to analyze the implications of our novel

approach to develop optimal design and dispatch recommendations for resilience. We then broaden the

application of our novel methodology to include heating and cooling loads and to evaluate the impacts of

long-term uncertainty-informed resilience planning across di�erent climates and building types. Through

this body of work, we aim to improve the resilience of the design and operational decisions developed by

energy system planning models against climate change. The contributions of this work are as follows:

ˆ We present a working de�nition for resilience of energy systems against acute disruptions and identify

a resilience metric best-suited for measuring resilience under uncertainty;

ˆ We develop a novel scenario generation method and implement a two-stage stochastic programming

framework on an existing energy system optimization model to consider long-term uncertainty; and

ˆ We demonstrate the quality of solutions developed by our novel methods and how the resilience of

the optimized design and dispatch decisions change when these methods are applied.

ˆ We adopt the climate and uncertainty informed energy system planning method to estimate the cost

of climate resilience for energy systems in three climate zones, 3 building types, and four outage

considerations.

The remainder of this dissertation is organized into three chapters. Chapter 2 presents a literature

review of existing qualitative resilience de�nitions, approaches to quantifying resilience, and incorporation

of resilience in energy system optimization models. The resulting paper, entitled \Exploring acute weather

resilience: Meeting resilience and renewable goals" has been published inRenewable and Sustainable

Energy Reviews. The contributions of this dissertation writer include: 1) developing and conducting a
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thorough literature review to understand the current state of resilient energy system planning; 2)

introducing a resilience de�nition; 3) synthesizing the gaps present in the literature; and 4) outlining

adaptations and enhancements to existing energy system models to improve long-term uncertainty and

resilience considerations.

Chapter 3 introduces a novel scenario generation methodology coupled with an augmentation of an

existing energy system optimization model into a two-stage stochastic program. The resulting paper,

entitled \Microgrid design and multi-year dispatch optimization under climate-informed load and

renewable resource uncertainty" is under review for publication at theApplied Energy journal. The

contributions of this dissertation writer include: 1) developing a novel scenario generation methodology

that considers the uncertainty associated with the e�ects of climate change on demand, variable renewable

energy availability, and the e�ects of population and electri�cation trends on the load for out-years; 2)

introducing a two-stage stochastic programming augmentation of an existing energy system optimization

model; 3) validating the quality of the methodology and solutions produced by it; and 4) applying the

novel methodology to two case studies.

Chapter 4 applies the methodology developed in Chapter 3 to plan microgrid energy systems with

outage scenarios and to estimate the cost of resilience. The resulting paper, entitled \Understand the

impacts of climate and uncertainty-informed microgrid planning: Estimating the cost of resilience" is being

submitted for publication to the Energy Conversion and Managementjournal in December 2023. The

contributions of this dissertation writer include: 1) adopting the novel scenario generation methodology

introduced in Chapter 3 for a multi-city, multi-building analysis that considers thermal heating and cooling

loads and technologies as well as various outage scenarios; 2) developing the analysis; 3) synthesizing the

results of the case studies to communicate the implications of our methodology on design, operations, and

resilience; and 4) estimating the cost of resilience for di�erent climate zones and building types. Chapter 5

concludes this dissertation with a summary of our �ndings as well as recommendations for future work.
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CHAPTER 2

EXPLORING ACUTE WEATHER RESILIENCE: MEETING RESILIENCE AND RENEWABLE

GOALS

Modi�ed from a paper published in Renewable and Sustainable Energy Reviews.

Madeline Macmillan1;2;3, Alexander Zolan4, Morgan D. Bazilian5

2.1 Abstract

The United States is a�ected by an average of almost seven severe weather events a year, often

resulting in billions of dollars in physical and economic damages, a subset of which are related to grid

outages. There is a need for power and energy system stakeholders to better understand and implement

the strategies that help reduce net-economic and societal consequences associated with grid outages by

improving the resilience of their systems. In addition, there are incentives to reduce emissions and meet

climate goals, several pathways of which include resilient technologies. Including resilience constraints and

metrics in energy system planning models may help inform the design of more resilient systems that are

also more renewable and sustainable. This paper reviews qualitative de�nitions of resilience, quantitative

approaches to resilience, recent examples of the inclusion of resilience in energy system models with respect

to acute climatological threats, and the gaps in fully articulating resilience in current modeling tools. We

then outline steps to e�ectively improve resilience considerations against such threats into energy sector

modeling tools. Based on the �ndings, the authors propose a novel framework for energy system resilience

assessment and future areas of research to bridge the current modeling gaps.

2.2 Introduction

The latest International Energy Agency (IEA) Net-Zero by 2050 report outlines a roadmap for the

global energy sector to achieve net-zero emissions and o�ers an in-depth analysis of pathways for meeting

emissions targets [14]. In addition to accomplishing climate goals, the report highlights that a wider

implication of a net-zero energy system is the potential for greater consequences associated with power

interruptions, due to increased electri�cation present in many net-zero pathways. Because the grid is often

vulnerable to the e�ects of severe weather, there is a clear need for energy system stakeholders to mitigate

1Graduate student at the Colorado School of Mines
2Primary researcher and author
3Author for correspondence
4Researcher at the National Renewable Energy Laboratory
5Professor at Colorado School of Mines
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the consequences of climatological threats to critical infrastructure.

Historical data from the U.S. National Oceanic and Atmospheric Administration indicate an upward

trend in the frequency and impact of high-impact weather disasters [15, 16]. These extreme weather events

often cause power outages along and adjacent to their tracks [17, 18]. For example, Hurricanes Michael and

Florence both occurred in 2018 and resulted in power outages for an estimated 1.7 million people across six

southeastern states. That year, customers in a�ected states experienced an average of 30 hours of power

outages [19]. During the California wild�res in 2019, the utilities issued power outages to nearly 500,000

people [20]. A week-long freeze in Texas in February 2021 a�ected 4.5 million people at its peak [21].

In addition to costly physical damages from severe weather events, annual outages induce an average of

$25 billion in economic damages due to lost economic activity [22]. These economic consequences re
ect

the country's reliance on the energy system for many industries and critical services, including clean water,

communications, education, healthcare services, national security, and production and extraction of

essential fuels. The combination of increases in electri�cation for net-zero pathways, severe weather events,

and dependency on the electric grid further indicate that improving the ability of the electric grid to

withstand and recover from major weather events could have signi�cant economic and social bene�ts.

The concept of withstanding disturbances such as hurricanes or wild�res that would otherwise cause

power outages has taken many forms in the literature, namely as resilience. Resilience is recognized as an

important initiative on the international scale. For example, resilience is included in the Sustainable

Development Goals adopted by members of the United Nations: goal 9 emphasizes building resilient

infrastructure and goal 11 strives to make cities resilient [23].

The varying de�nitions of resilience present a challenge when trying to incorporate resilience

decision-making into investment and planning models. Speci�cally, when attempting to represent resilience

in energy system tools|such as energy system optimization models that could be used for short-term

operations and long-term investment planning of renewable systems|the necessary metrics and scenario

de�nitions are unclear [24{26]. We build on previous literature by highlighting the lack of resilience

considerations in most tools and the bene�ts of including them in energy system planning models.

Compared to other reviews in this space, this study is unique because it cohesively synthesizes research

gaps and proposes a novel method for resilience assessment for energy system stakeholders. This paper

directs improvements for the incorporation of resilience to minimize the consequences of weather-induced
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power outages into investment and operational decisions made by energy system optimization models.

2.3 Methods for Literature Review

The purpose of this paper is to inform energy system stakeholders of gaps in current modeling tools for

energy system resilience analysis. Therefore, this literature review explores qualitative resilience,

quantitative resilience, resilience in renewable systems, and resilience in energy system models.

The methods used in this review are based on the strategies used in Yue et al. and focus on papers

from the past 15 years to remain relevant, with a few exceptions [27]. This review includes a series of coded

searches using Boolean operators and keyword combinations. The �rst search was conducted using the

following two lists: 1) resilience and resiliency, and 2) metric, algorithm, compositive indicators, de�nition,

principles, and index. For example, the coded search resulted in the following input (\resilience" OR

resiliency) AND (\metric" OR \algorithm" OR \compositive indicators" OR \de�nition" OR \principles"

OR \index" OR \metric"). This search highlighted studies presenting a unique de�nition of resilience

and/or a relatively broad approach to measuring and quantifying resilience. The second search used

involved adding another list to the search: renewable energy, distributed energy resources, and sustainable

energy. This coded search produced studies with both a resilience and renewable energy focus. These

papers were analyzed to understand the impacts of co-optimization of these two goals. The next search

added a �nal list: power systems, power, energy systems and energy. This search highlighted resilience

studies related to the electricity sector.

Results were �ltered based on abstracts and relevance to this study and the intended audience of energy

system stakeholders. Instances of the searched words were identi�ed in the manuscripts to ensure

application to this review. For example, some papers did not emphasize resilience speci�cally or in depth,

and instead mentioned it tangentially. We excluded studies that applied existing methods or developed

overly speci�c resilience metrics for niche systems less applicable to other systems and disciplines. For

example, the structure of a novel composite indicator was noted. However, a study was not included if it

applied a pre-existing framework to new systems, changing only the weights. This helped to eliminate a lot

of candidate papers. To further tailor the selected papers, the results were �ltered to highlight primarily

system resilience, general resilience, energy resilience, and community resilience. Other disciplines were

included to demonstrate the breadth of the space, but not as thoroughly to tighten the scope. The selected

articles were reviewed individually. Any qualitative or quantitative de�nitions of resilience were recorded

and organized in a table for inclusion in the paper.
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The remaining articles de�ne resilience, both qualitatively and quantitatively, identify observed and

assumed relationships between resilience and renewable energy systems, and discuss the extent to which

resilience is implemented in existing energy system models. Synthesized, these articles serve as a guide to

energy system stakeholders of the current limitations of resilience analysis in energy system modeling as

well as to future research steps to improve energy system modeling.

2.4 Literature Review

Resilience is a concept that has been explored in several disciplines ranging from youth psychology to

ecology [27, 28]. Holling de�ned resilience in 1973 as \a measure of the persistence of systems and of their

ability to absorb change and disturbance and still maintain the same relationships between populations or

state variables" [29]. This de�nition is important as it is the �rst formal de�nition of the term in the

literature. Resilience is also an important construct for systems, including energy system

infrastructure [30]. In this review, qualitative and quantitative de�nitions of resilience, as it pertains to

systems, are summarized and synthesized. The intersection of resilience and renewable energy systems is

also explored. This literature review addresses the needs of energy system stakeholders to comprehend

resilience as it has evolved conceptually and in application.

2.4.1 Qualitative de�nitions of resilience

There is signi�cant diversity among qualitative resilience de�nitions, but some commonalities exist. A

collection of de�nitions is in SI-1. To sort through the data, a brief analysis was performed to count the

number of appearances of each word within the de�nitions from this literature review. The words with the

most number of appearances were those labeled as keywords. Syncategorematic words, or words that do

not stand by themselves such as `a', `of', `the', and `to', were not included in this analysis. The most

consistently used terms from the literature review include \ability", \system", \recover", \withstand", and

\event". Additionally, Molyneaux et al. analyze the de�nitions of resilience across a multitude of sectors

including ecological resilience, psychological resilience, and risk management resilience [31]. In this review,

system diversity, redundancy, e�ciency, structure, and organization are identi�ed as important qualities for

any system to be considered resilient [31]. These keywords are explored in more detail in this section.

System resilience can be de�ned in a way that is threat agnostic or threat speci�c [32{36]. This

distinction has consequences for how resilience can be improved; resilience can be enhanced in a broad,

general sense, or can be designed to counter a particular hazard. A literature review looking at the
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resilience of transportation infrastructure �nds resilience to be dependent on several factors including

disturbances experienced by the system in question [34]. For example, a transportation system resilient

against a natural disaster such as a hurricane must be able to withstand the physical impacts of the weather

event including 
ooding and obstacles blown into the path. A transportation system resilient against

cyber-attacks must be able to withstand threats such as malware and phishing [36]. Each hazard presents

unique challenges to the transportation system's resilience. To e�ectively assess the resilience improvement

opportunities of a system, disturbance context is often needed to direct strategies and investments.

Risk managers of technical systems may be familiar with the notion that resilience has been related to

the concept of stability [37, 38]. For example, ecological resilience and ecological stability are similar yet

distinct: both are related to a system operating in equilibrium, but stability is the ability of a system to

return to its known equilibrium state post-disturbance, while resilience allows for multiple equilibrium

states. Therefore, the potential for a resilient system to 
uctuate between multiple operating states under

resilience results in low stability. Inversely, in a complex ecosystem, an abundance of stability is indicative

of a lack of resilience, which can lead to system collapse [38]. For a system to be resilient, the structure

must strike a balance between 
exibility and stability to enable the system to move between several states

of equilibrium without going too far o� track. Risk managers ought not to be deluded into thinking that

stability directly translates to resilience or that an absence of threats or hazards is indicative of resilience.

Consequently, a resilient system is one that is proactive against new hazards.

