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ABSTRACT

Natural disasters can cause large-scale and long-duration power outages that have devastating

societal impacts. These outages do not impact people equally, and some individuals are more

vulnerable when the power goes out. However, these vulnerabilities have not been quantified

and/or incorporated into the design and operation of the power grid. This dissertation develops

an index of social vulnerability to long-duration power outages and applies this index to inform

distribution system power restoration in the wake of a disaster. The first study develops an index

of social vulnerability specific to long-duration power outages for use in power grid resilience

models. The vulnerability index is mapped for census tracts across the United States, and results

indicate which tracts are most likely to require support during an outage. In the second study,

the associations between current trends in social vulnerability to long-duration power outages and

historical redlining are investigated. Results show that historically redlined neighborhoods are, on

average, more vulnerable during a power outage. The third study incorporates the index of

vulnerability into an equity-centered model of power restoration. The model is a mixed-integer

quadratically-constrained program that dispatches mobile energy storage systems to restore

vulnerable customers following a disaster. Results indicate that incorporating equity into power

restoration does not negatively impact system performance in terms of total restored energy,

merely shifting the energy towards customers who need it the most. The fourth study presents a

framework for equity-aware and evacuation-informed power restoration. The model leverages a

mixed-integer nonlinear program for optimal evacuation scheduling and the mixed-integer

quadratically-constrained program from the third study for power restoration. The model is

validated on a case study of Greeley, Colorado; results indicate that this approach provides

additional support for vulnerable customers compared to evacuation-uninformed restoration.

Overall, this research has generated new knowledge and tools for researchers, disaster support

organizations, and utilities to prioritize equity in power outage response.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Natural disasters and severe weather events are the leading cause of long-duration power

outages (i.e., interruptions that last from hours up to days or weeks) in the United States [1, 2].

Between 2000 and 2021, 83% of the major outages (> 50,000 customers a�ected) reported to the

U.S. Department of Energy were a result of weather or climate-related events [2]. Similarly, a

study of 78% of U.S. counties found that over 60% of prolonged outages (over 8 hours) coincided

with an extreme weather or climate event, including but not limited to snowstorms, tropical

cyclones, wild�res, lightning, and heavy precipitation [3]. These long-duration outages resulting

from severe weather have devastating consequences including signi�cant morbidity and mortality

and have been shown to disproportionately impact vulnerable and marginalized

communities [4{8]; therefore, long-duration outages should be viewed as disasters in their own

right.

The power grid is vulnerable to severe weather in several di�erent ways. Distribution poles

and transmission towers are the most at-risk components when exposed to hurricanes [9],

snowstorms, ice-storms [10], and earthquakes [11]. Ice accumulation on power lines can lead to an

increased probability of line failure and breakage in the face of strong winds [12, 13]. Substations

and transformers are prone to damage due to earthquakes [14] and 
ooding hazards [15].

Underground cables, while protected from high winds, are vulnerable to corrosion due to 
ooding

and sea level rise [12]. Wild�res can directly destroy low-voltage distribution poles that are made

of wood, and indirectly damage transformers and power lines, which are threatened by high

ambient temperatures. Excessive heat can overload transformers and lines, leading to derating

and shortened lifetimes due to insulation breakdown, reduced carrying capacity, and increased

losses [12, 13]. Failure of one or more of these components due to severe weather can lead to

widespread and long-duration power outages, and the likelihood of failure is rising as power

systems age; over 70% of U.S. transmission lines and transformers are over 25 years old, which

increases their vulnerability to extreme weather events [16].

1



The number of severe weather events and subsequent power outages is rising due to climate

change, which causes more intense heat waves, more frequent and severe �res, and more damaging

storms [2, 13]. Transformers and power lines are governed by maximum operating temperatures,

and as climate change increases the ambient air temperature, these components will become even

more likely to fail [12, 13]. Generation sources are also threatened as droughts decrease the

capacity of hydropower sources and thermoelectric power plants [12]. Furthermore, rising

temperatures lead to increased peak electricity demand, particularly for air conditioning, which

puts additional strain on aging electric grid infrastructure [17]. These factors make long-duration

power outages more likely to occur.

Long-duration power outages caused by severe weather pose signi�cant threats to society and

the economy. The costs of a power outage are typically reported as monetary values that consider

infrastructure damages, property damage, and other direct costs [18]. However, these monetary

impacts disregard the unseen and harder to measure social costs of a power outage, which include

delayed or interrupted critical services, injury, and even death. For example, long-duration power

outages can hinder the operation and availability of medical facilities, water and wastewater

treatment plants, telecommunication networks, and transportation systems [5, 18]. These impacts

are particularly concerning due to the unquestionably critical role that these infrastructures have

on post-disaster relief e�orts [19{21]. Not only can these interrupted services substantially

lengthen the recovery time and impede the ability of the a�ected communities to bounce back,

but they may also put the health and safety of residents at risk [5]. Long-duration power outages

can cause signi�cant mortality and morbidity due to interrupted water, heating, or cooling

services; food spoilage; carbon monoxide poisoning; and restricted access to life-saving medical

devices [5]. Furthermore, loss of heating or cooling can exacerbate chronic conditions such as

asthma, diabetes, kidney disease, or heart disease [5]. The impact of a long-duration power

outage is therefore much more severe than the economic damages that are typically reported.

The full consequences of long-duration power outages are illustrated by three recent examples

in Puerto Rico, California, and Texas. The longest blackout in U.S. history was caused by

Hurricane Maria in Puerto Rico in 2017; following the hurricane, Puerto Ricans were without

cellular coverage for 41 days, water for 68 days, and electricity for 84 days [19, 22]. The hurricane

and power outages resulted in an estimated 3,000 excess deaths [23], and many have been
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attributed to delayed or interrupted healthcare services [19]. A database of the victims of

Hurricane Maria reports 166 cases of people who died as a direct consequence of lack of

electricity [24]. Many of these victims were medically vulnerable and relied on electricity to power

home medical equipment [19, 24]. The events in Puerto Rico demonstrate the essential role that

electricity plays in healthcare and post-disaster relief e�orts.

In contrast to outages caused by damages, utilities are more commonly purposely interrupting

electricity services to reduce the threat of wild�res through public safety power shuto�s [25]. In

fall of 2019, California utilities including Paci�c Gas and Electric, Southern California Edison,

and San Diego Gas and Electric preemptively shut o� power for millions of people in an attempt

to mitigate the risk of wild�res caused by electrical equipment. During two events in October

2019, approximately 941,000 Paci�c Gas and Electric customers were without power for an

average of 55 hours [25]. Of these a�ected customers, over 34,000 were 
agged as medically

vulnerable due to their reliance on electricity-dependent medical equipment [25]. Approximately

700 medically-vulnerable customers did not receive advanced notice of the outages and

experienced outages longer than �ve hours [25]. One customer, a man who used an oxygen

concentrator, died 12 minutes into the planned interruption [26]. Although the utilities were

aware of the special electricity needs of their customers, many customers were exposed to unsafe

outages that threatened their health and safety.

Power outages are increasingly viewed as public health disasters, and one notable example is

the Texas power crisis. In February 2021, Winter Storm Uri left millions of Texas residents

without access to electricity. At the peak of the crisis, over four million customers lost power, and

the outages extended for up to �ve days [27]. An estimated 700 people died due to carbon

monoxide poisoning, extreme cold, and the exacerbation of pre-existing illnesses, among other

causes [28, 29]. During the outages, over seven million Texans were issued boil water notices and

experienced water shuto�s, reduced water pressure, and frozen pipes, adding to the potential

health impacts of the event [20]. As in Puerto Rico, many of the victims were medically

vulnerable, with chronic conditions such as heart disease or diabetes or they relied on

electricity-dependent medical equipment such as oxygen concentrators [28]. Notably, studies have

shown that Hispanic and Black communities experienced more severe and more prolonged

outages [8, 27, 30, 31]. This event highlights the unequal burden of both outage exposure and
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consequences that can arise due to inequitable outage durations and/or medical vulnerabilities.

The events in Puerto Rico, California, and Texas indicate that power outages are a type of

disaster. Like other disasters, these events do not happen in isolation, but are in
uenced and

impacted by the social, economic, and political climates of the areas within which they occur.

Power outages can highlight injustices that already exist, disproportionately impacting medically

vulnerable individuals and/or marginalized communities. As climate change increases the

likelihood and severity of extreme weather events, natural disasters, and subsequent power

outages, it is imperative to develop tools to mitigate these injustices. Grid resilience strategies,

power outage preparedness measures, and outage response and recovery plans must center their

e�orts on vulnerable groups and aim to reduce the social impacts of long-duration outages.

1.2 Background

The following subsections brie
y describe the basics of electric power interruptions, the

traditional reliability metrics used to assess power grid performance, and introduce power grid

resilience and energy equity as two emerging grid objectives for system performance. Finally, the

concept of social vulnerability is introduced.