In addition to stakeholders enabling a variety of satisfactory operating states in their systems, it is

important to consider other investment (i.e., physical) opportunities available to improve system resilience.

In a series of studies, Panteli and Mancarella explore various investment and operational options for

improving resilience [39, 40]. The authors identify robustness, redundancy, and responsiveness as

dimensions of resilience. For example, [40] tests how investments in robustness, redundancy, and

responsiveness improved energy system resilience and found various resilience bene�ts associated with each

attribute tested. For an energy system, robustness can translate to using stronger materials in generation

technologies to modify their fragility curves, redundancy can be achieved through parallel generation

con�gurations, and responsiveness can look like a fast response time in the event of an outage. In Luthar et

al., more angles of intervention for critical infrastructure resilience are introduced including prevention and

learning [30]. Redundancy and robustness from Panteli and Mancarella and prevention and learning from

Luthar et al. emphasize survival and avoidance of outages altogether [30, 40]. Additionally, the various

dimensions of resilience highlight the importance of considering resilience enhancements for energy systems
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with respect to both infrastructural and operational pathways. Resilience is a multi-faceted concept. When

an energy system can avoid all or most potential interruptions through preventative, educational, and

adaptive measures physically and operationally, resilience can be achieved.

De�nitions of resilience vary based on the discipline and its associated risks. It is also a characteristic at

the intersection of stability and 
exibility, therefore requiring a balance of both. A resilient system should

be able to withstand disturbances from multiple perspectives, for example, both operationally and

physically. Therefore, the authors of this study propose a working de�nition of resilience for practical

applications to energy systems. We argue that an energy system is resilient against acute weather events if

it can withstand and recover from them by adapting to di�erent operational and/or infrastructural states

of equilibrium. An energy system will remain resilient if the system continues to meet quality standards

and customer demand throughout a disturbance. The degree of resilience is determined by the extent to

which quality and demand requirements are met and economic consequences associated with power outages

are minimized.

2.4.2 Quantitative approaches to resilience

Qualitative de�nitions identify dimensions as well as the meaning and signi�cance of resilience.

However, without actionable and measurable metrics, resilience work would remain purely interpretive.

Adding actionable attributes to the qualitative and quantitative de�nitions of resilience could enable the

inclusion of resilience in energy system analyses and application beyond academia. Quantitative

frameworks can assess the performance of the qualitative resilience indicators. Therefore, quantitative

metrics could guide energy system planning based on the tangible impacts and value of resilience initiatives

on resilience dimensions of a system. This is important for energy system stakeholders as they develop a

system resilient against uncertain climate threats. Existing literature includes a broad array of resilience

metrics, which can be classi�ed by unit of performance or consequence, spatial resolution, temporal scale,

and threat. Despite the abundance of metrics in the literature, there is not an accepted, standardized, and

validated metric for measuring resilience [41, 42]. We highlight key gaps and important attributes among

existing resilience metrics to inform energy system planning and operational decisions.

There are two primary types of resilience metrics: performance-based and attribute-based.

Attribute-based metrics compile system properties contributing to resilience such as vulnerability,

responsiveness, and adaptability [43{45]. These properties (or attributes) are then used to establish a

baseline of a system's current resilience, and they can also help assess resilience improvement strategies.
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Attribute-based resilience metrics are not commonly implemented with energy system modeling e�orts and

so are not discussed in this paper.

Performance-based metrics are useful in quantitative analyses in energy sector modeling tools. These

metrics are evaluated by quantifying performance shortfalls and their resulting consequences, which often

accompany disruptions on the energy systems. Generally, these performance shortfalls are characterized by

the demand exceeding the supply, as summarized by Equation 2.1.

Performance Shortfall =
Z t f

t 0

Cpre (t) � Cpost (t)dt (2.1)

The functions Cpre and Cpost are the performance curves with and without a disturbance. The integral

over time represents the total loss of functional capacity from the start of the disturbance to after. This

functional form is employed in several papers and applications for quantifying the reduction in system

performance due to a disturbance [8, 32, 35]. Figure 2.1 provides a visual representation of how the

performance losses in Equation 2.1 are determined with respect to an energy system experiencing a

disturbance. With respect to a hypothetical acute weather event, the system function level att0 represents

the performance of the system prior to any disturbance. The timet1 is after the event occurs, and

immediately before the system performance falls due to the impacts of the disruption. Note that causes of

performance shortfalls can be attributed to a variety of things|not all of which are deterministic nor

independent|and are an important component of performance-based resilience metrics. Between timest2

and t3, the natural disaster continues and/or there is a delay in recovering system performance. At and

beyond t3 the system begins to recover and regain system performance as restoration strategies are

implemented until it has reached t f . Ultimately, maximizing resilience involves minimizing the area

between the purple dashed line and the solid black line, which corresponds to minimizing Equation 2.1.

There are several shortcomings with recent applications and demonstrations of performance-based

resilience metrics. For example, the stochastic nature of both severe weather events and their resulting

impacts (including power outages) must be incorporated into energy system planning. Some approaches for

incorporating uncertainty in power system models include Monte Carlo simulations and Markov chains,

both o�ering a unique stochastic framework [44, 47, 48]. Applying components of uncertainty into data

needed to de�ne parameters that inform energy system planning would also broaden the scope and

understanding of the resilience of the system under various scenarios and increase the real-world

applicability of the model results.
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Figure 2.1 A resilient energy system during a disruption, adapted from Bie et al. [46]

Interdependencies are also important to consider when implementing performance-based metrics in

energy system planning models. Within the power sector, an example of an interdependency is between the

electric and natural gas systems where the presence of natural gas and electricity are essential to one

another to meet end-user demand and transport fuel to generation facilitie [3, 49, 50]. Sectoral

interdependencies remain important when considering the impact of extreme weather events and their

accompanying hazards. When intense rain hits, roads can become impassable which limits the

transportation of essential fuels and maintenance required to sustain the operations of an energy system.

High winds blowing a solar array can disrupt generation, making what was maybe already considered

back-up power futile. Omitting sectoral interdependencies in energy system resilience planning can lead to

an incomplete understanding of the impacts of outages and can misinform stakeholders and

decisionmakers. Therefore, a thorough resilience assessment would incorporate sectoral interdependencies.

Another challenge with implementing performance-based metrics is converting the values into economic

consequences to inform decisions about investments and strategies to mitigate the e�ects of severe

weather-induced power outage events. The economic losses associated with outages are often aggregated

into a value of lost load (VoLL) metric or indicator [51{58]. In the real-world, the VoLL value can vary due

to several factors including outage duration, season, time of day, location, and customer type (residential

vs. industrial vs. commercial). Equation 2.1 can be adapted to include the appropriate VoLL associated

with a weather-induced power outage, as seen in Equation 2.2.
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Economic consequences from weather-induced performance shortfall =V oLL
Z t f

t 0

Cpre (t) � Cpost (t)dt (2.2)

In Anderson et al. discussing the economic impact of Superstorm Sandy, the value of the VoLL can

range from $10-300/kWh [8]. In both Anderson et al. and Eskandarpour et al., the adopted VoLL for an

extreme event is$100/kWh [59]. How these values were assigned, however, is not discussed in further

detail. Providing more context for a VoLL assignment could enable energy system stakeholders to adapt a

study for their own system.

Although the VoLL can be su�cient for short duration outages, its value is (a) often implemented as a

static cost-per-load unserved and (b) not well understood for longer-duration outages. In the literature,

Ericson et al. take steps to address this through a 
exible framework to develop an outage

duration-dependent VoLL [60]. This framework re
ects both �xed outage costs and costs that vary

throughout an outage event (classi�ed in the study as �xed, stock, and 
ow costs) of any duration. Despite

this progress, in many instances, the system-wide VoLL is often underestimated by regulators [55]. To

continue to expand the utility of the VoLL to applications in severe weather events, more research is

needed into how severe weather events might a�ect the value and duration-dependence of the metric.

As previously mentioned, our society is interconnected; a downfall in one sector can lead to a downfall

in another. Many existing performance-based energy system planning and operation metrics are still

restricted by their inability to fully re
ect inter- and intra-sector interdependencies, represent uncertainty,

and to quantify the economic and social consequences of various resilience events. Recognizing these

shortcomings, the quantitative de�nition of resilience for this paper is adopted from the area under the

curve metric introduced in Sep�ulveda-Mora and Hegedus [11]. This metric calculates the area under the

curve (AUC) of system survival probability, which is de�ned in Equation 2.3 where N represents the length

of the outage being considered.

AUC =
NX

t =1

P(surviving an outage of t hours) � (1 hr ) (2.3)

This metric is unique because it captures some of the uncertainty present in power outages. It also

requires minimal data that would otherwise be needed for metrics involving a VoLL or a composite

indicator.
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In practice, resilience can range from the capacity to bounce back from an outage to mechanisms of

survival during a disruption; the di�erence being one system is able to avoid the occurrence of an outage

altogether, and instead absorb the disturbance. In this paper and based on our previously discuss

qualitative de�nition, we emphasize the prevention and learning dimensions as discussed in Luthar et

al. [30]. The metric from Sep�ulveda-Mora and Hegedus captures these resilience dimensions by placing

priority on the probability of survival [11]. While there is no silver bullet for resilience assessment, of the

ideas and metrics available to us, it is important for energy system stakeholders to focus on a notion of

energy system resilience that emphasizes the prevention of outages and minimization of system outages and

collapse. In this section, we have identi�ed a quantitative framework that best matches our qualitative

de�nition of resilience and serves the interests of energy system stakeholders.

2.4.3 Resilience in energy system optimization models

A review of the energy system modeling literature indicates that energy sector models are typically

either well established and broadly applied, or they include resilience considerations; only very limited

examples exist for models that fall under both categories. Weather-related hazards are evolving, causing a

shift in energy system stakeholder concerns; it is increasingly important to assess a system for resilience

against multiple outages and potential climate states of the world. Therefore, these stakeholder priorities

need to be accounted for in energy system modeling. Current resilience assessments are insu�cient at fully

capturing the concerns of energy system stakeholders.

On the one hand, several models aim to improve system resilience while representing the consequences of

severe weather on energy infrastructure [12, 13, 40, 61{67]. However, many of these models lack experience,

as they have only been demonstrated on a single test system. On the other hand, Ringkjob et al. provides

a large review of energy and electricity system models that have been more widely applied but include

little to no resilience considerations [4]. Outside of the review conducted in Ringkjob et al., one example of

a popular model with resilience considerations is REopt from the National Renewable Energy Laboratory.

REopt employs a value of resilience metric, similar to a VoLL, in post-processing to calculate the potential

economic bene�ts of providing backup generation during grid outages based on the recommended system

con�gurations [7]. REopt is a common tool used in resilience assessments [68{72]. Though this example of

a resilience metric in an existing model is noteworthy, it is not necessarily useful to all users. The REopt

model assumes the user knows the value of resilience for their system. In reality, the numeric value of the

VoLL ranges signi�cantly between $10-$300/kWh and is highly dependent on numerous factors including

the season, time of day, outage duration, geographical location, and customer breakdown [54, 73]. Given
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these complexities behind a VoLL metric, it is not reasonable to assume the user has calculated the VoLL

or that they have all the resources needed to do so. Additionally, the value of resilience is not considered in

the actual optimization problem. In other words, the optimization problem determines the necessary

distributed energy resource mix with the highest net present value, not accounting for any resilience value.

Therefore, the system is not optimized to maximize resilience, but instead treats the value of resilience as a

separate stream based on any avoided outages the system would be expected to experience without the

model-recommended system amendments. Due to the lack of resilience metrics and the inability to

e�ectively populate energy systems models with power outage and resilience considerations, there exists an

opportunity to enhance existing models to consider resilience against natural disasters within their

formulation. In summary, existing models do not meet the needs of energy system stakeholders.

Throughout the literature, there is signi�cant variability between de�nitions and quanti�cations of

resilience. Research to assign a monetary value to the resilience of renewable energy systems has also been

met with challenges. With respect to energy system resilience against severe weather events, there are

several stakeholders and many reports declaring a need for more work in this �eld. Given the importance

of this work, inconsistencies and limitations in quantifying and representing resilience in energy system

optimization planning models highlight an unful�lled area of research.

2.4.4 Resilience of renewable systems

Given the IEA net-zero initiatives, it is important for energy system stakeholders to consider the unique

resilience characteristics of renewable systems. Current understanding of resilience implications of

renewables is nascent. Empirical studies to demonstrate the e�ects of renewable generation on the

resilience of the electrical grid exist [8, 11, 68, 74{79], however, they consider only shallow uncertainties in

their analyses. Additionally, much of our understanding is limited to assumptions and theories of how

renewables, especially variable renewable energy, coexist with traditional generation and their potential

impacts on energy system resilience.

Many renewable resources are considered resilient because they are primary forms of energy and lend

themselves to distributed systems. Distributed energy resources are less likely to be impacted by

disturbances a�ecting the centralized grid [80]. However, despite their abundant fuel supplies and tendency

toward distributed systems, renewable technologies have vulnerabilities, including acute natural disasters.