1.2.1 Electric Power Interruptions and Reliability Metrics

Interruptions in electricity supply, de�ned as the total loss of electric power to one or more

customers, are categorized by the Institute of Electrical and Electronics Engineers (IEEE)

Standard 1366 based on duration as either momentary or sustained interruptions [32].

Momentary interruptions are limited to �ve minutes, the time period typically required to restore

service automatically or through manual switching if an operator is present immediately [32, 33].

A sustained interruption is de�ned as any interruption that is not classi�ed as a momentary

interruption (i.e., longer than �ve minutes) [32, 33]. Momentary interruptions are most commonly

caused by the opening and closing of interrupting devices, such as reclosers or circuit breakers, to

clear non-permanent faults due to lightning, high winds, vegetation, and animals [33]. Sustained

interruptions are generally due to permanent faults, requiring human intervention to restore

power [33]. Typical causes of sustained interruptions include equipment failure and planned

interruptions for maintenance and repairs [33].
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System reliability indices measure the average frequency, duration, and customer impact of

sustained interruptions across a distribution system, as de�ned by IEEE Standard 1366 [32].

Utilities typically report these values to their regulators on a yearly basis, which are used to

assess the quality of customer service and to measure system performance. The most common

reliability indices are the system average interruption frequency index (SAIFI), the system

average interruption duration index (SAIDI), and the customer average interruption duration

index (CAIDI). These are de�ned in Equations (1.1), (1.2), and (1.3), for events i 2 f 1; 2; :::; ng,

where N i is the number of customers interrupted during eventi , N T is the total number of

customers, anddi is the duration of event i .

SAIF I =
P n

i =1 N i

N T [interruptions/customer] (1.1)

SAIDI =
P n

i =1 N i di

NT
[minutes/year] (1.2)

CAIDI =
P n

i =1 N i diP n
i =1 N i

=
SAIDI
SAIF I

[minutes/interruption] (1.3)

SAIFI measures the average number of times that a customer experiences an interruption

during the year. SAIDI measures the average number of minutes that a customer is without

power during the year, and CAIDI measures the average time required to restore customer service

following a sustained interruption. Typical design target values are 1.0 interruptions per customer

for SAIFI, 1.0-1.5 hours per year for SAIDI, and 1.0-1.5 hours per year for CAIDI; however,

actual values can vary signi�cantly from these targets [33].

SAIFI values can be improved (i.e., lowered) by reducing the frequency of interruptions

through preventive maintenance (e.g., tree trimming), fault-prevention techniques (e.g., line

arresters or animal guards), adding network redundancy and alternative paths to the service area,

or by switching from overhead lines to underground cables [33]. SAIDI can also be improved by

reducing the frequency of interruptions, along with reducing the duration of an interruption

through faster outage response or by investing in distributed generation and additional backup

power, among other solutions [33]. However, improving SAIFI values does not necessarily result

in lower SAIDI values. For example, moving from overhead lines to underground cables can lead

to lower SAIFI values but higher SAIDI values, as interruptions are less likely to occur but more

di�cult and time-intensive to clear on underground cables compared to overhead lines [33].

5



CAIDI values only apply to customers experiencing an interruption, and are therefore best

improved through faster outage resolution times [33].

Reliability indices are meant to measure routine outages during normal operation, and

long-duration outages are typically excluded from these indices. While there is no standard

de�nition for a long-duration outage, IEEE-1366 uses the Major Event Day classi�cation to

distinguish between normal operation and major events that exceed reasonable design or

operational limits of the electric power system. A major event day is de�ned as any day that

exceeds a daily SAIDI threshold value,TMED [minutes/day], which is calculated based on

historical SAIDI data. An example value of TMED given by IEEE is 66.7 minutes [32]. Since

TMED varies by utility, there is no de�ned measure of what constitutes a long-duration power

outage besides that it is longer than a \routine" interruption included in the calculation of

reliability indices. Due to this lack of consensus, the de�nition of a long-duration power outage is

intentionally vague in this dissertation, where a long-duration power outage is de�ned as an

interruption in electric service that last longer than a typical outage at the distribution level, and

can extend from several hours to days or weeks. Of particular note are outages that can be

classi�ed as \medically relevant," which have been de�ned as interruptions that last for at least

eight hours [3]. This time frame is longer than the typical battery life of durable medial

equipment (i.e., medical equipment used to complete daily activities) and thus has potential

health consequences [4].

Long-duration power outages are typically the unintentional consequence of a catastrophic

event such as severe weather or a targeted attack. As described in Section 1.1, these events can

include hurricanes, snowstorms, tropical cyclones, wild�res, and heavy precipitation, among

others. However, other potential causes include terrorism or cyberattacks that intentionally

damage grid infrastructure for malicious reasons, or pre-planned service interruptions (also known

as rolling blackouts or rotating outages) for public safety purposes. The latter have become more

common as utilities seek to minimize risk during heat waves, as high ambient temperatures lower

the current carrying capacity of power lines, leading to reduced capacity to meet the load, and

also increase the risk of power lines igniting wild�res [34]. In the face of any of these major

events, the best way to reduce the consequences of a long-duration power outage is through

investment in power grid resilience [35{37].
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1.2.2 Power Grid Resilience

Improving power grid resilience can mitigate the damages caused by extreme weather and

disaster events. According to a 2013 report from the Executive O�ce of the President, investment

in grid resilience will reduce the consequences of these events on the power system, \saving the

economy billions of dollars and reducing the hardship experienced by millions of Americans when

extreme weather strikes" [37, p. 3].

While reliability refers to routine interruptions in electric service, power grid resilience focuses

on major (i.e., high impact, low probability) events that can cause large-scale disturbances and

long-duration power outages [35]. A resilient grid should be able to return to its normal operating

state after a major event with the least amount of damages and the least amount of costs, both

economic and social [35]. To make a grid resilient, it is necessary to reduce the probability of

interruptions or damages, reduce the extent of such damages, and ensure a continuous supply of

power to as many end-users as possible [35]. While reliability de�nitions and metrics are mature,

broadly accepted, and tightly regulated by the IEEE, resilience de�nitions and metrics are less

clearly de�ned. A widely used de�nition of power grid resilience is \the ability of an entity to

anticipate, resist, absorb, respond to, adapt to and recover from a disturbance" [38, p. 2]. In lieu

of a metric to holistically measure system resilience, resilience evaluation criteria can be used to

show how certain measures can enhance total system resilience without having to quantify system

resilience as a whole [39]. Evaluation criteria include performance metrics about the scope and

duration of an outage, including hours of outage, expected energy not served, lost load, percentage

of customers experiencing an outage, number of critical services without power, and time to

recovery [40]. Bhusal et al. [39] and Raou� et al. [41] provide comprehensive reviews of the current

state of the art in power system resilience, detailing potential metrics and evaluation criteria.

Power grid resilience can be viewed in terms of the timeline of a disaster event (i.e., before the

event starts, during the course of the event, and during its aftermath), as shown in Figure 1.1.

The solutions for each phase, known as preventive, corrective, and restorative mitigation

strategies, respectively, need to address di�erent system objectives subject to varying types

and/or levels of uncertainty about the impacts of the disaster event [42]. No one-size-�ts-all

solution exists, and the best resilience strategy may very well vary from one system to another,
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and from one type of event to another [35, 42].

Figure 1.1 Categories of power grid resilience strategies.

Preventive strategies are proactive in nature and focus on building a stronger, bigger grid to

help prevent or minimize the risk and potential impacts of upcoming disasters. Two main

approaches include grid reinforcement and adding redundancy [42]. These may include hardening

substation equipment, hardening control rooms against water hazards or earthquakes, switching

from overhead lines to underground cables, moving from wood poles to steel poles, preemptively

deploying distributed energy resources, and/or enabling microgrid islanding and network

recon�guration through tie switches and sectionalizers [35, 42, 43]. These solutions are costly,

especially since extreme weather events are comparatively low frequency [35]. Given the constant

investments that are needed to maintain utility operations and upkeep, such reinforcement and

capacity expansion projects may become lower priority items for utilities.

Corrective strategies are deployed during the course of an event to dispatch resources subject

to the spatiotemporal characteristics of the event. In general, these corrective strategies focus on

revising system operation to maintain connectivity and continue supplying the loads to the extent

technically possible [42]. Examples of corrective strategies include advanced control capabilities,

load shedding (i.e., involuntary demand reduction), demand response (i.e., voluntary demand
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reduction), and risk-based dispatch such as security-constrained optimal power 
ow [42, 44].

No matter the strength of a power system and/or the e�ciency of its operation once exposed

to a natural disaster, large-scale outages are still possible due to component failure or damages.

This calls for the third category of mitigation strategies: restorative solutions, whose goal is to

�nd alternative sources and alternative routes to provide power to as many customers in the

outage area as possible while the faulty sections of the grid are being repaired [42]. Grid

capabilities such as network recon�guration and microgrid islanding, localized load shedding, and

localized power supply through distributed energy resources, especially units with black start

capability, can signi�cantly enhance the chances of a successful restoration of the outage area,

subject to fuel availability and/or the state of charge of the energy storage systems [42, 43].

Power grid resilience solutions in any of the three categories often seek to minimize risk when

internal or external hazards threaten the system. Risk assessments are typically carried out

through the expected utility theory [45], which models risk as the probability of a negative

consequence from an event, multiplied by the consequence itself. Forn independent events,

i 2 1; :::; n, the total risk R is calculated as shown in Equation (1.4), whereCi is the consequence

of event i , and Pr (Ci ) is the probability of that consequence.

R =
nX

i =1

Pr(Ci ) � Ci (1.4)

Risk is thus viewed as a triplet of event, probability, and consequence. Risk analysis attempts

to answer the questions of i) What can go wrong, ii) What is the likelihood of that happening,

and iii) What are the consequences if it does happen? Hazard identi�cation is typically used to

answer the �rst question through thorough identi�cation and characterization of all potential

hazards and threats to the power system [46, 47]. Causal and frequency analysis are used to

determine the likelihood of each event through fault tree analysis, Baysian networks, and Markov

models, among others [46, 47]. Central to these techniques are component-level fragility curves,

which report the failure probability of a power system component under various environmental

conditions (e.g., wind speed or temperature) [43]. The consequences of an event are typically

modeled by developing damage scenarios (e.g., through Monte Carlo simulations) [46, 47] and are

evaluated based on expected system loss of load and a unit interruption cost, which relates the

consequence to a monetary value through customer damage functions, value of monetary
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investments, or gross domestic product [47]. However, these purely economic approaches to

consequence modeling disregard the social impacts of a disaster and may lead to unintentional

harm to vulnerable populations.

1.2.3 Energy Justice and Equity

Energy justice has recently gained attention within social sciences, energy policy, and

engineering as a framework to guide research that seeks to investigate the social impacts of energy

systems. Energy equity is an emerging grid objective based o� of the founding principles of

energy justice. The two terms have been used interchangeably, although energy justice is more

popular with social scientists, policymakers, and academics, while utilities, national labs, and

power engineers tend to use the term energy equity [48]. As de�ned by the Initiative for Energy

Justice, energy justice and energy equity refer to \the goal of achieving equity in both the social

and economic participation in the energy system, while also remediating social, economic, and

health burdens on those historically harmed by the energy system" [48, p. 5].

Energy justice is an interdisciplinary research area that fosters the analysis of unfair energy

policies and projects by exploring where injustices occur due to the generation and/or

consumption of electricity, who is most a�ected by these injustices, and how best to reveal,

reduce, or mitigate them [49, 50]. The grounding framework for energy justice focuses on three

foundational tenets: distributional, recognition, and procedural justice [51], and more recently, a

fourth tenet of restorative justice [48, 52, 53]. These concepts are drawn from environmental

justice work, a related but more mature �eld that centers around the inequitable burdens of

environmental pollution and hazardous waste, among others, on communities [49].

Distributional, recognition, procedural, and restorative energy justice can be viewed as ways to

explore what injustices exist, who is most a�ected, and strategies for remediation, respectively, as

shown in Figure 1.2. Distributional justice concerns the unequal distribution of the burdens and

bene�ts that stem from energy projects and seeks to identify where these injustices have emerged

because of power plant siting, energy access, and rising fuel and electricity costs [50]. Once these

injustices have been revealed, it is important to identify who is most a�ected; recognition justice

does so by emphasizing the need to understand and measure vulnerability among di�erent social

groups, particularly marginalized and disadvantaged communities, related to energy services [49].
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Vulnerability can stem from social, economic, and political inequalities and can be quanti�ed

through vulnerability assessments [54]. Finally, procedural and restorative justice seeks to remedy

these injustices through expanding access to the decision-making capabilities that surround

energy through meaningful engagement of local, marginalized, and/or vulnerable communities

and through equity-informed planning and operational decisions, respectively [50, 52, 53].

Figure 1.2 The four tenet framework of energy justice.

The goals of energy equity including creating an energy system that is accessible, a�ordable,

clean, democratically managed, and resilient, among others [48, 52, 55, 56]. These goals are

complementary to the tenets of energy justice. Accessibility refers to the provision of su�cient

energy resources and services, and a�ordability ensures that the provision of energy services is not

a �nancial burden for customers [55]. Clean centers around the transition from fossil fuels to

renewable energy sources to restore past injustices around the inequitable siting of fossil fuel

power plants [48]. Democratically managed refers to the goal of increasing control, participation,

and ownership of energy resources, services, and policymaking in disadvantaged communities [48].

Finally, grid resilience is an area of focus due to the uneven impacts of long-duration power

outages, as introduced in Section 1.1 and expanded upon in Section 1.3.1 [52, 56].
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To benchmark energy equity practices, it is necessary to move from system-wide reliability

metrics toward more granular accounting at the community or customer level to better represent

disparities and inform localized investments and decision making [52]. Barlow et al. [53] provide

examples of energy equity metrics, their relevant stakeholders, and the appropriate tenet of energy

justice that the metrics seek to inform. There is a lack of metrics to inform equitable resilience

practices and operation during long-duration power outages [52, 53]. Social vulnerability

assessments present an opportunity to �ll this gap and inform recognition and restorative justice

practices by measuring who is most vulnerable during a long-duration power outage.

1.2.4 Social Vulnerability Assessments

Social vulnerability assessments seek to analyze the social distribution of risk during disasters

and to understand how social, economic, and political relations in
uence, create, worsen, or

potentially reduce hazards and their impacts on the a�ected communities [54]. Social

vulnerability arises from a community's inability or limited capacity to recover from hazardous

events due to socioeconomic factors outside of their control. Vulnerability exists on a macro level

because of the way that society is organized, not due to individual failings or limitations. Major

categories of social vulnerability include class, race and ethnicity, age, gender, and health and

disability [54, 57]. These �ve factors come about due to systemic and structural racism, unequal

opportunities, discrimination based on sexual orientation or gender identity, and prejudice against

the disability community [54]. Vulnerability can be assessed using demographic, socioeconomic,

health, political, and infrastructural data from sources such as the U.S. Census, surveys, or focus

groups [54, 57, 58]. The resulting social vulnerability indices can be used to inform disaster relief

e�orts, including power outage response.

Models of social vulnerability to disasters and environmental hazards have been well

developed. The concept was introduced within the �eld of disaster management in the 1970s

when researchers recognized that socioeconomic factors a�ect community resilience, moving

beyond prior considerations that only considered infrastructure and technology [59]. Since then,

the most systematic and referenced work for social vulnerability analysis is the social

vulnerability index to environmental hazards, or the SoVI, which was proposed by Cutter et al.

in [57]. The authors used data from the 1990 U.S. Census related to both social inequities (that
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could increase the susceptibility to harm), and location characteristics related to the built

environment. In total, they considered 250 variables from the census data which were translated

into 11 di�erent factors of overall social vulnerability. This model, or variants of it, has been

extensively used in the literature in the context of natural disaster response [60{64]. Similarly, the

Center for Disease Control has developed a social vulnerability index to disasters (CDC SVI) that

can a�ect human health, such as natural disasters or disease outbreaks [58]. The CDC SVI uses

16 factors from the U.S. Census to determine vulnerability along four themes of socioeconomic

status, household characteristics, racial and ethnic minority status, and housing type and

transportation [58]. The aim of this index is to support emergency response and public health

o�cials in identifying communities that are most likely to require support following a

disaster [58]. These two indices are particularly helpful to inform planning and operations

decisions for environmental hazards, natural disasters, and public health emergencies and lay a

strong foundation for related social vulnerability work. However, they do not necessarily re
ect

the impacts that power outages have on communities as a power outage is not an environmental

hazard, a natural disaster, or a disease outbreak.

1.3 Literature Review

This section reviews prior work at the intersection of power grid resilience and energy equity,

including what inequities exist in power restoration, how outage costs are typically measured and

optimized for, and how social vulnerability provides an opportunity to improve power grid

resilience models through equity-focused decision making.

1.3.1 Inequities in Power System Restoration

During power restoration, utilities follow the logical approach to restore power to critical

assets, priority loads, and areas with the largest number of downstream customers, with the goal

of restoring power to the most customers as quickly as possible following a disturbance [65, 66].

These decisions are subject to generation, transmission, and distribution constraints such as

limited resource capabilities, black start requirements, damaged power lines, reduced component

capacities, location of tie switches and sectionalizers, and stability concerns, among

others [65, 67, 68]. Distribution service restoration locates and isolates the faulty section of the
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network from the healthy sections and then restores service through network recon�guration that

creates alternate routes for power 
ow [66]. Traditionally, restoration has been accomplished by

utility repair crews who manually locate the fault and determine and execute the switching

actions necessary to isolate the faulty section and restore service to the a�ected

customers [66, 67]. Recently, smart restoration practices have emerged, including automated fault

location, isolation, and service restoration services that rely on advanced communication and

control capabilities, as well as sectionalizing switches, reclosers, and tie switches that can

autonomously isolate the fault and create the alternate routes for energization [66, 67]. These

approaches often result in restoration e�orts focusing on urban areas with higher numbers of

customers and/or modernized sections of the grid with additional reclosers or sectionalizers [69].