Although the fuel supply of renewables is not interdependent on foreign relations and/or transportation, it

is variable. For example, wind and solar pro�les are highly dependent on the wind and sunlight patterns,
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while hydropower is susceptible to droughts [81]. The e�ciencies of several renewable technologies, such as

solar panels, are sensitive to extreme temperatures [25]. As a result, when depending on a renewable

system during a natural disaster such as a hurricane or heat wave, solar and wind are not necessarily the

most resilient options.

Another technology considered resilient that has played a role in net-zero initiatives is energy storage.

Batteries can be charged by the grid and/or distributed renewables before the natural disaster strikes,

ensuring that the system can maintain service [82]. There are still challenges with this approach because

natural disasters are variable, potentially leaving insu�cient time to charge a battery. This method also

implies that the battery be used primarily for resilience purposes, rendering it expensive and relatively

useless at other times. The infrastructure for non-distributed renewable resources also remains vulnerable.

High winds can cause damage to renewable technologies directly or by blowing debris. Flooding and

intense rain also threaten any electronic equipment. Undamaged renewable systems may instead be more

consistently bene�cial in the aftermath of a natural disaster when the cloud cover is gone, the winds have

calmed, the 
ooding has recessed, and other threats have subsided.

Assigning monetary value to resilience within a cost bene�t analysis (CBA) enhances the persuasiveness

of renewable resources in an energy system risk assessment. Resilience studies inform economic assessments,

such as CBAs, to justify high capital costs of renewable energy generation technologies. A study on the

resilience value provided by solar and battery observed that including the value of resilience due to power

outages encourages and justi�es increased adoption of photovoltaic and battery technologies [83]. In a

similar study, the analysis came to the same conclusion: including the avoided outage costs in the CBA

made renewable systems more cost e�ective [68]. Considering the examples exploring the resilience of

renewable systems, renewable energy has been consistently found to improve the net present value of a

system when the avoided outage costs are considered. Improving and expanding on resilience assessment

methods of renewable systems can lend itself to meeting resilience goals and net-zero initiatives.

The promise of resilient renewable energy systems requires advanced tools for a more complete resilience

assessment. The advancement of energy system tools to better account for various levers at play between

renewables and resilience will help inform stakeholders.

2.5 Adapting and enhancing existing models

Due to the identi�ed knowledge gap of the inability to e�ectively inform energy systems models with

outage and resilience considerations, especially within renewable systems, there exists an opportunity to
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enhance existing models to consider resilience against natural disasters within their formulation. When

considering an energy systems optimization planning model that accounts for resilience against extreme

weather events, the wheel does not need to be reinvented. Instead, these proposed adaptations and

enhancements have the potential to be applied into existing, commonly used energy systems optimization

models with base formulations that have already undergone rigorous testing and validation.

2.5.1 Co-optimizing and valuing consequences

Like many planning decisions, the economics of a project are a signi�cant deciding factor. Therefore, to

enhance the persuasiveness of resilience improvements in an energy system risk assessment, it can be of

value to assign a monetary value to resilience. This can help justify the high capital costs of most resilience

projects.

An important component of valuing economic consequences is the VoLL. As discussed, the VoLL is a

commonly used dynamic metric based on several factors, yet has been arbitrarily assigned in past

analyses [8, 54, 73]. A VoLL can be used to translate electric service losses into a dollar value that can be

incorporated into the optimization problem as a cost variable. A common method for determining the

VoLL is through customer surveys [51]. In addition to the phrasing of the questions, the results of these

surveys vary by location and customer type. As opposed to conducting surveys that �t each criterion, the

existing VoLL survey results could be used to inform the VoLL for other scenarios. By aggregating the

data collected thus far, along with accompanying characteristics of the surveys and those being surveyed,

machine learning techniques could develop a model to predict the VoLL of a given scenario or system. A

similar study develops the Interruption Cost Estimator (ICE) calculator which has been used in other

journal articles and by reliability planners [74, 84, 85]. This calculator employs a \cost per unserved kW"

metric to inform its output. These values are based on the state and the customer composition. If more

parameters linked to the system could be included, the values used by the ICE calculator that mimic the

VoLL could be more accurate. One way to do this could be through improving the spatial resolution

considered and increasing it from U.S. states to U.S. counties. An outage in a county with a higher gross

domestic product (GDP) and/or higher distributed energy resources deployment (DER), might experience

di�erent economic losses than a power outage in a county with a lower GDP and/or lower DERs

deployment [86]. It would also be important to implement approaches that uphold environmental justice

principles to maintain equal and fair access to services. A VoLL framework that considers socioeconomic

and other community factors at a detailed level would enhance the detail of resilience assessments. As a

result, consequences would be valued such that each resilience project under review could be fully
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understood and tailored to the unique characteristics of the serviced area.

While improved VoLL frameworks can populate the objective problem as a cost variable in the

constraints, they can also be integrated into the objective function. When the VoLL is included in a cost

minimization objective function, the program will minimize the costs incurred from the unmet load. For

example, if e�ciency or generation capacity is down due to a weather event, the solution must shift to

mitigate the unmet load and subsequent costs triggered by the VoLL. This often involves purchasing more

e�cient or higher capacity (and generally more expensive) system components. For this to come across in

the model output, however, the impacts of the weather event on the energy system components must be

included in the optimization formulation. Adapted and enhanced from the Oak Ridge National Lab

summary of power and energy system vulnerabilities, Table 2.1 summarizes the impacts and associated

model augmentations needed to consider the e�ects of acute weather events on both energy and power

systems [75]. With the VoLL in the objective function and the weather event parameters for system

components included the formulation, the model could consider the economic value of consequences and

resilience when planning for the impacts of extreme weather. This will help energy system stakeholders

develop a thorough plan that captures the costs of being weak against extreme weather and the savings of

being resilient against extreme weather.

Table 2.1 Summary of the potential risks and consequences, and respective model adjustments, associated
with acute weather events that could be incorporated into energy sector planning tools' optimization
framework

Risk Potential impacts Model adjustments
Extreme tem-
peratures

ˆ Reduced e�ciency

ˆ Reduced generation ca-
pacity

ˆ Reduced transmission

ˆ Increased demand

ˆ Adjusted component parameters such as
e�ciency and capacity active during the
weather event

ˆ A new demand load active during the
weather event
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Table 2.1 Continued.

Risk Potential impacts Model adjustments
Water scarcity

ˆ Reduced generation ca-
pacity

ˆ Changes in operations

{ Especially with
coal, natural gas,
and nuclear facili-
ties

ˆ Adjusted component parameters such as
e�ciency and capacity active during the
weather event

ˆ Updated operational constraints during the
weather event

Flooding

ˆ Physical damage

ˆ Changes in operation

ˆ Binary variables to indicate generation com-
ponent availability during the weather event

ˆ Updated operational constraints during the
weather event

High winds

ˆ Physical damage

{ Power line damage
and/or failure

{ Debris hitting gen-
eration, transmis-
sion, and/or distri-
bution equipment

ˆ High-speed shuto� for
wind

ˆ Binary variables to indicate generation com-
ponent availability during the weather event

Variable
weather con-
ditions ˆ Variable resource poten-

tial for wind and solar

ˆ Reduction in generation
capacity

ˆ Updated VRE generation pro�les

ˆ Adjusted components parameters such as ef-
�ciency and capacity active during

Wild�res

ˆ Physical damage

{ Power line damage
and/or failure

ˆ Reduced transmission
capacity

ˆ Binary variables to indicate generation com-
ponent availability during the weather event

ˆ Adjusted components parameters such as
e�ciency and capacity active during the
weather event
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Another advantage of including the value of resilience in the objective function is the possibility of

co-optimization of resilience and net-zero goals of an energy system. While the bene�ts of optimizing for

two major issues is enticing, it does introduce some unanswered questions. For example, planning for

net-zero goals often results in an increase in renewable deployment. Therefore, as touched on previously,

questions arise about the implications renewables have on grid resilience. In practice, Anderson et al. uses

REopt to co-optimize for resilience and renewable goals [8]. Though helpful in shedding some light on that

relationship, the study falls short in other aspects including an uncertainty framework and parameters for

energy system components during the weather event. By continuing to explore the relationship between

renewables and resilience, a mapping connecting the renewables to resilience characteristics could be

developed. This tool could inform an energy system stakeholder which aspect of their system's resilience

would be impacted by increasing PV penetration, for example. This mapping will be possible with greater

testing and validation of the interactions between resilience and renewables and will help energy system

stakeholders pinpoint the needs of their systems.

Co-optimization and valuing consequences can help to explain several relationships surrounding energy

systems and resilience. Notably, they can inform energy system stakeholders navigating extreme weather

and an intricate solution space.

2.5.2 Implementing stochastic frameworks

Extreme weather events can be di�cult to predict, posing an uncertain risk to energy systems and

energy system stakeholders. To improve the capacity to consider energy system resilience against uncertain

acute weather events, energy system models such as those in Rinkjob et al. need to incorporate uncertainty

frameworks [4]. Some common approaches to modeling the impacts of uncertain extreme weather on

energy systems include analytical frameworks such as the Markov approach and simulation techniques such

as the Monte Carlo method. These approaches have been shown to improve energy system stakeholders'

understanding of the e�ects of high impact, low probability (HILP) weather events on energy

systems [27, 76, 87, 88]. Employing an uncertainty framework into energy system optimization could allow

for the stochastic and time-varying nature of natural disasters to be represented and improve resilient

decision making.

To consider uncertainty in energy systems modeling for resilience, several relationships need to be

explored. For example, the relationships between climatological threats (such as high wind speeds and

severe 
ooding from a hurricane or extreme temperatures from a heat wave or freeze) and component
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failure pose threats to a service disruptions, however are not always included in energy system modeling.

This particular relationship could be better understood through fragility curves. Fragility curves assign

failure probabilities associated with the climatological risks of acute weather events to respective energy

system components. Incorporating a range of extreme weather projections into energy system modeling

e�orts helps to consider uncertainty associated with climate change when planning infrastructure, including

the energy system. By considering the relationship between climate and system components, extreme

weather can be incorporated into an optimization framework for the energy system. When the uncertainty

of extreme weather is captured in energy system modeling, energy system stakeholders can perform a more

comprehensive resilience analysis.

Some examples of stochastic frameworks being applied to power and energy system resilience modeling

during extreme weather include studies by Panteli and Mancarella, Ahmadi et al., and Zeng et

al. [40, 88, 89]. In Panteli and Mancarella, the authors model the in
uence of HILP weather on the

resilience and reliability of a power system [40]. Using Monte Carlo simulations, varying weather conditions

and restoration times are used to understand the impacts on outage frequency and duration. A variation of

this technique can be incorporated into an existing energy system model. The study in Ahmadi et al.

tackles energy system resilience modeling against HILP events as a result of climate change [88]. In this

approach, climate change uncertainty is explained to be nonlinear, but for computational tractability, is

simpli�ed and applied as a piecewise linear function. In Zeng et al., analytical approaches are used to

model the resilience of energy systems during extreme events [89]. The paper develops a function of system

states with a transition matrix with a Markov Reward Process (MRP). An MRP is a Markov model with

reward structures integrated into the various model states. In this study, the power system experiences a

direct loss when it transitions to a state with lower performance due to a disruptive event. Although these

are useful examples, they are applied to new models instead of to existing and validated models. As a

result, these otherwise valuable frameworks are housed in less accessible and less validated models, making

it challenging for utilization by energy system stakeholders. In a more experienced model, the components

of Monte Carlo simulations or an MRP approach could be applied to each time step for each relevant

energy system component, assuming the component fragility curve data are available, while also making

these robust models more accessible to energy system stakeholders. Both methods provide a stochastic

framework that can be applied to an existing model; however, the simulation approach requires fewer

additions and is more straightforward. As further explored in the following subsection, the data necessary

to consider these uncertain relationships is sparse and must come �rst.
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An important uncertainty present in resilience assessments of energy systems is an understanding of

how climate change weather events will a�ect critical infrastructure in the future. It is also of interest to

make any frameworks employing uncertainty relationships available to those who would directly bene�t

from them|namely, energy system stakeholders. As a result, future research e�orts to incorporate extreme

weather and climate uncertainty in energy system optimization models should be done to validated and

accessible models.

2.5.3 Improving data collection and availability

At the core of any robust resilience assessment is quality data with which to populate the inputs;

improved data and data collection are essential to a thorough resilience analysis. Energy sector resilience

metrics will only be as useful in informing energy system stakeholders and planning as they can be applied

and appropriately populated. While better data collection could help improve the understanding of the

economic relationships between energy system resilience and other sectors, the cost of acquiring said data

might be prohibitive or unjusti�able.

Any e�orts to enhance energy system resilience metrics and the associated data collection should target

applications that would serve to directly inform the quanti�cation of energy system resilience bene�ts,

planning, and operational decisions with respect to acute weather events. A natural disaster can have a

variety of e�ects on an energy system including energy demand 
uctuations, changes in variable renewable

energy availability, and damaged system components. Therefore, it would also be of interest to better

understand the relationship between natural disasters and changes to the energy system. For example,

during a severe winter storm and/or freeze, electric heating consumption is likely to increase, the

availability of solar and wind will be dependent on the cloud cover and wind patterns, respectively, and

conventional generation may be a�ected if it may be di�cult to transport the fuels [75]. As a result,

parameters within an energy system model during an acute natural disaster should be distinct from the

\business as usual" parameters. In other words, the data capturing the e�ects of extreme weather events

on energy systems should be included in energy system optimization models. This step would improve the

thoroughness of extreme weather considerations for resilience assessments.