However, this can leave vulnerable populations in the dark [69].

Prior research has shown that vulnerable communities, including low-income households and

minority populations, have historically experienced more frequent and longer power outages

following a disaster. A study of power outage data from 2018-2020 across 2,038 U.S. counties

found that there was a signi�cantly higher median count of long (1+ hour) and prolonged (8+

hours) power outages in counties that also experience high social vulnerability to disasters scores

compared to counties with lower vulnerability [3]. In addition to this nationwide study, inequities

in power restoration can be illustrated by speci�c disaster events. Studies of Harris County, Texas

after Winter Storm Uri in 2021 show that low-income and primarily Black and Hispanic

neighborhoods had a longer recovery duration during the power outages [8, 27, 30, 31]. In

particular, Nejat et al. found that neighborhoods with lower household income, higher

percentages of minorities, more multifamily housing, overcrowded housing, more residents

speaking limited English, and more residents without access to a car su�ered the longest power

outages [31]. A similar trend was reported in Louisiana after Hurricane Ida, where zip codes with

higher percentages of low-income and Black residents had longer outage recoveries than those

without [8]. Furthermore, a study of the impact of Hurricane Hermine in Tallahassee, Florida

found that the percentage of customers without power was higher for census blocks populated by

aging residents, larger families, and residents with lower income [70]. A proposed explanation for

this disparity in this study is the location of underground cables, which were more likely to be

found in newer, more a�uent neighborhoods [70]. Following Hurricane Irma in Florida in 2017, it
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was found that minority groups, populations with disabilities, and areas with high unemployment

rates all experienced longer power outages than other groups [6]. Finally, studies of power

restoration in Puerto Rico after Hurricane Maria found that low-income residents [22, 71] and

members of environmental justice communities [72] all experienced longer outages than other

groups. These examples highlight the trend that, while power restoration decisions are made

logically, they may be unintentionally adding burden to already disadvantaged communities.

These unequal burdens underline the need to quantify where people are most vulnerable and to

incorporate these vulnerabilities into the design and operation of the power grid to ensure that

restoration decisions do not perpetuate the su�ering of disadvantaged groups.

1.3.2 Estimating the Costs of Power Outages

The impact of power outages has been primarily assessed through monetary customer

interruption costs [73, 74]. These costs vary by customer type, duration, and magnitude [75]. For

example, outage costs for industrial or commercial customers can be represented by lost pro�t

and/or productivity during the outage [74, 75]. For residential customers, monetary outage costs

are less straightforward, including spoiled food, lack of comfort, and lost productivity [74, 75].

Methods to estimate customer interruption costs can be classi�ed as either economy-wide or

bottom- up approaches [76]. Economy-wide approaches measure how outages a�ect economic

performance, and while they are useful on a macro level, they cannot be applied to individual

customers [75]. Conversely, bottom-up approaches apply to individual customers and assess the

costs of power outages based on stated or revealed preferences, usually obtained through customer

surveys [76]. While surveys are widely seen as the best way to gather data about customer

interruption costs, they are expensive and time intensive to conduct [75, 76]. Existing data is

limited and typically restricted to short-duration outages [73, 74]. Furthermore, survey data may

not be easily generalized across di�erent geographical areas and/or demographics and may su�er

from hypothetical bias [74, 76]. Value of lost load is an example of a bottom-up approach that is

commonly used in the literature to estimate customer interruption costs [76, 77]. Value of lost

load represents an approximate price that customers are willing to pay for uninterrupted

electricity and is estimated separately for residential, commercial, and industrial customers

because the impact of an outage varies signi�cantly between types of customers [75, 76].
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A well-established and commonly-used tool to calculate outage costs is the Interruption Cost

Estimator developed by the Lawrence Berkeley National Laboratory and Nexant, Inc [78]. This

tool uses customer surveys and econometric models to estimate interruption costs for industrial,

commercial, and residential customers, and is useful to evaluate the value of improved reliability.

However, there are several issues with the application of this tool to estimate the costs of

long-duration outages. First, it is developed to estimate the value of improved reliability [78], not

resilience, and is therefore not appropriate for long-duration outages, especially as outage costs

have been shown to accrue over time [75]. Second, the calculator assumes that residential outage

costs are homogeneous [78], despite evidence that certain groups tend to su�er more during an

outage, particularly a long-duration outage [4, 79]. Lastly, the interruption costs for residential

customers are based on customer willingness to pay surveys, and thus may not result in equitable

decisions, as willingness to pay has been shown to increase with income for residential

customers [73, 77].

The true cost of a long-duration power outage exceeds these monetary interruption costs, as a

loss of power can be life threatening for residential customers [5]. Thus, costs should be calculated

as a combination of both the monetary costs and the social costs of an outage. However, very few

studies have sought to develop metrics that can quantify the social impacts of an outage [80]. One

notable exception is a 2023 study by Clark et al., in which the authors propose a theoretical

approach to quantify the social burden of power outages on households with the intended use case

of power grid resilience investment and planning [81]. This work develops a grounding framework

to quantify social burden based on a household's capabilities, needs, and accessibility to services.

However, this research has yet to develop a practical metric. Future work from this group may be

widely applicable in resilience planning, but it requires empirical data that does not currently

exist [81]. In contrast, the social vulnerability index developed in this dissertation can identify

vulnerable groups now with the intent of reducing the impact of power outages on vulnerable

groups and mitigating the overall social impacts of long-duration outages.

1.3.3 Social Vulnerability and Power Outages

While long-duration power outages have been shown to impact social groups in di�erent ways,

they have been largely overlooked in the social vulnerability literature. Previous studies that
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perform vulnerability assessments or develop social vulnerability indices (e.g., [57, 60, 63, 82, 83])

do not typically discuss power outages as a type of disaster. The most comparable work to an

index of social vulnerability to power outages was developed in [84] and [85], in which the authors

present a service gap model to quantify the susceptibility of households to disruptions in critical

services, including electricity. In [84], the authors identify household-level determinants of societal

risk disparities during a service interruption based on empirical survey data from Harris County,

Texas. The results reveal that income, age, race, homeownership, and the type of residence

impact a household's \tolerance zone" and therefore the level of hardship experienced during a

disruption in service. In [85], the authors extend this analysis to create a Disruption Tolerance

Index to view spatial patterns in tolerance zones and susceptibility for regions impacted by

Hurricane Harvey, Hurricane Florence, and Hurricane Michael. While these studies lay a strong

foundation for investigating the social disparities during power outages, they are based on survey

results for a limited number of counties after speci�c hurricane events, and may not be widely

applicable to all geographic areas or all types of long-duration power outages. Further, the

authors primarily focus on household tolerance and preparedness for outages, disregarding other

important dimensions of vulnerability including health and evacuation, as discussed in Chapter 2.

In other instances, previous work has used social vulnerability indices that are not speci�c to

power outages. For example, Sotolongo et al. approach vulnerability to power outages from an

environmental justice perspective, using environmental justice and demographic indicators to

construct an index of vulnerability and investigate the relationship between vulnerability and

electricity recovery data in Puerto Rico [72]. Seven indicators of vulnerability are studied

including percent non-white, income level, linguistic isolation, education, youth in poverty, and

elderly in poverty. However, the goal of the index in [72] is to highlight areas that are at risk of

environmental injustice due to demographics and/or environmental factors, which is

fundamentally a di�erent goal from identifying areas at risk of detrimental impacts during a

long-duration power outage. A few studies have used the SoVI or the CDC SVI in the context of

power outages to explore the relationship between social vulnerability and power outage duration

(see Section 1.3.1) [3, 27, 69]. However, as highlighted by Do et al., their use of a general metric

of social vulnerability to disasters in the context of power outages is limiting, as it was not

designed speci�cally for power outages [3].

17



To address the gaps in existing research, an index of social vulnerability speci�c to

long-duration power outages is proposed in this dissertation based on a thorough literature review

to identify all known factors of vulnerability. This index is applied to various case studies in

power grid resilience to demonstrate how it can inform recognition justice, restorative justice, and

equitable resilience.