A bene�t of improved data collection is increased application, validation, and testing of existing

resilience metric frameworks. That is to say, when data collection is improved, more data is made available

for testing models across various scenarios and disciplines. However, many resilience studies propose their

own resilience metric as opposed to adopting an existing (and broad) metric from a previous study [90{93].
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While this approach has merit, it does not strengthen existing frameworks. Through increasing existing

resilience metric applications and testing, instead of routinely developing new metrics, energy system

stakeholders could be provided with an enhanced understanding of the validity of existing resilience

metrics. Therefore, data collection to populate and test existing resilience frameworks should be a priority.

Many approaches to increase data availability are a signi�cant undertaking. For example, fragility

curves would inform the probabilities of infrastructure failure with respect to various climatological threats

in the decision-making process within the optimization model. As useful as this may be, it would require a

lot of time; several components would need to be tested against several di�erent conditions (wind, rain,

etc.). When data collection proves too di�cult, time consuming, expensive, or otherwise infeasible, there

are alternative ways to populate a model or framework. One method in the literature uses energy system

model outputs to inform power system model inputs, or vice versa [94]. Similarly, using outputs from other

external models that simulate energy system performance-based metrics can be used as inputs into energy

system planning models. This approach combines the advantages and capabilities of the individual models.

For energy system resilience planning, this approach could be adapted to accomplish similar goals. For

example, a model that simulates fragility curves of an energy system component against varying

climatological threats relevant to hurricanes could be used to populate survival probabilities [44]. Economic

Input-Output models are an example of a model that can inform energy system models. In Alessandri and

Filippini, a mathematical approach for understanding the interdependencies between a system of systems

(SoS) is introduced [95]. System failures that a�ect other sectors are determined by performance

thresholds. By making educated assumptions about the maximum tolerable lost service, a robust space of

the various states that can be assumed by the SoS is generated. This space, potentially exhibiting several

dimensions, can output performance shortfalls experienced in other sectors based on interruptions in a

separate, but connected, sector, such as an outage. The addition of these cascading economic consequences

in the objective function of an optimization model can help inform resilient energy system planning

decisions. Another approach to informing energy system models without exhausting resources on data

collection is through digitalization. From an operations standpoint, machine learning techniques can be

employed to detect irregular patterns that may lead to a power outage. This awareness can help the

system adapt to the evolving conditions.

Informing energy and power system optimization models with the output of external models is not

novel, but speci�cally doing so for improved resilience planning against acute natural disasters is a

relatively nascent space [44, 94]. Data collection can be complicated and unattainable, so leveraging the
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capabilities of existing models to produce simulated data can help eliminate the need to acquire data while

still informing energy system frameworks and stakeholders.

2.6 Robust decision making framework

Considering the three pillars for enhancing energy system resilience modeling identi�ed above coupled

with the qualitative and quantitative de�nitions of resilience, a new framework for resilience assessment

begins to emerge. The main modeling gaps are insu�cient data, inclusion of a stochastic framework, and

valuing the consequences of extreme weather, all with an emphasis on accessible and validated models for

energy system stakeholders. All the gaps are important, so our proposed approach touches on all of them.

Combining all the above augmentations into one model, however, may be computationally expensive.

Instead, it is worth exploring the opportunities to combine numerous existing models, leveraging their

individual capabilities to develop a robust resilience assessment framework for energy systems and their

stakeholders. We propose implementing a robust decision making framework under deep uncertainty for

energy system resilience planning.

Robust decision making (RDM) is a framework used to go beyond a single optimal solution, and

instead test the vulnerabilities of several solutions to achieve the best result based on threshold

criteria [96]. This framework has been implemented in several systems, namely water resource and storm

water management [97, 98]. Applying this approach to resilient energy system planning could analyze the

performance of multiple system con�gurations under various uncertain climate states of the world based on

energy system stakeholder speci�ed criteria, addressing many of the gaps discussed in this paper. The

RDM framework consists of several iterative steps. As discussed throughout this paper, existing models on

their own do not meet energy system stakeholder needs. As a result, each step within the RDM process

would incorporate a model tailored to (a) utilizing knowledge gained from the previous step and its

corresponding model(s), (b) executing the responsibilities of its assigned task, and (c) informing the next

step and its model(s). This approach results in models being populated by the outputs of other models,

instead of needing to collect new data. It would also enable several scenarios to be tested under several

uncertain extreme weather events, introducing a robust stochastic framework into the decision making

process. Additionally, with the insight into the service area from the energy system stakeholder, valuing

the consequences as they relate to the community will enhance the resilience assessment. Given the

audience and a common theme of this paper, the authors suggest that the RDM framework be applied to

an accessible (user-friendly and a�ordable) model that includes renewable and net-zero considerations, too.

Based on the previous review, REopt stands out as a promising model candidate. The details of this
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framework are outlined below, adapted from in-depth books and papers covering general RDM by Kalra et

al. and Marchau et al. [99, 100]. These phases are repeated until criteria threshold are met.

2.6.1 Decision structuring

The decision structuring phase will compile a list of stakeholder considerations, ideally directly from the

stakeholder. This information will inform key decisions in the remainder of the framework. Some of the key

data pieces include system uncertainties, levers, relationships between uncertainties and levers (models),

and metrics of success. Based on the review from this paper, a metric of success that may be of interest is

the identi�ed quantitative framework for resilience, Equation 2.3. The information collected will vary based

on the system, the environment of the system, and the stakeholder.

2.6.2 Strategy generation and evaluation

For strategy generation and evaluation, energy system models will create initial energy system designs

and a pareto front. In this step, a model is needed to generate initial designs and initial optimization

results. At this stage, REopt, or similarly accessible and validated energy system optimization tools, can be

integrated into the framework. An initial evaluation of the outputs can eliminate strategies that are known

to not be of interest or not meet metrics of success. These initial results will direct the next phase of RDM.

2.6.3 Vulnerability assessment

Based on the outputs from strategy generation and evaluation results, exploratory modeling and

scenario discovery will perform vulnerability assessments. Together, these components will explore a wide

range of system strategies and their viability with respect to key resilience criteria, as speci�ed in the

decision structuring phase.

Ideally, the model used in strategy generation and evaluation will have capabilities for vulnerability

assessments or is open-source and can accommodate the necessary formulation augmentations. For

example, the model needs to enable the user to establish an array of uncertainties and uncertainty

distributions from which to generate scenarios. The uncertainties accepted should include a signi�cant

portion of the inputs including outage start time, outage duration, and energy demand. Once these

augmentations have been made, the model can optimize several di�erent scenarios by randomly drawing

from a de�ned range of inputs.

The process of selecting potential scenarios is often in the hands of the stakeholders, modelers, or the

model itself. Regardless, the scope of the selected scenarios often falls short of su�cient diversity and
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representing probabilistic concerns. To solve this issue, scenario discovery is proposed. Scenario discovery,

or sub-group discovery, employs systematic and analytical methods to assess the model outputs of the

scenarios considered thus far, and suggests other relevant and potentially viable strategies to test. Two

examples of sub-group discovery algorithms are Patient Rule Induction Method (PRIM) and Classi�cation

And Regression Trees (CART) [101, 102]. When considering PRIM and CART for application in an RDM

framework, some key di�erences exist and a greater understanding of them, along with other sub-group

discovery algorithms, is necessary to make an informed decision. Once an algorithm is selected, it can

search for potential strategies that will result in improved criteria of interest. Based on a batch of initial

optimization model inputs and corresponding outputs collected in strategy generation and evaluation, the

algorithm will search for new input combinations that improve key metrics such as a decreased life cycle

cost, decreased lost load, and increased area under the curve of system survival probability (Equation 2.3).

This phase will highlight new scenarios to explore, the viable scenarios explored thus far, and eliminate

candidate scenarios, all based on the threshold criteria and stakeholder-speci�ed metrics of success. This

step will also lend the RDM framework to ensuring the energy system will meet quality standards and

customer demand throughout a disturbance, an important component of the resilience de�nition proposed

in this paper.

2.6.4 Tradeo� analysis

Trade-o� analysis will identify the best strategies based on the set of viable ones identi�ed during

vulnerability assessment. This can be done through cost-bene�t analyses, a decoupled net-present value, or

other similar calculation [103]. The degree of resilience of the energy system can be explored and compared

across potential strategies which is another key element of the resilience de�nition outlined in this paper.

2.6.5 Developing new strategies

Based on the results of the tradeo� analysis, new strategies will be identi�ed and explored as needed,

keeping in mind the importance of plausibility and diversity in a robust process. These phases will continue

in an iterative process as necessary until stakeholder preferences have been met or are within a certain

threshold. Through the continuation of this process, the proposed system will be tested from multiple

perspectives to ensure resilience.

2.6.6 Other components to facilitate RDM framework for energy system resilience
assessment

In addition to the primary phases described above, a few additional components are required. The

three additional components are stakeholder feedback, climate uncertainty, and visualization of uncertainty.
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The �rst component address is stakeholder feedback. In addition to initial stakeholder considerations, it

is also important to maintain relations with stakeholders throughout the decision-making process. This will

work to ensure the assessment is tailored to the needs and speci�cations of the system for the entire

framework.

Climate uncertainty is another major shortcoming of current energy system resilience assessments. As

discussed at the beginning of the paper, severe weather events are increasing. However, by what magnitude

they're increasing is not known with certainty. When planning energy systems to be resilient against acute

natural disasters, it is important to test the system under multiple potential future climate states of the

world to account for this uncertainty. Climate uncertainty could be integrated into this framework with the

output of a separate model that develops di�erent energy loads based on anticipated changes in demand

during severe weather projected into the future. This model could come in several forms of varying

complexity and warrants more exploration.

Finally, a complete understanding of the uncertainties considered throughout this framework is

important to making decisions. Therefore, visualizing deep uncertainty will inform the stakeholders as they

make pivotal decisions regarding system con�gurations for energy system resilience against acute weather.

Considering the numerous uncertainty inputs in this framework, translation into a visual aid could help

stakeholders understand the caveats included in each strategy based on the variables considered.

Additionally, this component could be incorporated into several phases of the framework.

The RDM framework has a lot of puzzle pieces that, when put together, have the potential to elevate

resilience assessments for energy systems against acute weather events, or potentially other disturbances.

As proposed in this paper, a successful RDM framework would be one that is accessible and useful to

energy system stakeholders as they plan for an uncertain climate future. This proposed framework has

potential but requires more research.

2.7 Conclusions and future work

There has been a growing interest in energy system resilience due to a combination of net-zero

initiatives on the horizon, the critical importance of the energy sector to society, and the increasing

frequency and severity of service disruptions from natural disasters. This article reviews the expanding

literature on energy system resilience de�nitions and metrics. By assessing the various components and
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characteristics important to resilient and renewable systems, techniques for adapting existing energy

system optimization models are discussed.

Although there have been e�orts to incorporate robust resilience considerations in energy systems

models, there remain limited applications in widely tested models. As a result, there are several future

areas of interest. There is a need for greater testing of performance-based resilience metrics that capture

sectoral interdependencies and applicable economic consequences, as well as model formulations that

include probability distributions. Understanding the relationships between the energy system, extreme

weather events, and renewables within energy system optimization models will increase the utility of the

outputs for the stakeholders. The incorporation of a stochastic framework will simulate robust output and

help inform energy system planners faced with increased resilience threats, especially uncertain, severe

natural disasters. For these models to capture the intricacies of resilience, improved data and/or more

connections between models are needed. To maximize the impact of this work to enhance model

capabilities, there should be a concerted emphasis on easily accessible and publicly available modeling

developments. Additionally, by considering the new resilience goals alongside the pre-existing goals,

especially renewable deployment and emissions goals, the grid can be co-optimized for resilience and

net-zero considerations, resulting in a more sustainable energy system. At the epicenter of these gaps, a

potential e�cient resolution to these gaps may be to employ RDM to an energy system. The possibilities

for RDM are vast, but the authors emphasize tailoring the framework to meet the needs of energy system

stakeholders. This new application of RDM warrants more exploration and research.

Beyond the identi�ed modeling gaps in this paper, there are other avenues for future work. Solar

panels, wind turbines, and other DERs could be designed more physically strong against extreme weather

to limit the risk of physical damage. Additionally, more demand response programs could be explored to

help o�set the potential increase in electric load during acute natural disasters. These e�orts would

contribute directly to the potential improved resilience of an energy system and could ultimately be

represented in future formulations of energy system optimization models.

By increasing resilient energy systems planning, there can be signi�cant potential to decrease the

economic consequences experienced by the serviced area, utilities, and dependent sectors during outages

due to natural disasters. The energy system will not only become more resilient, but also well suited to

meet net-zero goals.
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CHAPTER 3

MICROGRID DESIGN AND MULTI-YEAR DISPATCH OPTIMIZATION UNDER

CLIMATE-INFORMED LOAD AND RENEWABLE RESOURCE UNCERTAINTY

Modi�ed from a paper under review at Applied Energy.

Madeline Macmillan6;7;8, Alexander Zolan9, Morgan D. Bazilian10

3.1 Abstract

The importance of resilient energy infrastructure has grown as grid dependency increases and the

impacts of climate change on grid operations intensify. However, existing energy system and microgrid

planning models do not currently consider the uncertain and long-term impacts of climate change when

optimizing a set of design and operational decisions. In this paper, we develop a novel scenario generation

method that accounts for the uncertain e�ects of climate change on variable renewable energy availability

and load growth as well as the impacts of population and electri�cation trends on load growth.

Additionally, we augment an existing energy system model to adopt a two-stage stochastic programming

framework. The scenario generation methodology is coupled with the two-stage stochastic program to

obtain uncertainty-informed and climate resilient energy system design and dispatch decisions. Based on

the results, the proposed methodology produces quality stochastic solutions and does not over�t to an

expected value problem.

3.2 Introduction

Society is dependent on energy systems and the services they support such as security, healthcare,

transportation, and communication. Resilience of energy systems is gaining interest due to the grid's

increasing vulnerability to disruptions from severe weather events [104, 105]. Losses due to climate

change-driven extreme heat have been estimated as between$5 trillion and $29.3 trillion globally with

more than 80% of the economic losses absorbed by disadvantaged populations [106]. Extreme heat also

increases electric loads signi�cantly [107] and limits the capacity of power plants [108], increasing the

frequency of outages.

6Graduate student at the Colorado School of Mines
7Primary researcher and author
8Author for correspondence
9Researcher at the National Renewable Energy Laboratory
10 Professor at Colorado School of Mines
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In recent history, climate-driven extreme temperature events have caused outages costing the United

States economy billions of dollars in lost productivity and physical damages [109]. These events can lead to

hazardous conditions for large populations due to heat exposure in buildings [110]. The observed trends of

increasing frequency and severity of these expensive events [111] motivate our approach of optimizing

microgrid designs and measuring their resilience in longer-term operating periods.

The outputs from microgrid design tools and planning models typically include deployment of

Distributed Energy Resources (DER), and load management recommendations [4]. DERs are

energy-generating and storage technologies that are directly connected to small distribution systems which,

in turn, may or may not be connected to the bulk power system [5]. Microgrids are networks of DERs that

can operate without connection to the grid [6]. Microgrids that include renewable DERs can provide

reductions in utility expenditures and, when paired with storage, may add resilience to the networked loads

within the microgrid [112]. Non-renewable DERs, such as diesel generators, can be included in a microgrid

design to provide power when it is economical to do so, or when renewable and storage technologies are not

su�cient to meet demand during a grid outage. However, diesel generators require a non-renewable fuel

source, and fuel prices incentivize the use of co-located renewables and/or storage to manage costs,

especially in remote locations [113]. Rules of thumb are typically not cost e�ective in microgrid planning

decisions, so tools have been developed which employ optimization techniques to inform DER sizing and

operations for residential and commercial customers [114].

In light of climate change and the associated severe weather events posing threats to energy

infrastructure, recent studies have incorporated resilience considerations into planning decisions for both

microgrids and broader energy systems. Perera et al. [115] develop a modeling framework that optimizes

microgrid designs for communities vulnerable to wild�res. However, this study does not consider

uncertainties associated with climate change and the subsequent impact they may have on the energy

demand, energy supply, and resilience of the system. Totschnig et al. [116] use an hourly simulation model

to assess the impact of climate change on the resilience of the electricity sector for Austria and Germany.

For campus-sized and remote, grid-disconnected microgrids that may grow with the broader population,

load growth due to population growth and electri�cation should be considered [117].

The �rst contribution of this paper is a methodology that generates multi-year scenarios for microgrid

optimization models that incorporate uncertainty in: (i) climate-related impacts to energy demand; (ii)

long-term population growth and electri�cation of buildings; and, (iii) uncertainty in Variable Renewable
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Energy (VRE) resources. Our simulation assumes that these three factors are stochastic in nature and

independent of each other. Our second contribution extends an existing microgrid design and dispatch

optimization model, REopt [118], to obtain solutions under uncertainty by recasting the single-year,

deterministic REopt model as a two-stage stochastic program in which each scenario includes multiple

years of operational decisions. We hypothesize that our novel methodology will obtain microgrid design

and dispatch decisions lower expected long-term costs when compared to other scenario generation

methods that incorporate fewer sources of uncertainty. We use sample average approximation [119] to

obtain estimates of long-term costs and test this hypothesis. The rest of this paper is organized as follows.

3.3 Literature review

Within this study, we consider a microgrid design and dispatch model that can measure resilience while

considering the uncertain e�ects of population growth and electri�cation, climate change, and VRE

generation. Many models exist for microgrid planning and resilience, and they di�er by structure,

technologies considered, and objective. Reviews from Ringkj�b et al. [4] and Wang et al. [120] provide an

overview of energy system and microgrid planning tools, including commonly used software such as

REopt [70], HOMER [11], Microgrid Design Toolkit (MDT) [121], and DER-CAM [122]. These models

obtain microgrid designs and operational decisions using either a search algorithm or a mixed-integer linear

program, and can conduct sensitivity analyses. REopt, MDT, and DER-CAM consider neither multi-year

nor multi-scenario customizations [123] while a multi-year module of HOMER can consider load and

capital expense changes [10, 124]. The methodology in this paper augments REopt's existing capabilities

by developing a scenario generation method and a two-stage stochastic programming formulation.

Incorporating uncertainty is an increasingly important component of microgrid and resilience

assessments, as shown by Robert and Gopalan's work demonstrating that a dependence on an individual

solar generation forecast results in unanticipated shortages [125]. Monte Carlo simulations, Markov reward

processes, and sensitivity analyses have been used to incorporate uncertainty within energy system

planning models and resilience assessments. Panteli and Mancarella [40] develop a Monte Carlo simulation

to compare normal, robust, redundant, and responsive resilience strategies in a high-wind environment.

Younesi et al. [126] use Monte Carlo simulations with a three-state chain Markov reward processes to

evaluate the resilience of interconnected energy system components. Two common limiting factors with

Monte Carlo simulations and Markov reward processes are available data with which to populate the

probability distributions within the model and solution time. Sensitivity analyses demonstrate the impacts

of input changes on decisions, as implemented in Totschnig et al. and Ascione et al. to assess and design
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resilient energy systems, respectively [116, 127]. While sensitivity analysis is less data-intensive than

Markov reward processes, each instance assumes certainty in the inputs. In response to these restrictions

and the available data for our approach, we apply stochastic programming and sample multiple time-series

VRE pro�les to mitigate over�tting a system design to a single forecast while providing upper and lower

bounds on the expected long-term cost of the optimal solution.

Microgrid planning models that incorporate uncertainty in both load and VRE resources commonly

focus on dispatch operations. Wang et al. [128] develop a multi-objective approach to dispatch multiple

microgrids under load and renewable resource uncertainty in which they minimize costs and emissions

generation; their approach is intended to be robust to sudden drops in intermittent load, and they use a

heuristic to obtain dispatch decisions. Konneh et al. [129] summarize works that employ model predictive

control to adapt to sudden changes in load, and recent work by Hans et al. [130] extends this method to

cover islanded grid operations in a risk-averse framework. Xiang et al. [131] present a robust optimization

model to obtain cost-minimizing and social bene�t-maximizing dispatch decisions, in which they

incorporate uncertainty in both renewable generation and load using historical data from which they

obtain point and interval estimates; the authors utilize an orthogonal array to determine the uncertainty

set for their solution method, and then use Monte Carlo sampling to verify solution quality. Wang et al.

[132] present a two-stage stochastic program that obtains expected cost-minimizing dispatch decisions for

multiple microgrids which interact with a central utility; the utility decisions take place in the �rst stage

while the second stage determines the dispatch of the individual microgrids, and they utilize a sequential

sampling approach to generate scenarios of load and renewables generation. Similar to the work in [131]

and [132], we use mathematical programming to obtain planning decisions, but we include design

considerations.

Stochastic programming formulations that consider both design and dispatch decisions for microgrids

address the computational burden of the planning problem by use of a combination of approximations,

heuristics, and truncated time horizons. Han and Lee [133] develop a planning model for a multi-microgrid

system in which the �rst stage considers connections between renewable-powered microgrids, the second

stage considers individual microgrid operations over 24-hour dispatch periods, and the objective is to

minimize capital and expected operational costs.

The long life of assets purchased for energy system planning decisions motivates us to investigate load

growth due to population and electri�cation trends. Takalani and Bekker's rural microgrid assessment
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highlights the signi�cance of "future proo�ng" when making long-term microgrid system plans [117].

Similar to Takalani and Bekker, we adopt long-term population growth considerations to generate scenarios

that are informed and connected by multi-year load growth assumptions. A key distinction that was not

identi�ed in the literature was the application of these considerations in cases beyond rural locations such

as the (grid-connected) case studies we explore. While grid-connected microgrids do not su�er outages

during normal operations, accounting for future growth can change the most economical design, as well as

resilience metrics in out-years when compared to the solutions obtained from a single-year, deterministic

model. This motivates the development of our methodology to generate multi-year scenarios as we describe

in Section 3.4.

3.4 Scenario generation methodology

This section details the methodology that we employ to generate independent and identically

distributed scenarios that span multiple years and serve as input to a microgrid design and dispatch

optimization model. The scenarios we generate incorporate uncertainty in (i) the impacts of climate change

on load, (ii) the impacts of climate change on VRE availability, and (iii) load growth in out-years of

microgrid operations. Figure 3.1 displays the inputs and outputs of each model that we employ in our

framework, which we describe below, as well as interactions between models.

Figure 3.1 Flowchart detailing the methodology in this paper.

To consider the anticipated impacts of climate change on extreme temperature events which, in turn,

a�ect load pro�les, we use the Multi-scenario Extreme Weather Simulator (MEWS). MEWS uses National

Oceanic and Atmospheric Administration (NOAA) daily summaries and US climate normals [134] data to
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�t a stochastic model to historic heat wave and cold snap patterns. MEWS then shifts these patterns using

the 6th Coupled Model Intercomparison Project (CMIP6) surface temperature for a chosen future year and

Shared Socio-economic Pathways (SSP) and Intergovernmental Panel on Climate Change (IPCC) shifts in

the frequency and intensity of Heat Wave (HW) events. The resulting HW distributions for future

conditions are used to develop climate-informed, hourly load pro�les with EnergyPlus which we then

further adjust for projected growth due to electri�cation and population growth in future years. We

simulate VRE pro�les by randomly selecting (i) historical year-long pro�les at hourly �delity, and (ii)

growth factors from probability distributions informed by projections in the literature.

The load pro�les are then combined with VRE pro�les, the electricity tari�, and technological

speci�cations as inputs to our optimization model, which solves multiple single-year instances of REopt.

Our methodology outputs a recommended design as well as its expected lifecycle cost and resilience

measures.

3.4.1 Extreme weather and developing climate-adjusted loads

The IPCC is a large international body responsible for developing reports to provide a scienti�c basis of

the e�ects of climate change for use in policy and research [135]. The RCPs are greenhouse concentration

projections while the SSPs are a standardized re�nement of the RCPs to facilitate comparison between

societal choices and subsequent climate change impacts. These scenarios re
ect an array of anticipated

climate change e�ects with respect to various weather parameters. Both the RCPs and SSPs are commonly

used in climate change research [136{139].

Climate change scenarios, such as those from the IPCC, include an array of severities [135]. Stochastic

weather generators are commonly implemented methods [140, 141] It is important for a tool to be rooted in

validated climate change scenarios such as those from the IPCC. To faciliate energy system resilience

analysis, it is also important for the tool to have a high temporal resolution and to have output compatible

with building energy modeling. The model MEWS was developed to address this gap [140]. Similar to

other tools in this space, MEWS helps understand the interdependence between climate change and its

associated extreme temperature events and infrastructural resilience while also being compatible with other

infrastructure models, rooted in the SSP scenarios, and outputs hourly-adjusted weather �les [140]. Other

tools in this space were ruled out because they require considerable computation time [142], do not output

hourly data ideal for infrastructure analysis [143], and consider only summer heatwaves and no cold

snaps [144]. This stochastic model produces climate-adjusted weather �les that are easily applicable to

infrastructure evaluation. The inputs of this model include the latitude and longitude of the site, the future
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analysis years of interest, historical weather data, and the corresponding Typical Meteorological Year

(TMY) weather �le. The outputs of this model are updated EnergyPlus weather �les for each speci�ed

analysis year. For our case study, the analysis years in question were present day, 2035, and 2050. The

historical weather data was retrieved from the National Oceanic and Atmospheric Administration [145].