1.3.4 Social Impacts of Power Grid Resilience Models

The social impacts of a power outage have been historically overlooked or inadequately

addressed in power grid resilience and restoration models, which instead optimize operations

based on technical or economic goals [39, 43, 76, 80]. Traditional approaches have used criticality

factors to prioritize loads whose continuous supply is necessary (e.g., hospitals, emergency rooms,

police stations, and �re stations) [41, 76, 80], or have incorporated monetary customer outage

costs as priority weighting factors [41, 73, 74]. Power grid resilience optimization models typically

include objective functions that minimize the shed energy or restored load, weighted by load

criticality or customer interruption cost [39]. These priority weights or customer interruption costs

are often assigned arbitrarily in models proposed in the literature (e.g., [86, 87]), assuming that

whoever will use the models (e.g., utilities) know the actual priority level or outage cost for each

load or customer class; however, this is not necessarily the case. As discussed in Section 1.3.2,

accurate outage cost estimates require time-intensive, expensive surveys, and are often not

available for long-duration outages [74]. Load priorities are typically only applied to commercial

or industrial customers, not residential areas [80]. Furthermore, weights are rarely assigned based

on socioeconomic factors, although, as discussed in Sections 1.1, 1.3.1, and 1.3.3, it is known that

certain socioeconomic groups experience more hardship during an outage than others.

Social vulnerability indices can be used in addition to technical or economic weighting factors

to consider these social disparities. On their own, social vulnerability indices cannot measure

system performance, as decision makers do not have control over who is vulnerable or how

vulnerability is distributed; social vulnerability will not change as a system becomes more

resilient or as energy resources are distributed more equitably. However, they can be used as a

weighting factor in the same manner as outage costs. For example, system performance can be

assessed based on lost load weighted by social vulnerability, percentage of vulnerable customers
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experiencing an outage, or time to recovery for vulnerable communities. However, very few

studies have incorporated socioeconomic indicators of vulnerability into power restoration models.

One exception is [88], in which the authors measure the social impacts of uncontrolled and

controlled power outages on four socioeconomic factors including gross value added, total

population, elderly population, and healthcare and social work employees on a case study of a

Finnish power system. Their results demonstrate how including socioeconomic indicators in an

optimization problem can reduce the social costs of an outage by shifting the lost load away from

the most vulnerable customers. However, the socioeconomic factors used in this study are based

on very simpli�ed assumptions of the social costs of an outage, and many critical factors of social

vulnerability are overlooked. A second example is seen in [89], in which the authors use �ve

variables of social vulnerability, as de�ned by the SoVI [57], to create an index of vulnerability

that is used to determine the importance ranking of nodes in a power distribution system and a

water system in Shelby County, Tennessee. This index of component importance is used in an

optimization problem to maximize social equity and community resilience during service

restoration. Like in [88], the socioeconomic indicators used in [89] are based on a very simple

model that is not speci�c to power outages, which could result in an inaccurate picture of

vulnerability. Finally, Taylor et al. [90] use the CDC SVI to support equity-aware load shedding

during public safety power shuto�s to minimize wild�re risk. Their results show that, during

these controlled outages, it is possible to shift the load shedding away from socially vulnerable

areas, resulting in more equitable power shuto�s. However, the authors acknowledge that the

CDC SVI does not include data such as disabilities or reliance on electricity-dependent medical

equipment, both of which are factors of vulnerability during a power outage [90].

All of the social vulnerability indices developed for, or utilized in, previous power grid

resilience models lack factors of vulnerability speci�c to power outages and therefore do not

properly account for the nuanced e�ects that a power outage has on di�erent social groups.

However, these studies lay a strong foundation for the work in this dissertation, which will

improve upon previous work through the development of a social vulnerability index speci�c to

long-duration power outages and multiple case studies to demonstrate its use in power grid

resilience studies that seek to mitigate the social impacts of power outages. The work in this

dissertation will help to bridge the gap between the theoretical understanding of vulnerability to
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power outages and practical applications in power grid resilience and energy equity.

1.4 Dissertation Overview

In this dissertation, energy justice is used as a guiding theory to investigate the social impacts

of long-duration power outages and the power grid resilience practices that seek to mitigate them.

Through a lens of recognition justice, a social vulnerability assessment is introduced in Chapter 2

to identify and quantify which groups are most vulnerable during a long-duration power outage.

In Chapter 3, redlining is explored as a potential cause of inequities in preparedness for, and

hardship during, long-duration power outages. In Chapter 4, the social vulnerability index is used

to inform equity-focused power restoration with mobile energy storage systems through a lens of

restorative justice. In Chapter 5, evacuation services are integrated into the power restoration

model to provide further support for vulnerable populations. Chapter 6 concludes with a

summary of the contributions of this work and a discussion of future work. A summary of the

body chapters of this dissertation is presented in Box 1, including the research gaps and research

questions that they address and a summary of the approach taken in each chapter.
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Box 1: Dissertation Overview

Chapter 2: Social vulnerability to long-duration power outages.
Gaps: A social vulnerability index speci�c to power outages does not exist.
Research Questions: What socioeconomic factors are associated with higher vulnerability
during a long-duration power outage? Are these factors directly comparable or do they �t
into di�erent categories of vulnerability? Based on these factors, where in the United States
are residents most likely to be vulnerable to long-duration outages?
Approach: A thorough review of the literature is conducted to identify factors of vulner-
ability. Principal component analysis and Pareto ranking are used to construct the �nal
index. Results are presented for case studies of census tracts in Colorado and census tracts
in the United States.

Chapter 3: Associations between redlining and social vulnerability to long-
duration power outages.
Gaps: Potential reasons for inequities in the power system have not been well studied.
Research Questions: Are current trends in social vulnerability during long-duration power
outages associated with redlining performed by the Home Owner's Load Corporation in the
1930s? Do census tracts that were previously redlined experience higher social vulnerability
scores, on average, than those that were not?
Approach: Analysis of variance and a post-hoc Tukey-Kramer test are used to compare the
average social vulnerability of neighborhoods based on their Home Owner's Loan Corporation
rating.

Chapter 4 : Mobile energy storage systems to mitigate the social impacts of long-
duration power outages.
Gaps: Power system restoration with mobile energy storage systems has been optimized
based on purely technical or economic criteria. Social vulnerability speci�c to power outages
has not been used to inform power system restoration decisions.
Research Questions: How does incorporating social vulnerability into a power grid
restoration model impact the allocation of resources? Which scenarios will result in the
greatest social bene�t and how does that di�er from technological optimization decisions?
Approach: A mixed-integer quadratically-constrained program to dispatch mobile energy
storage systems is developed to minimize load not served, weighted by social vulnerability to
long-duration power outages. The proposed model is demonstrated on a realistic distribution
system in Greeley, Colorado.

Chapter 5: Equity-aware and evacuation-informed electric service restoration us-
ing mobile energy storage.
Gaps: Emergency evacuation has not been considered in tandem with power grid restora-
tion.
Research Questions: How do evacuation decisions impact a power grid restoration model?
What bene�ts arise from considering the interaction between these services?
Approach: An existing emergency evacuation nonlinear optimization program is modi�ed
and integrated with the mobile energy storage model developed in Chapter 4. The combined
model minimizes evacuation wait time and shed load, weighted by social vulnerability to
long-duration power outages. The proposed model is demonstrated on a real transportation
system and a realistic distribution system in a case study of Greeley, Colorado.
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CHAPTER 2

SOCIAL VULNERABILITY TO LONG-DURATION POWER OUTAGES

Modi�ed, with permissions, from [91], published in the International Journal of Disaster Risk

Reduction.

Jesse Dugan1, Dahlia Byles2, Salman Mohagheghi2

Section 2.8 is reproduced, with permissions, from part of [92], published in the proceedings of the

IEEE Green Technologies Conference, © 2023 IEEE.

Jesse Dugan1, Salman Mohagheghi2

2.1 Abstract

Although long-duration power outages can lead to signi�cant damages to the local economy,

their e�ects on society can far outweigh the �nancial damages incurred. Power outages do not

impact individuals equally, and access to proper resources (or lack thereof) can signi�cantly a�ect

how individuals deal with long-duration outages. Various socioeconomic and demographic

characteristics have been shown in the literature to be correlated with increased health risks,

levels of power outage preparedness, and willingness and means to evacuate, if necessary. This

highlights the need to identify socially vulnerable groups and communities so that, during

outages, information, assistance, and resources can be provided in a targeted manner. This

chapter presents a three-dimensional metric of social vulnerability to quantify the degree to which

a person's life or livelihood is put at risk by a long-duration power outage. Dimensions of

vulnerability include health, preparedness, and evacuation. Principal component analysis and an

L2 norm model are applied to produce a single metric for each dimension of vulnerability. The

three scores are then aggregated using Pareto ranking to determine an overall vulnerability score.

Case studies are presented for census tracts in Colorado and census tracts in the United States.

This index can be used to plan and manage grid operations during long-duration power outages

in a more equitable way.

1Mines/NREL Advanced Energy Systems Program, Colorado School of Mines, Golden, CO, USA
2Department of Electrical Engineering, Colorado School of Mines, Golden, CO, USA
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2.2 Introduction

Climate change has led to an increase in the frequency and severity of weather-induced

natural disasters, which are one of the primary causes of long-duration power outages in the

United States [93]. These power outages signi�cantly hinder the operation and availability of

medical facilities, water and wastewater treatment plants, telecommunication networks, and

transportation systems. This is particularly concerning due to the critical role that these

infrastructures play in post-disaster relief e�orts [19{21]. Not only can these interrupted services

substantially lengthen the recovery time and impede the ability of the a�ected communities to

bounce back, but they may also put the health and safety of residents at risk.

Recent examples of disaster-induced power outages include Hurricane Maria in Puerto Rico

and Winter Storm Uri in Texas. Following the devastation of Hurricane Maria in Puerto Rico in

2017, more than 4,600 people died, and over a third of the deaths were attributed to delayed or

interrupted healthcare services [19]. In the months following the hurricane, Puerto Rican residents

were without electricity for 84 days, without water for 68 days, and without cellular coverage for

41 days [19]. In February 2021, Winter Storm Uri left millions of Texas residents without access to

electricity. The power outages extended for up to �ve days and resulted in hundreds of deaths due

to carbon monoxide poisoning, extreme cold, and the exacerbation of pre-existing illnesses, among

other causes [28, 29]. Many of the victims were medically vulnerable with chronic conditions such

as cardiovascular disease or diabetes, or relied on electricity-dependent medical equipment such as

oxygen concentrators. During the outages, over seven million Texans were issued boil water

notices and experienced water shuto�s, reduced water pressure, and frozen pipes [20].

A long-duration power outage is de�ned as an interruption in electric service that lasts longer

than the typical outages at the distribution level, extending from several hours to days or even

weeks. As demonstrated by the examples in Texas and Puerto Rico, these events have devastating

impacts on the residents who are left without power. The impacts of a long-duration outage

include health and safety risks due to interrupted water, heating, or cooling services; food

spoilage and shortages; generator use in con�ned spaces and the subsequent risk of carbon

monoxide poisoning; and delayed or disrupted healthcare services. These impacts are often felt

the most by medically vulnerable or disadvantaged populations who struggle to prepare for and
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deal with the consequences of a power outage [4, 5, 28, 94]. Further, literature has shown that

many socioeconomic and demographic factors may determine the extent to which individuals are

impacted by a long-duration outage. This underlines the need to quantify social vulnerability

during power outages and to incorporate it into the design and operation of the power grid.

The concept of social vulnerability within disaster management was introduced in the 1970s

when researchers recognized that vulnerability also involves socioeconomic factors that a�ect

community resilience, moving beyond prior considerations which extended only to infrastructure

and technology [59]. Vulnerability, which involves a combination of factors that determine the

degree to which a person's life or livelihood is put at risk by a particular event, is often described

as a function of exposure (a risk measure directly related to proximity and the environmental

characteristics at a particular place), sensitivity (the degree to which people and places can be

harmed), and adaptive capacities (the ability of a system to adjust to change, moderate the

e�ects, and cope with a disturbance) [95]. There is consensus within the social science community

about the major factors that in
uence social vulnerability, which include lack of access to

resources (e.g., information, knowledge, and technology), limited access to political power and

representation, social capital (including social networks and connections), beliefs and customs,

frail and physically limited individuals, and type and density of infrastructure and lifelines [57].

Although numerous studies have developed metrics and indices to quantify social

vulnerabilities to a variety of natural disaster events, long-duration power outages have been

largely overlooked in previous social vulnerability literature. Similarly, solutions for power grid

resilience to large-scale disturbances such as natural disasters and cascading failures have

traditionally viewed the problem only from an engineering perspective and disregarded the social

dimension. In power grid resilience studies, disruption in electric service is often modeled by

quantifying the energy not served or the value of lost load, which overlook the non-monetary costs

of the outage [41, 96]. When the societal impact is considered, it is mainly viewed from the

perspective of critical loads, such as hospitals and emergency rooms, �re stations, and police

stations, rather than impacts on individuals. For instance, the International Council on Large

Electric Systems lists the \sustainment of critically operated systems" as one of the dimensions of

resilience [97]. Although continued service to critical loads is undoubtedly crucial, this view fails

to fully address the social vulnerabilities associated with long-duration outages.
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This chapter develops a metric to quantify social vulnerabilities to long-duration power

outages. Based on a thorough review of the literature, socioeconomic factors are identi�ed that

make an individual vulnerable during a sustained power outage. These factors can be categorized

into three distinct dimensions: health vulnerability, preparedness vulnerability, and evacuation

vulnerability. This novel model of social vulnerability speci�c to power outages considers these

three dimensions independently and constructs an overall index of vulnerability using a Pareto

ranking approach. Case studies are presented for the state of Colorado and the United States at

the census tract level, and the methodology presented here can be readily applied to other

geographical locations.

The main contributions of this chapter are as follows:

(i) Socioeconomic and demographic factors that make an individual vulnerable during a

long-duration power outage are identi�ed through a thorough review of the literature on the

public health impacts of power outages, outage preparedness studies and surveys, and

studies of disaster-related evacuation behavior.

(ii) Three dimensions of social vulnerability are proposed: health, preparedness, and evacuation.

Indices are constructed through principal component analysis and an L2-norm composite

model and are mapped to visualize comparative vulnerability at the census tract level.

(iii) A single metric of overall social vulnerability to long-duration power outages is proposed as

a combination of the three individual dimensions using a Pareto ranking approach.

The rest of this chapter is organized as follows: Section 2.3 provides a review of the literature

related to quantifying social vulnerability to power outages. Section 2.4 presents socioeconomic

factors that can increase an individual's vulnerability during such events. Using those factors, a

model of social vulnerability to long-duration power outages is proposed in Section 2.5. The

methodology to develop the proposed social vulnerability index is presented in Section 2.6.

Section 2.7 provides results for a case study for census tracts in the state of Colorado and

Section 2.8 provides results for a case study of census tracts in the United States. Section 2.9

discusses the practical applications and limitations of the proposed index. Finally, Section 2.10

presents opportunities for future work and concluding remarks.
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2.3 Quantifying Social Vulnerability to Outages: Review of the Literature

The most systematic and referenced work for social vulnerability analysis was proposed by

Cutter et al. in [57], where the authors developed a social vulnerability index (SoVI) to

environmental hazards for all counties in the United States. They used the 1990 U.S. Census and

chose an initial subset of 250 variables, which was later reduced to 85 after testing for

multicollinearity. Upon normalization of data, they arrived at 42 independent variables, which

after applying factor analysis, were reduced to 11 composite variables that explained 76.4% of the

variations in the data among all counties. An additive model was then used to produce the

composite SoVI for each county. They considered variables related to both social inequities (that

could increase the susceptibility to harm), and location characteristics related to the built

environment. The model developed in [57], or variants of it, has been extensively used in the

literature [60, 61, 63, 64, 82, 83, 98, 99] in the context of natural disaster response, and can be

used to inform a similar metric speci�c to long-duration power outages. Factor analysis or

principal component analysis (PCA) is an e�ective method to reduce the number of variables of

the original data set; however, converting the reduced-dimension components to a composite

index raises challenges. In most models that use variants of the SoVI in [57], an additive model is

also used, where equal weights are assumed for all variables [63, 100]. This is appropriate if all

factors (components) contribute equally to vulnerability. However, in practice, various factors (or

groups of factors) may address di�erent dimensions of social vulnerability and as such, may not

be directly comparable. In this chapter, the methodology introduced by Cutter et al. is adapted

to consider di�erent dimensions of social vulnerability to develop an index speci�c to

long-duration power outages, which, like environmental hazards, have been shown to impact

social groups in di�erent ways.

Studies have shown that social disparities exist in the context of power system restoration and

that disadvantaged communities often experience more frequent [101] and/or longer power

outages [6, 7, 71] and often su�er more because of them [71, 102, 103], highlighting the need for a

social vulnerability index speci�c to power outages. For instance, in [7], the authors examined the

relationship between sociodemographic data and outage duration based on outage data from a

single investor-owned utility. Similarly, authors in [6] conducted a case study of electric service
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restoration following Hurricane Irma in Florida to determine the relationship between outage

duration and six categories of demographic and socioeconomic variables. Both studies found that

disadvantaged communities experienced longer outages. In [71], the authors studied the

association between infrastructural characteristics such as road connectivity and landslides, the

socioeconomic characteristics of income and race, and electric service restoration following

Hurricane Maria in Puerto Rico. They found that �nancially disadvantaged communities su�er

more from an extended outage. Similarly, in [103], the authors examined disparities in hardship

experiences during disruptions in transportation, power, communication, and water services.

They surveyed households in Harris County following Hurricane Harvey and similarly found that

social groups with low socioeconomic status, racial minority groups, and/or children younger than

the age of ten experienced more hardship during these disruptions. The authors in [101]

investigated the role that socioeconomic factors play in the performance of electric power systems

following hurricanes in Florida, showing that many social disparities are correlated with the

occurrences of power outages. These studies show that power outages do not a�ect people equally

and underline the need to develop a social vulnerability index to quantify the degree to which a

person's life or livelihood is put at risk by a long-duration outage.