The weather outputs from MEWS serve as input to our load modeling tool, EnergyPlus, a physics-based

model that generates an hourly load pro�le based on the weather. EnergyPlus simulations were run for all

city-building-year combinations for the IPCC scenarios SSP 2-4.5, SSP 3-7.0, and SSP 5-8.5. MEWS is a

stochastic weather generator, so we also consider 3 con�dence intervals of each climate scenario, 5%, 50%,

and 95%.

3.4.2 Variable renewable energy

Climate change has implications for the supply side in addition to the demand side of energy

systems [146]. Methods for projecting VRE forecasts and trends at various resolutions and time periods

include arti�cial intelligence and machine learning models as seen in Azad et al. [147], forecast combination

and ensemble forecasting such as that in Nowotarski et al. [148], day-ahead forecasts, hierarchical

forecasting which is implemented in Hyndman et al. [149], and probabilistic forecasting demonstrated in

M•ohrlen et al. [150], all of which are best-suited for short- to medium-term projections at hourly

resolution. This study is concerned with long-term, hourly VRE forecasts which do not exist on the scale

in which we are interested. Instead, we consider annual long-term VRE trend projections using large

general circulation models that project weather forecasts as an interaction between the atmosphere and the

environment as demonstrated in the papers reviewed in Craig et al. (2018) [151].

Craig et al. (2022) [152] note that there is little interaction between climate modeling and microgrid

system modeling e�orts, and call for greater inclusion of the former when developing the latter. This paper

responds to this call by incorporating a range of anticipated e�ects of climate change on wind and solar

resource. We use the minima and maxima of reviewed projections to represent the range of anticipated

e�ects of climate change on wind resource [151]. Data is extracted for the region most applicable to each

case study, from which we calculate a per-year percent change in VRE resource to account for the

di�erence between the publication year and the analysis year. The collection of projections from the

literature failed Kolmogorov-Smirnov tests for normal and gamma distributions in each case and there was

no intersection between projected ranges in the literature, so we adopt a uniform distribution for the

relative resource change per year, in which the range is that of the relevant studies in the literature. Then,

for each scenario-year pair, we select a year at random from the available historical weather
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records [153, 154], and we draw independent samples from the uniform distribution to obtain a growth

factor which we apply to each time period. As a result, the VRE pro�les maintain the same shape as the

historical year-long weather pro�les we draw from, but have an adjusted magnitude. These altered solar

and wind pro�les then replace the relevant weather measures in the climate-adjusted weather pro�les

generated by MEWS to serve as input to the load and VRE models.

3.4.3 Multi-year load growth

While individual buildings may not be subject to the same planned growth that regional grid operators

plan for, it is important for load pro�les of campus-sized microgrids that grow with the local population to

capture uncertainties associated with population and electri�cation increases that may results in


uctuations in load to avoid shortages in future years [117]. Most microgrid design and analysis works in

the literature do not consider future loads, and instead use current loads that are assumed to repeat over

the project lifetime. The studies that do consider long-term load growth in energy system design analyses

design do so for rural microgrids [155, 156]. In instances where site-speci�c data was not available, we

adopt a similar methodology to that implemented in Bhattacharyya et al. [156] and Kumar et al. [155] that

was applied to rural microgrids. Kumar et al. and Bhattacharyya et al. use historical electri�cation data to

populate their load growth assumptions, while we use historical population data as we assume the campus

is already grid-connected. For the nearest future year, a random variate is generated from a triangular

distribution, under the assumption that we have a best guess and range of estimated growth in the shorter

term. For all future years, we assume a range but no best guess, and so a random variate is generated from

a uniform distribution to represent growth from one period to the next. The product of these inter-period

growth factors is applied to each hour of the load pro�le for each scenario-year pairing obtained via the

methodology in Section 3.4.1.

3.5 Formulation

This section summarizes our augmentation of REopt to consider multiple scenarios; the solution method

we adopt is visualized in Figure 3.2. We develop lower and upper bound formulations of REopt, separated

by uncertainty-informed scenarios. Our extension of REopt outputs an optimal system design and dispatch

as well as the expected Life-Cycle Cost (LCC) of the system. Solving the lower bound formulation outputs

unique optimal system designs for each scenario. The results of the lower bound are used to select a

candidate �xed design for the upper bound formulation. If the ratio between the optimal objective values

of the lower and upper bound formulations is not less than the optimality threshold, a bisection search is
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employed to improve the upper bound, �xed candidate design. Once the optimality threshold condition is

satis�ed, we explore the other REopt outputs such as the probability of survival and resilience by time step

resilience metrics to assess the quality of the solutions produced by our methodologies.

Figure 3.2 Two-stage stochastic program, withm as the analysis year andn as the number of scenarios.

The model we develop seeks microgrid design and operations decisions that minimize expected total

LCC of the energy system across a �nite collection of scenarios which we generate using the methodology

in Section 3.4. We include a term for unmet load to ensure relatively complete recourse. Additionally, we

include boundary conditions to rectify storage inventory and ensure year-to-year continuity. We present the

model below in a general form using constructs that highlight the scenario-year pairings and the

decomposition method that we employ to obtain upper and lower bounds on optimal expected lifecycle cost.

Our abstraction of REopt resembles the methods employed in [157]. The unabridged formulation of

REopt and a mapping of decision variables from the general form below and the fully descriptive

formulation are available in the appendix.

3.5.1 Formulation: Stochastic program ( P)

Sets

h 2 H = f 1; 2:::; jHjg time periods, (i.e., hours, jHj = 8760)
! 2 
 = f 1; 2; :::; j
 jg scenario-year pairs

36



Table 3.1 Continued.

X 2 X strategic design decisions
Y !

h 2 Y !
h (X ) operational decisions made in time periodh and scenario-year!

given decisionX
W ! 2 W (Y !

1 ; : : : ; Y !
jHj ) long-term operational decisions made in time period h and

scenario-year! given operational decisionY !
h

Parameters

B !
0 initial inventory in scenario-year !

� ! probability of scenario-year ! [fraction]

Functions

f X (�) cost of a design decision [$]
f Y (�) cost of an operational decision [$]
f W (�) cost of long-term operational decisions [$]
f V (�) cost of unmet load associated with the unmet loadV !

h [$/kW]
` !

h (�) unmet load associated with operational decision in time period
h and scenario-year!

[kW]

b!
h (�) net change in storage inventory associated with operational de-

cision in time period h and scenario-year!

Decision Variables

X design decision
X ! design decision associated with scenario-year!
Y !

h operational decision made in time periodh and scenario-year!
W ! long-term operational decision made in scenario-year!
V !

h unmet load in time period h and scenario-year! [kW]
B !

h storage inventory at the end of time period h in scenario-year!
W ! operational decisions in scenario-year!

Formulation ( P)

minimize zP =
X

! 2 


�
f X (X ! ) + � !

X

h2H

�
f Y (Y !

h ) + f V (V !
h )

�
+ f W (W ! )

�
(3.1a)

s.t. X ! 2 X 8 ! 2 
 (3.1b)

Y !
h 2 Y !

h (X ! ) 8 h 2 H ; ! 2 
 (3.1c)

W ! 2 W (Y !
1 ; : : : ; Y !

jHj ) 8 ! 2 
 (3.1d)

V !
h = ` !

h (Y !
h ) 8 h 2 H ; ! 2 
 (3.1e)

B !
h = B !

h � 1 + b!
h (Y !

h ) 8 h 2 Hnf 1g; ! 2 
 (3.1f)

B !
1 = B !

0 + b!
1 (Y !

1 ) 8 ! 2 
 (3.1g)

B !
jHj = B !

0 8 ! 2 
 (3.1h)

X ! = X 8 ! 2 
 : � ! (3.1i)

In the objective of model (3.1a), we seek a minimum expected LCC, which composed of the �xed cost

of procuring the microgrid design and the expected value of operational decisions over the operating

horizon. The weight applied to each scenario-year pair,� ! , assumes equal-probability and a time-speci�c
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discount factor in future years. Constraint (3.1b) speci�es feasible design decisions. Constraint (3.1c)

speci�es feasible operational decisions given the design decisionX for all time periods in each scenario.

The variable Y !
h is de�ned for each scenario-year and time step to account for production factors and loads

that vary on each basis. On the other hand, parameters such as demand charges and production incentives

do not vary on an hourly basis and are considered multi-period costs. As a result,W ! is introduced to

capture the costs that vary only by scenario-year! , as de�ned in constraint (3.1d). Constraint (3.1e)

de�nes the amount of unmet load V !
h as the unmet load associated with an operational decisionY !

h for

each time period in each scenario. The unmet load variable,V !
h , is not de�ned in the existing REopt

model. Therefore, this formulation adds this variable V !
h is de�ned in Equation 3.2. Equation 3.2 is

written adopting the original REopt notation, as outlined in Hirwa et al. [9].

V !
h = � c;!

h + � h;!
h �

X

t 2T

f p
th � f l

t � X rp
th �

X

b2B e

X dfs
bh �

X

u2U p

X g
uh +

X

t 2T e =T g

X

b2B e

X pts
bth

+
X

t 2T e =T g

X

u2U s
t

X ptg
tuh +

X

u2U sb

X stg
uh 8 h 2 H ; ! 2 


(3.2)

From left to right, the unmet load is equal to the 1) site load minus 2) power produced by DERs, 3)

power discharged from storage, and 4) power purchased from the grid, plus the 5) power delivered to

charge storage and 6) power sold to the grid from DER production and storage for each hour in each

scenario-year pairing. The de�ned notation for this constraint can be found in Hirwa et al. [9] and B.

Constraint (3.1f) balances battery state of chargeB !
h between consecutive time periods while

constraint (3.1g) provides an analogous restriction on inventory to constraint (3.1f) for the �rst time period

according to initial inventory conditions, B !
0 . To ensure year-to-year continuity, constraint (3.1h) balances

storage inventory. Constraint (3.1i) enforces the nonanticipativity of X ! which prevents the strategic

design decisions from adapting to individual scenarios.

3.5.2 Formulation: Lower bound ( P)

Model (P) is intractable when solved directly using an o�-the-shelf solver. However, removing

constraint (3.1i) from the formulation, separates the model naturally by scenario-year pair. Our relaxation

of model (P), which we call (P), moves this constraint into the objective function, which allows the

resulting scenario-year-speci�c sub-models to be solved in parallel.

Formulation ( P)

38



minimize zP =
X

! 2 


"

� !

 

f X (X ! ) +
X

h2H

�
f Y �

Y !
h

�
+ f V (V !

h )
�

+ f W (W ! ) + � ! (X ! � X )

!#

(3.3a)

s.t. (2.2b)-(2.2h)

In the lower bound formulation ( P), we take the Lagrangian relaxation of (3.1i) and the term
P

! 2 
 � ! (X ! � X ) is moved to the objective function. We require
P

! 2 
 � ! = 0 to prevent the problem

from becoming unbounded, as the restriction onX is removed. This is consistent with the progressive

hedging method developed by Rockefellar and Wets [158], but we remove the proximal term to ensure that

model (P) is a relaxation of model (P) [159]. As a result, the optimal objective value of model (P)

provides a lower bound to that of model (P), i.e., zP � zP .

3.5.3 Formulation: Upper bound ( �P)

While model P provides a lower bound of model (P) an upper bound is still needed, i.e. a restriction of

model (P). This is achieved in model (�P). In this formulation, we �x X to a single strategic design

decision, making it a feasible solution to model (P). The resulting formulation, model �P, is a restriction

and upper bound of modelP.

Additional Parameter

X̂ strategic design decision

Formulation ( �P)

minimize z
�P = f X (X̂ ) +

X

! 2 


 

� !

"
X

h2H

�
f Y �

Y !
h

�
+ f V (V !

h )
�

+ f W (W ! )

# !

(3.4a)

s.t. Y !
h 2 Y !

h (X̂ ) 8 h 2 H ; ! 2 
 (3.4b)

(2.2e)-(2.2h)

The objective function (3.4a) is adjusted to specify a singular, �xed design decision such that

X̂ = X 2 X . The �xed design also enabled for the removal of constraint (3.1i) and the nonanticipativity

term from the objective. As a result of the �xed design, model ( �P) is a restriction of (P). The optimal

solution to �P will provide an upper bound to the optimal value of (P), i.e., z �P � zP .
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3.5.4 Solution methods

We solve models (P) and ( �P) to obtain lower and upper bounds, respectively, on the objective value of

model (P). By �rst solving each scenario-year-speci�c submodel in model (P) with penalties

� ! = 0 ; 8! 2 
, we can obtain up to j
 j candidate (�xed) designs, which we can assess by solving model

( �P). We can update the penalties,� ! , using progressive hedging [158] to re�ne the lower and upper bounds

as needed until the optimality criterion for a case is met, and we can further improve the upper bound

using a multi-dimensional bisection search [160] due to the continuous domain and relatively small number

of design decisions.

3.5.5 Resilience assessment

In addition to understanding the e�ects of our methods on system sizing and dispatch decisions, we are

also concerned with its e�ects on the climate resilience of the system. Within REopt, a microgrid or DER

planner can evaluate the resilience of their microgrid system with the outage simulator [9, 118, 161]. This

tool details the amount of time a system can continue to meet the critical load throughout the year with

probability of survival and expected resilience by time step metrics. Every hour, the outage simulator

calculates how many hours the on-site system can meet the critical load (probability of survival) and the

duration of survival for outages starting at each hour of the year (expected resilience by time step) [114].