Despite the importance of the topic, the development of metrics to quantify social

vulnerability to long-duration power outages has not been adequately addressed in the literature.

A few studies attempt to model the social consequences of power outages, but either use

simpli�ed models or do not include comprehensive indicators of vulnerability. For instance, some

researchers have proposed heuristic models to estimate the impact of power outages and load

curtailment on consumers, mainly by considering comfort levels for indoor temperatures when

unable to use air conditioning units [104{107]. Others have investigated connecting socioeconomic

factors to outage costs. For instance, authors in [108] present a model to quantify household

tolerance to disruption in essential services, including electricity. In their model, they consider

demographic factors such as age, income level, minority status, and health issues, as well as access

to resources. Similarly, authors in [88] present a framework to link power outages and their

socioeconomic impacts, illustrated in a case study of a Finnish power system. Four socioeconomic

factors are included: gross value added, population, elderly population, and health and social

work jobs. However, as discussed in Section 2.4, many other factors have been shown in the
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literature to increase an individual's risk during a power outage and are neglected in these

models. In [72], the authors approach vulnerability to power outages from an environmental

justice perspective, where environmental justice and demographic indicators are constructed and

their relationship to electricity recovery data in Puerto Rico is investigated. Seven indicators of

vulnerability are studied including percent non-white, income level, linguistic isolation, education,

youth in poverty, and elderly in poverty. However, not all these factors are directly tied to power

outages and, like above, several important factors are overlooked. Furthermore, their index

highlights areas that are at risk of environmental injustice due to demographic and/or

environmental factors, which is a fundamentally di�erent goal from identifying areas at risk of

detrimental impacts due to power outages. These previous studies adopt simple models to

aggregate their vulnerability factors into a single metric; however, not all socioeconomic factors

lead to vulnerability in the same way, and thus may not all be directly comparable.

Therefore, no previous study has adequately quanti�ed social vulnerability to long-duration

power outages. Existing models have overlooked many socioeconomic factors, described in

Section 2.4, that are shown to correlate with increased risks during an outage. Furthermore,

previous work has not considered how socioeconomic factors may a�ect vulnerability in di�erent

ways, instead combining all variables into a single metric through an additive model. Without

considering di�erent dimensions of vulnerability, these models may produce inaccurate results.

This chapter intends to �ll these gaps by proposing a social vulnerability index to long-duration

power outages based on a comprehensive list of vulnerability factors speci�c to power outages. In

addition, three di�erent dimensions of vulnerability are proposed and approached independently,

then combined into a single index using Pareto ranking so that they are aggregated without

subjective weights.

2.4 Factors of Social Vulnerability to Long-Duration Power Outages

The impacts of long-duration power outages are not distributed equally across a�ected

individuals, and socioeconomic and demographic characteristics can make an individual more

likely to su�er due to a power outage. In this section, factors that impact vulnerability are

identi�ed and grouped into categories of health, preparedness, and evacuation, based on a review

of the relevant literature. These factors are limited to socioeconomic or demographic indicators;
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while infrastructural characteristics may impact whether an outage occurs, how fast power is

restored, or if transportation networks are damaged or congested, they are dynamic variables that

depend on the nature of the event and are thus not appropriate for a static social vulnerability

index.

2.4.1 Health factors

Long-duration power outages can cause various medical complications, exacerbate existing

health conditions, and in extreme cases, lead to loss of life [109]. However, not all socioeconomic

groups experience these health e�ects in the same way, and certain groups are at higher risk. Age

can be a signi�cant factor in determining the ability of an individual to withstand a long-duration

outage and older adults are known to be more vulnerable than

others [4, 5, 21, 24, 28, 94, 110{115]. In addition to being more sensitive to extreme indoor

temperatures [116], they generally rely more heavily on electricity-dependent medical equipment

than younger adults do [4, 117]. It was shown that, during the Northeast blackout in August

2003, New York City residents aged 65{74 experienced a 44% increase in mortality rates, with

most excess deaths occurring from disease-related causes [109]. Children are also known to be

particularly impacted by power outages [5, 29, 118, 119]. Like older adults, they are susceptible to

extreme environmental cold and/or heat [120]. Children are also particularly vulnerable to carbon

monoxide poisoning [5, 29] (e.g., due to the usage of gasoline-powered generators or burning

�rewood for warmth in con�ned spaces) and food poisoning [119] (e.g., due to exposure to

foodborne illnesses caused by lack of access to refrigeration). The former is also shown to

disproportionately impact immigrants and people of color [5]. Racial and ethnic minorities are

overrepresented in carbon monoxide poisoning [29, 121] and in general, receive fewer warnings

about generator use in con�ned spaces [5, 121].

Health conditions can also put individuals at higher risk during long-duration power outages.

Individuals who rely on electricity-dependent medical equipment or certain durable medical

equipment (e.g. patients who use home ventilators, oxygen concentrators, home dialysis, or those

who lose access to dialysis centers) are particularly vulnerable [4, 5, 111, 113, 114, 122]. This

introduces an extra layer of inequity, as the rate of usage of durable medical equipment appears

to be higher among individuals with lower socioeconomic status and those on Medicaid [5, 94].
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People with temperature-sensitive conditions such as respiratory, cardiovascular, or renal diseases

are also vulnerable [5, 24, 28, 113, 114, 122]. Hot-season power outages are shown to lead to an

elevated risk of renal disease hospitalizations, whereas cold-season power outages have been linked

to an elevated risk of cardiovascular disease hospitalizations [111]. Respiratory disease-related

hospitalizations and mortality were shown to increase signi�cantly during the 2003 Northeast

blackout in New York City [110]. Other temperature-sensitive co-morbidities include multiple

sclerosis, heart failure, and diabetes [5, 114]. Power outages are also associated with increased

hospital admission for chronic obstructive pulmonary disease [123, 124]. Another factor of

vulnerability includes having ambulatory di�culties, particularly the use of electric mobility

aids [114, 125]. A nationally representative survey of older adults found that the use of mobility

aids lowers a person's con�dence and perceived ability to address power outages and the

di�culties that arise due to them [126]. Following Hurricane Sandy, patients with physical

limitations, especially amputations, were more likely to visit emergency departments [114].

Finally, nursing home patients form another vulnerable group [5, 112, 127] and power outages are

associated with increased mortality for nursing home residents ages 65 years and over [112].

2.4.2 Preparedness Factors

The impacts of a long-duration power outage are felt more severely when an individual or

household is unprepared for the outage. In the literature, disaster preparedness has been de�ned

as having access to clean water, food, medical supplies, backup power, and an emergency plan,

and is correlated with certain socioeconomic and demographic factors. Generally, older age (up to

a point) [94, 128{130], higher income [79, 94, 126, 128, 129, 131], and higher educational

attainment [128, 129, 131] are consistently associated with higher levels of disaster preparedness

in both U.S. and international studies. However, while preparedness is higher for older adults in

general, it seems to decrease for elderly adults, especially those who live alone, making them

particularly vulnerable and unprepared for power outages [94, 126, 128, 131]. For power outages,

lower income limits the ability to purchase non-perishable food, generators, and fuel, and is

associated with increased stress from a blackout [79, 94]. Households with children and larger

households have also been shown to be less prepared for power outages and disasters in

general [79, 94, 129]. For instance, a study of 42 residents of Highlands and Orange counties in
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Florida following power outages due to Hurricane Irma indicated that households with children

under the age of six were four times more likely to report having limited access to healthcare and

�ve times more likely to report having limited access to food and water [79]. A study of New York

City residents' preparedness for power outages also found that people who live in multi-family

housing had lower levels of preparedness [94]. Finally, two studies found that people who

requested the survey to be conducted in Spanish were less prepared than those who took it in

English [94, 130], and households with at least one member who did not speak English were

associated with increased stress due to power outages [79].

2.4.3 Evacuation Factors

During a long-duration power outage, residents are left with two options: (i) shelter in place

and weather the event or (ii) evacuate to a safe place. The literature on modeling individuals'

evacuation decisions is almost entirely focused on natural disasters. However, many �ndings and

general conclusions can be extended to long-duration power outages, which, in terms of severity,

impact, and reach can be considered a disaster event. In the most general sense, an individual's

decision to evacuate in response to a major event is a�ected by how prepared they are, various

socioeconomic factors that impact the individual's intention to evacuate, and whether they have

the means to evacuate (e.g., a vehicle and shelter).