These metrics are built into the REopt outage simulator [162] and are described in Section 4.6 from Hirwa

et al. [9]. This feature can also assess expected microgrid system performance and costs under

user-speci�ed grid outages. This study explores the resilience of our systems optimized with and without

consideration of outages.

In addition, we calculate the Area Under the Curve (AUC) metric from Sep�ulveda-Mora and

Hegedus [11], as demonstrated in Equation 3.5:

AUCN =
NX

t =1

P(surviving an outage of t hours) � (1 hr) : (3.5)

This metric can capture uncertainty across many time periods and requires minimal data that is generally

needed for Value of Lost Load (VoLL)-based or composite indicator resilience metrics [163]. To calculate

this metric, the probability of survival from the REopt outage simulator is used to populate the function.

Additionally, the quotient of a the AUCN and N represents the probability of the system surviving an

outage of duration 1 to N that starts at a random time step.
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3.5.6 Stochastic metrics

We utilize metrics from the stochastic programming literature to assess the quality of solutions that we

obtain using the methodology described in Section 3.5.1. Similar to the notation implemented in [164], we

refer to the solution to model (P) via the methods in Section 3.4 as the Recourse Problem (RP) solution.

The �rst metric is the Expected Value of the Stochastic Solution (EVSS) which justi�es the application of

the stochastic model by comparing the RP solution to an alternative, single-scenario instance that uses the

expected value of each random variable as input, which we refer to as the EV problem. The EVSS is the

di�erence between the expected LCC of the EV design under a collection of Out-of-Sample (OOS)

scenarios,zEV , and that of the RP design, zRP , as demonstrated in Equation 3.6:

EV SS = zRP � zEV : (3.6)

We can further assess solution quality by performing an out-of-sample validation to obtain a valid

con�dence interval of the optimality gap, using the Sample Average Approximation (SAA) method from

Mak et al. [119]. The calculation of this metric is shown in equation (3.7) and (3.8):

�z =
X

k2 K

� k (zk
RP � zk

LB ) (3.7)

~" =
t �;n � 1s(n)

p
n

; (3.8)

in which:

ˆ zk
RP and zk

LB are the lifecycle costs of the solution using the RP design and the lower-bound model

allowing a free design for each scenario-year pair, respectively, for out-of-sample scenariok;

ˆ s(n) is the sample standard deviation for the di�erenceszk
RP � zk

LB , k 2 f 1; : : : ; ng;

ˆ � k = 1=n; 8k 2 f 1; : : : ; ng; and,

ˆ t �;n � 1 is the t-statistic inverted at � with n � 1 degrees of freedom.

Using this framework, the (1 � � )-level con�dence interval on the optimality gap is [0; �z + ~" ].

3.6 Results

Table 3.1 summarizes key inputs for the two sites chosen for case studies: Albuquerque, New Mexico

and Kodiak, Alaska. Each case study assumes default costs available in REopt [162] but include a capital

cost multiplier for purchased technologies in Kodiak due to its remote location. These locations are unique

in climate and VRE availability, as demonstrated in Figure 3.3. Historical VRE data was collected for both

locations going back to 1998. The annual average wind and Photovoltaic (PV) capacity factors for all
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collected years are visualized in Figure 3.3(a), Figure 3.3(b), Figure 3.3(c), and Figure 3.3(d) within

Figure 3.3. For both case studies, we model present day, 2035, and 2050. For the Kodiak case, we

developed a multi-building campus load informed by total energy usage and peak demand on a monthly

basis provided by a partner. We assume an o�ce building for Albuquerque because no further site-speci�c

data was provided. The average loads for all present-year scenarios for the Kodiak and Albuquerque cases

were approximately 1,400 kW and 960 kW, respectively. We �t a weighted collection of the DOE reference

commercial building loads [165] to the historical campus load by minimizing the sum of squared error of

monthly peak-average ratio of the expected and observed loads, then we scale the hourly load pro�les in

each month so that the average and peak load of the simulated campus load matches the historical billing

data exactly. The output of this methodology includes a (i) load pro�le that replicates historical billing,

and (ii) a collection of building energy models that are compatible with the scenario generation

methodology in Section 3.4.

(a) Albuquerque Wind (b) Albuquerque PV

(c) Kodiak Wind (d) Kodiak PV

Figure 3.3 VRE capacity factors from 1998-2020.
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Table 3.1 Case study inputs

Location Kodiak Albuquerque
Building Multi-building campus Medium o�ce
Load
growth
scalar

2023 No change
2035 1+Tri(0.15,0.25,0.2)
2050 1+Tri(0.15,0.25,0.2) * [1+Uni(0.0,0.2)] 1+Tri(0.15,0.25,0.2) * [1+Uni(0.0,0.14)]

VRE
change

2023 No change
2035 [-2.5%, +2.5%]
2050 [-5.0%, +5.0%]

Business as
Usual (BAU)
system

All: 0 kW

Back-up system Battery: 1,500 kW, 1,180 kWh
Generator: 4,365 kW

All: 0 kW

Capital cost
scalar

1.5 1.0

3.6.1 Microgrid optimization results

All case study instances in this section were solved using the REopt.jl package v0.32 with Xpress

version 16.1. Individual scenario-year-speci�c instances of REopt took less than 30 seconds each, and each

case study was solved to within 5% of optimality in less than three hours. The recourse problem uses 22

scenarios for each case study while the sample average approximation uses 30 additional scenarios; each

scenario spans three analysis years which are solved individually when solving models (P) and (P) as part

of the methodology in Section 3.5.1.

Table 3.2 summarizes the results obtained via the two-stage stochastic programming approach in

Section 3.5.1 for the Kodiak and Albuquerque case studies. Both cases bene�t from the addition of

renewable DER when compared to the business-as-usual case of purchasing no new assets. While storage

technologies were not economical for either case, the di�erence in available resources motivates the

purchase of wind and PV exclusively for Kodiak and Albuquerque, respectively. Additionally, the high

year-to-year variation in the annual aveage capacity factor of wind in Kodiak (see Figure 3.3(c)) yields a

much greater EVSS associated with the optimal design when compared to the solar resource in

Albuquerque, which is consistent from year to year (see Figure 3.3(b)). This shows the value of our

methodology for cases in which the most economical technology has a highly variable resource. The 95%

CI on each case study's optimality gap has an upper bound of less than 5%, indicating that the sample

sizes employed for the recourse problem were su�cient to provide a high-quality stochastic solution.
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Table 3.2 Design and LCC results

Result Kodiak Albuquerque
BAU LCC [M $] 23.0 0.771

EV Design Wind: 3,228 kW PV: 189.75 kW
EV LCC [M $] 24.8 0.602

RP Design ( X � ) Wind: 1,021 kW PV: 179.25 kW
RP LCC ( zP ) [M $] 22.2 0.601

Expected savings vs. BAU [M $] 2.44 0.184
EVSS [ $] 2.61 M 896

95% Con�dence Interval on optimality gap [%] [0, 1.691] [0, 0.923]

3.7 Resilience assessment

Figure 3.4 and Figure 3.5 summarize the resilience results for the Kodiak and Albuquerque case studies,

respectively. Figure 3.4(a) and Figure 3.5(a) show the probability of survival of a given outage duration,

while the Figure 3.4(b) and Figure 3.5(b) display the outage survival by time step. The results show that

while adding renewable technologies can supplement existing backup infrastructure to signi�cantly extend

the outage survival, the intermittency of VRE resources prevent these additional assets from providing

backup power in the absence of co-located storage or fuel-�red generators.

(a) Probability of Survival (b) Resilience by Time Step

Figure 3.4 Summary of outage survival statistics, with and without (a) the optimal design obtained by
solving model (P), and (b) the assumed existing backup system, for the Kodiak case study.

Figure 3.6 and Figure 3.7 summarize the resilience metrics described in Section 3.5.5 for Kodiak and

Albuquerque, respectively. For both case studies, the BAU case has a value of zero for all metrics and

system sizes. Adding the cost-optimal wind turbine to the Kodiak back-up system increases the AUC of

the 336-hour outage from 29% to 50% while the probability of survival of a 336-hour outage increases from
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(a) Probability of Survival (b) Resilience by Time Step

Figure 3.5 Summary of outage survival statistics, with and without the optimal design obtained by solving
model (P), for the Albuquerque case study.

0% to 11%. The lack of a backup system in the Albuquerque case study explains the limited AUC of a

24-hour outage of 6.6% when the cost-optimal PV system is included.

Figure 3.6 Comparison of resilience metrics for the Kodiak case study with and without (i) the optimal
microgrid design obtained by solving model (P), and (ii) the existing backup system. \AUC" represents
the AUC N

N of the speci�ed outage duration and \Prob" represents the probability of survival of the
speci�ed outage duration.
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Figure 3.7 Comparison of resilience metrics for the Albuquerque case study with the optimal microgrid
design obtained by solving model (P). \AUC" represents the AUC N

N of the speci�ed outage duration and
\Prob" represents the probability of survival of the speci�ed outage duration.

These results demonstrate how our methodology is able to design a system that accounts for the long

life of electricity-producing assets and the potential changes in load and VRE resources that may take

place for a building or campus over the life of the microgrid. The di�erences between the Kodiak and

Albuquerque case studies highlight that the methodology is best-suited for locations with highly variable

and productive VRE resources. Additionally, the resilience measures for the microgrid improve more

prominently when it is paired with a back-up storage and/or generator system that may not be economical

to purchase when optimizing for expected long-term utility, procurement and operations costs.

3.7.1 Conclusions and future work

In this paper, we augment an existing microgrid design and dispatch model to consider uncertainties

including future load growth, climate change impacts on load, and climate change impacts on VRE

availability. Our novel contribution includes a two-stage stochastic programming extension of an existing

mixed-integer linear program and a scenario generation methodology that incorporates these sources of

uncertainty. We illustrate the value of the methodology by selecting two case studies that vary signi�cantly

in climate, VRE availability, and site load. The results show that our methodology is well-suited for sites

with high VRE variability, and that adding renewable technologies to an existing backup system can

46



signi�cantly extend the resilience of the site in extended outages.

The methodology that we present is general enough to include the heating and cooling technologies

available in REopt, and analysis of co-optimizing design for thermal and electrical loads will be explored in

future work. The methodology could also be extended to consider weather-induced outage events in

addition to the heat waves and cold snaps provided by MEWS. Applying this methodology on a wider

variety of climate zones, building types, and load patterns may help to assess what the cost of additional

resilience would be for a given building by including stochastic outages within the optimization, instead of

optimizing for cost and then assessing resilience afterward.
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CHAPTER 4

UNDERSTANDING THE IMPACTS OF CLIMATE AND UNCERTAINTY-INFORMED MICROGRID

PLANNING: ESTIMATING THE COST OF RESILIENCE

Modi�ed from a paper under review at Energy Conversion and Management

Madeline Macmillan11;12;13, Alexander Zolan14, Morgan D. Bazilian15

4.1 Abstract

Microgrids can o�er energy resilience to individual buildings and local communities in response to

climate change-induced extreme temperature events and the threats they pose to system operations.

Existing models do not currently consider these uncertainties or su�ciently include outage scenarios in

their planning methodologies. In this paper we adopt a scenario generation methodology that accounts for

climate uncertainties and their impact on renewable resources and load, coupled with a two-stage

stochastic program to obtain cost-minimizing microgrid designs. We include outage considerations within

the dispatch model to incentivize resilient system design, then vary the outage timing and duration to

assess the additional cost and resilience bene�t. We apply the methodology to a collection of case studies

in three climate zones, each of which includes three buildings. Our results demonstrate that for some cases,

there is an opportunity to build highly resilient microgrids that represent a cost savings when compared to

using a utility to meet all site loads.

4.2 Introduction

As the global community confronts the challenges posed by climate change, the incorporation of climate

data into energy system and microgrid planning has emerged as a critical imperative [151]. While

integration of climate data into energy infrastructure planning has been performed to assess future needs

for regional and national grids, there are relatively few studies incorporating this information for local

microgrid planning [152]. This article aims to contribute to the body of knowledge in this growing �eld by

implementing and expanding upon key areas of improvement such as resilience considerations and climate

uncertainty. One example of climate data integration in microgrid planning is the work of Macmillan et

al. [166]. They incorporate a collection of uncertainties, including the impact of climate change on load and

Variable Renewable Energy (VRE) resources, in microgrid planning. This work extends the scope of

11 Graduate student at the Colorado School of Mines
12 Primary researcher and author
13 Author for correspondence
14 Researcher at the National Renewable Energy Laboratory
15 Professor at Colorado School of Mines
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analysis from the case studies in [166] to include thermal loads and prespeci�ed outages.

Thermal loads have e�ciency, sustainability, and resiliency implications for microgrids and the broader

energy sytstem [167]. These loads can represent a substantial portion of a building's energy consumption,

and the use of renewable energy, energy storage, and smart grid technologies can lead to reduced energy

costs, decreased environmental impacts, and enhanced system resilience [167{169]. Furthermore, as climate

change increases the frequency and severity of extreme temperature events, incorporating thermal load

forecasts in future planning can allow microgrids to be more adaptive and resilient [170].

Service disruptions have increased in frequency and duration recently, and exhibit a strong correlation

with climate change measures [104, 105]. Outages can have far-reaching economic consequences [106].

Microgrid planning models frequently include grid disconnections within the dispatch assumptions to

obtain more resilient designs than what is obtainable my minimizing total lifecycle costs including utility

charges. Hirwa et al. [9] develop a methodology for a resilient energy microgrid which they apply to the

case study of a South African Hospital. This study demonstrates the potential for improved resilience in

microgrid design when planning with stochastic outage conditions, however it does not consider the

additional uncertain impacts of climate change on load and generation as we do in this study. Based on the

�ndings of existing literature, it is of interest to examine the impact of stochastic outage on the optimal

microgrid designs and their resilience.

This article seeks to address the gaps in the current literature by expanding upon an approach to

integrate climate data in microgrid planning. Drawing on insights from previous studies that have explored

the relationship between climate data and thermal heating and cooling loads, we extend our methodology

to include thermal loads and technologies. Then, we present a study in which we estimate the cost of

adding microgrid resilience by including grid outages of di�erent durations within our design and dispatch

optimization framework. In the following sections, we summarize the relevant literature, outline our

methodology and case studies, implement and present the results from our approach, and discuss the

implications of our �ndings.

4.3 Literature Review

In this analysis, we apply an uncertainty-informed microgrid design optimization method and extend it

to plan for and value climate resilience with both electrical and thermal load and uncertain outage

considerations. Resilience is de�ned across many disciplines. In this study, we adopt the working de�nition
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for energy system resilience proposed in Macmillan et al. [166]. This de�nition is speci�c to climate

resilience and acute, high-impact weather events. The e�ects of climate change transcend many aspects of

energy systems including load and generation and are subject to uncertainty [151]. Craig et al. [152] and

Dubus et al. [171] call for inclusion of climate data in the broader energy system planning space in order to

generate informed insights and to bridge the disconnects between the energy system modeling and climate

modeling communities. More speci�cally, Shim et al. [172] demonstrate the importance of considering

climate data when planning energy microgrids. The importance of including climate data when planning

energy systems is exacerbated the more dependent a given location is on renewable energy [173], especially

as renewable generation technology adoption increases. Existing literature has begun incorporating climate

data into energy system modeling, however this space is nascent.

Extreme temperature events caused by climate change a�ect thermal loads, which, in turn, can impact

microgrid planning and reliability [174]. Planning for thermal loads has implications on the sustainability

and resilience of energy systems [175]. As extreme temperature events increase in severity and frequency,

the magnitude of peak cooling loads are expected to increase [167]. Microgrid design and dispatch models

can solve design and dispatch problems for systems with a range of microgrid and distributed generation

technologies as well as load types. Hirwa et al. [9] demonstrates these thermal load considerations with

REopt and consider resilience with a collection of outage scenarios, however using a deterministic model.

Paktinat et al. [176] consider thermal loads and technologies in addition to uncertain outage conditions to

optimize microgridoperations. There are also examples of energy system design planning with thermal

considerations and load management techniques such as demand response [177], however these examples do

not consider climate data and uncertainty.

Climate change also has uncertain resilience implications. Many energy system resilience modeling

examples in the literature employ deterministic methods. Perera et al. [178] implements a stochastic

optimization approach to quantify the impacts of climate change on energy systems but assesses reliability

(high probability, low impact events) as opposed to resilience. A method for modeling resilience with

uncertainty considerations is with stochastic outage conditions. In Shahsad Javed et al. [179], stochastic

outage durations, frequencies, and start times are modeled to assess the impact of planning with outage

considerations on microgrid sizing. The authors model short term outages (0-24 h) that occur two to six

times throughout each year. Our study explores once-annual, longer-term outages and their impacts on

microgrid planning and resilience. There are a few examples of studies considering long-duration resilience

assessments for the larger energy system and microgrids [180, 181], however existing examples don't

consider climate uncertainty [182].
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Performance-based metrics are a commonly implemented method to measure and value the resilience of

an energy system or a microgrid [163]. Performance-based metrics include the system's probability of

survival and the expected resilience by timestep as demonstrated in Hirwa et al. [9], as well as the unserved

load during an outage. While the amount of unserved load can determine whether the existing system can

survive the outage scenario of interest, there is a need to assign a dollar amount to the unmet load when

included as a decision variable in a dispatch optimization model. The Value of Lost Load (VoLL) is a

metric representative of the economic costs associated with unmet load during an outage [54] and has been

used to assign a value to resilience in several microgrid studies [183, 184]. VoLL can vary by a myriad of

factors including industry, time of day, outage duration, location, and season [163].

In this study, we explore the intersection of thermal loads, climate change, and resilience and the

implications of considering them in microgrid design optimization. Our study addresses a key gap in the

literature to integrate more climate data into energy system planning, as highlighted in Yalew et al. [170].

We incorporate uncertainty with respect to climate change and its various impacts on renewable energy

availability and load as well as outage conditions for resilient planning, as called for in [163]. Our analysis

incorporates climate factors to estimate the cost of microgrid resilience under present and projected future

conditions for a collection of climate zones and buildings.

4.4 Methodology

This section details how we leverage the methodology presented in Macmillan et al. [166] to design a

study that assesses the tradeo� between resilience and cost by including outages of varying duration.

Figure 4.1 depicts the methodology adopted in this analysis, which is identical to the methodology in the

prior work with the addition of thermal loads and stochastic outages.

4.4.1 Scenario generation

The prior work in [166], develops a scenario generation methodology that simulates the anticipated

impacts of climate change on both the load and VRE availability as well as the impacts of electri�cation

and population trends on campus loads. This study applies the method to a campus and demonstrates the

improvements in expected lifecycle costs when considering the complete uncertainty and climate-informed

scenario generation methodology. Similar to the work in [166], we incorporate climate impacts in the

scenarios that serve as input to the microgrid planning model, but we also generate thermal loads and

51



Figure 4.1 Flowchart detailing the methodology in this paper, adapted from Macmillan et al. [166]

consider the technologies that serve them.

Additionally, our scenario generation methodology includes outages in the dispatch horizon that vary in

duration by scenario, and the outage duration varies by case. This allows us to assess the additional cost of

adding resilience to a microgrid supporting a given building type and location. Each scenario-year pair has

one outage with a randomly assigned start time in which each possible hour of the year is assigned with

equal probability. While one outage per year is not typically observed in the locations used in our case

studies, these contrived scenarios allow us to their impact on a microgrid's optimal design and their ability

to withstand longer grid disruptions, such as those which have recently occurred in North Carolina [185],

Oregon [186], Texas [187], and Louisiana [188].

To incorporate a value of resilience, we use VoLL as a penatly for lost load in the optimization model.

The VoLL metric varies signi�cantly in the literature, ranging from $10-300/kWh. The VoLL in this

analysis is taken from [53] and varies by both outage duration and location. Similar to the work by

Sep�ulveda-Mora and Hegedus [11], the VoLL in this study does not vary by building type. For

long-duration outages such as those we consider, the VoLL decreases with outage duration, which is

consistent with the categorized outage costs summarized in Ericson and Lisell [60].

4.4.2 Two-stage stochastic program

We adopt the two-stage stochastic program methodology in Macmillan et al. [166] to optimize

microgrid systems to serve both electrical and thermal loads and to become more resilient against outages.
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Constraints B.4b and B.4a perform load balancing for the thermal heating and cooling loads, respectively.

When the system is disconnected from the grid during outage conditions, the VoLL penalizes unmet load

during the speci�ed outage in that scenario-year pairing. The constraint, presented in equation 4.1 [166], is

written with the original REopt notation, as outlined in Hirwa et al. [9].
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(4.1)

From left to right in 4.1, the unmet load is equal to the 1) site electric loads minus 2) power produced by

Distributed Energy Resources (DER), 3) power discharged from storage, and 4) power purchased from the

grid, plus the 5) power delivered to charge storage and 6) power sold to the grid from DER production and

storage for each hour in each scenario-year pairing.

We �rst solve the lower bound formulation with un�xed systems for each scenario-year pairing. Based

on the results of the lower bound formulation solve, we select a �xed candidate and solve the upper bound

design. Similar to the solution method in Macmillan et al. [166], we update the lower and upper bounds as

needed until the optimality criterion for a case is met. We adjust the upper bound �xed design as needed

by exploring the e�ects of combinations of the probability-weighted mean and the maximum sizes of the

systems on the expected life cycle cost.

4.4.3 Resilience assessment

We adopt the metrics used in Macmillan et al. [166] to evaluate the resilience of the system including

the probability of survival, the expected resilience, and the Area Under the Curve (AUC). In addition, we

record the unmet load and expected outage cost associated with each system. These metrics will allow us

to understand how the necessary tradeo�s vary across cities and building types. We will also evaluate the

resilience metrics, unmet load, and expected outage cost for the systems planned without outage

considerations. These results will illustrate both the increase in microgrid resilience associated with

incorporating outages in the dispatch model, as well as the additional cost associated with the new system.

4.5 Case Studies

We use the scenario generation method in Section 4.4.1 to generate scenarios for three distinct climate

zones and three distinct building types; Table 4.1 summarizes the assumptions. We adopt a VoLL which

varies by location and outage duration [53]. All systems assume a natural gas-�red boiler for heating needs,
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an electric chiller for cooling needs, and no electricity-producing technologies on site, i.e., the buildings are

fully dependent on the utility for electrical and cooling needs in a Business As Usual (BAU) case. Each

case study considers the purchase of electric battery storage, PV, wind, diesel generator, and Combined

Heat and Power (CHP) technologies. The approximate average annual electric loads of the large data

center, hospital, and warehouse are 2.2e+7 kWh, 5.1e+6 kWh, and 1.4e+5 kWh, respectively. The load

shape of both the hospital and warehouse is relatively consistent from week to week, whereas the load

shape of the data center is much more variable.

Table 4.1 Case study inputs

Location Baltimore Minneapolis Phoenix
ASHRAE Climate Zone 4a 6a 2b

Building Large Data Center - Hospital - Warehouse

Wind change
2020 No change No change No change
2040 [-5.6%, +8.5%] [-11.2%, +8.5%] [-11.2%, +2.7%]
2060 [-9.6%, +14.4%] [-19.2%, +14.4%] [-19.2%, +4.9%]

PV change
2020 No change No change No change
2040 [-1.8%, +1.8%] [-1.7%, +1.3%] [-2.1%, +3.5%]
2060 [-3.2%, +3.2%] [-2.8%, +2.4%] [-3.5%, +6.5%]

BAU 0 kW

VOLL ( $/kWh)
24-h 151 151 96
72-h 65 67 41

168-h 44 47 28

4.6 Results

All case study instances in this study were solved via the REopt.jl package v0.37 with Gurobi version

10.3.1. Individual scenario-year-speci�c instances of REopt took less than three minutes, and the stochastic

program for each case study was solved to within 6% of optimality in less than three hours. The recourse

problem uses 5 scenarios for each case study while the solution quality assessment via sample average

approximation uses 30 additional scenarios; each scenario spans three analysis years which are solved

individually as in Macmillan et al. [166]. Four di�erent planning considerations were explored:

1. no outages;

2. 24-hour outages in each scenario-year pair;

3. 72-hour outages in each scenario-year pair; and,

4. 168-hour outages in each scenario-year pair.

Figure 4.2 visualizes the system sizes for all cities, buildings, and planning conditions. Given the

variability of VRE availability, solar and wind resources are not consistently available to serve the load
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when outages are included. As a result, dispatchable diesel generators and CHP are consistently included

in the design when an outage is present. Baltimore includes CHP when outages are not present, due to

relatively high electricity pricing and a long season of high heating loads as compared to the other locations.

Figure 4.2 Summary of all system sizes for all cities (i.e. Baltimore, Minneapolis, and Phoenix), all
building types (i.e. Large Data Centers, Hospitals, and Warehouses), and the duration of outages included
in the dispatch model.

Figure 4.3(a), Figure 4.3(b), and Figure 4.3(c) within Figure 4.3, Figure 4.4(a), Figure 4.4(b), and

Figure 4.4(c) within Figure 4.4, and Figure 4.5(a), Figure 4.5(b), and Figure 4.5(c) within Figure 4.5

visualize the expected resilience, LCC, and unmet load for each building modeled in Baltimore,

Minneapolis, and Phoenix, respectively. Across all cities, the resilience improvements of using our

methodology for the large data center are limited. When an service disruption occurs in the large data

center, the magnitude and shape of the electric load make uncertain outages di�cult to serve. These

characteristics of the large data centers also mean that there is expected unmet load. Baltimore and

Phoenix anticipate unmet data center loads with systems designed with outage considerations, as seen

in Figure 4.3(a) and Figure 4.5(a), respectively. Given the smaller magnitude of the annual and low

variability in the load shape, warehouses experience the greatest resilience improvements when planning

with outage considerations.
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