Individuals who are prepared for long-duration outages and have received advanced warnings

of the disaster may prefer to shelter in place until power is restored [132, 133]. However, since the

loss of power is rarely anticipated beforehand, many households will likely �nd themselves less

than prepared. An exception may be for some natural disaster-induced outages for which more

seasoned residents may be somewhat ready. Many socioeconomic factors are known to impact

individuals' evacuation or shelter-in-place decisions related to natural disasters. Age has been

shown to have a mixed impact on evacuation decisions [134{136]. While some researchers have

found that older individuals are less likely to evacuate, perhaps due to less tangible and

informational social support or prior experience with the event [137], survey data from Hurricane

Lili evacuees indicated that older respondents left earlier than others and relied more on

recommendations from peers than younger residents did [138]. There is consensus in the literature

that female adults are more likely to evacuate [79, 132{134, 136], which can in part be due to
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perceiving greater risk [136] or that male adults are generally more likely to remain in place to

defend their property, for instance in the case of a wild�re [132]. Having a larger-sized household

also increases the likelihood of evacuation [134, 136]. In particular, the presence of children is

shown to have a direct impact [132{135]. On the other hand, some factors have been shown to

negatively a�ect the likelihood of evacuation, e.g., fear of looting [134{136], having

pets [132, 133, 135, 136, 139], having livestock [135], and occupational constraints that may

require an individual to be physically present [135]. Other factors are reported to have mixed

impacts on the decision to evacuate, for instance, education level [134, 136, 139],

ethnicity [134{136], and socioeconomic status [134{136].

Even when an individual intends to evacuate, various capacity-related factors may further

impact or alter their decision. Not surprisingly, higher household income [134] and access to

resources [135] are reported to be directly related to the decision to evacuate, and conversely, not

having access to reliable transportation acts as a barrier [136]. Individuals with a disability may

be physically unable to evacuate without assistance [54]. Further, many people have jobs that

give them little or no freedom to leave [54]. Even if they can temporarily leave their jobs, working

long hours or two jobs may leave them little time to consider or prepare for a potential

disaster [54]. In addition, the likelihood of evacuation is higher if the household has a more

precise plan [140], which could be associated with prior experience, although the literature is

mixed on the correlation between experience and evacuation [135, 136]. Availability of shelter can

also play an important role, although their usage is not uniform across di�erent demographics. It

has been found that shelter use increases in areas with an older population of low socioeconomic

status [134]. Studies from hurricane evacuations in the United States indicate that only about

15% of the population goes to public shelters, which consist primarily of ethnic minorities, the

poor, and late departures [138]. It has been shown in the literature that receiving a warning can

increase the likelihood of evacuation [135, 136], although, for some residents, personal information

sources and advice of family and friends seem to be the key decision criteria [136].

2.5 Proposed Model of Social Vulnerability

Section 2.4 indicates that social vulnerabilities to long-duration power outages can be viewed

from di�erent angles, namely the potential impact on an individual's health, their level of
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preparedness for the outage, and their intention and means to evacuate. Although these angles are

not fully independent and can impact one another (e.g., being more at risk or less prepared may

increase the intention to evacuate), it is more appropriate to model, quantify, and compare them

independently. Thus, the proposed model includes three dimensions, i.e., health, preparedness,

and evacuation, which indicate an individual's level of vulnerability during a long-duration outage.

In this chapter, health vulnerability is de�ned as being at risk of detrimental health e�ects,

including injury or death, due to a power outage. As detailed in Section 2.4, people with

increased health vulnerability include older adults and children, residents who rely on

electricity-dependent medical equipment, nursing home residents, people with mobility

limitations, and individuals with health conditions that are sensitive to temperature extremes.

Studies de�ne outage preparedness as having access to clean water, food, medical supplies,

backup power, and an emergency plan for when the power goes out. Therefore, in this chapter,

preparedness vulnerability is de�ned as being likely to be unprepared and not having access to

those resources. Socioeconomic or demographic groups who are likely to be unprepared are

younger adults, people who speak limited English, households with children, less educated adults,

low-income households, elderly adults who live alone, and people who live in multi-family housing

units. Lack of preparedness can be due to limited access to resources, limited disaster experience,

or not receiving an adequate warning about the outage. Finally, evacuation vulnerability is

de�ned as facing obstacles when being called to evacuate due to an outage, and residents are most

vulnerable when they intend to evacuate but do not have the means to do so. Those who are

most likely to evacuate when facing any disaster are female adults and households with children.

Those who may face obstacles in evacuating include low-income households, households with pets

or livestock, households without access to vehicles or who live far away from an emergency shelter

with power, people who fear that their house may be looted in their absence, people whose work

requires them to stay in the area during an outage, and people with a disability.

Table 2.1 summarizes the proposed three-dimensional metric of social vulnerability and the

contributing factors for each dimension. As this model is unsupervised, the choice of inputs makes

a signi�cant impact on the accuracy of the results. In this analysis, contributing factors have only

been considered if they have a non-negligible and clear impact on the three proposed dimensions,

i.e., contributing factors with reported mixed impacts are removed even when there is a strong
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intuitive connection. In addition, since much of the literature on social vulnerability and

evacuation is related to natural disasters, contributing factors that are uniquely relevant to

natural disasters and cannot be easily generalized to power outages have been ignored. Some

examples are physical cues of the event, frequency of experience with the natural hazard,

knowledge of the natural hazard, perceived risks associated with the hazard, and proximity to the

threat.

Table 2.1 Three-Dimensional metric of social vulnerability to long-duration power outages.

Dimension of
vulnerability

Description Contributing factors and whether they
increase (+) or decrease (-) vulnerabil-
ity

Health Being at risk of detrimental
health e�ects due to a long-
duration power outage.

ˆ Older age (above 65) (+) [4, 5, 21, 24, 28,
94, 110{115]

ˆ Children (under 5) (+) [5, 29, 118, 119,
122]

ˆ Residents with electricity-dependent med-
ical conditions (+) [4, 5, 94, 109, 111, 113,
114, 122]

ˆ Nursing home residents (+) [5, 112, 127]
ˆ Residents with mobility limitations

(+) [114, 125]
ˆ Residents with underlying conditions sen-

sitive to temperature extremes (+) [5, 24,
113, 114, 122]

Preparedness Being unprepared for a long-
duration power outage.

ˆ Higher median age (-) [94]
ˆ Non-English Language (+) [94]
ˆ Households with children under 6, larger

households (+) [94]
ˆ Household income (-) [5, 94]
ˆ Educational attainment (-) [128, 129, 131]
ˆ Elderly adults who live alone (+) [111,

126, 131]
ˆ Multi-family housing (+) [94]
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Table 2.1 Continued.

Dimension of
vulnerability

Description Contributing factors and whether they
increase (+) or decrease (-) vulnerabil-
ity

Evacuation A combination of evacuation
intention and means. People
are most vulnerable when they
intend to evacuate but face ob-
stacles in doing so.

Evacuation intention:
ˆ Gender (female +) [79, 132, 134{136]
ˆ Households with children, larger house-

holds (+) [132, 134, 135]
ˆ Households with pets or livestock (-) [132,

135, 136, 139]
ˆ Fear of looting (-) [134{136]
ˆ Work constraints (-) [61]

Evacuation means:
ˆ No access to vehicles (+) [135, 136]
ˆ Availability of shelter (-) [134]
ˆ Disability (+) [141]
ˆ Household income (-) [134, 135]

2.6 Proposed Methodology

The proposed methodology to construct a three-dimensional social vulnerability index is

outlined in Figure 2.1. Socioeconomic data was sourced from publicly available datasets and

pre-processed into three input datasets, one for each dimension of vulnerability. PCA and an L2

norm composite model were used to develop a vulnerability score for each dimension. These

scores were aggregated using a Pareto ranking approach. The computations are performed in

MATLAB. The resulting vulnerability scores were mapped in ArcGIS Pro [142] to visualize the

comparative vulnerability.

2.6.1 Data Collection and Pre-Processing

To quantify social vulnerability to long-duration power outages, variables were identi�ed that

correspond to each contributing factor listed in Table 2.1. Data was then collected for all census

tracts in Colorado (n = 1 ; 447). Many contributing factors, particularly demographic ones, are

directly surveyed by the U.S. Census Bureau, so the primary source for data is the U.S. Census

2020 American Community Survey 5-year estimates subject tables [143].
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Figure 2.1 Proposed methodology to construct a three-dimensional social vulnerability index to
power outages.

However, other contributing factors are not represented by Census data. Geographic data on

electricity-dependent medical equipment is available from the U.S. Department of Health and

Human Services emPOWER Program for Medicare bene�ciaries at the zip-code level [144]. The

Colorado Department of Public Health and Environment provides census-tract-level data on the

prevalence of and hospitalization rate for three health conditions that are sensitive to temperature

extremes: heart disease, diabetes, and asthma [145{150]. Livestock ownership is represented by

the number of farm operations with livestock inventory, reported per county in the United States

Department of Agriculture National Agricultural Statistics Service Census of Agriculture [151].

County property crime rates are provided by the National Incident-Based Reporting System [152]
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and are used to represent fear of looting, with a higher crime rate corresponding to a higher fear

of looting. The location of emergency shelters designated by the U.S. Federal Emergency

Management Agency or the American Red Cross that have access to emergency generators is

available from the Homeland Infrastructure Foundation-Level Data [153]. Note that these are

potential shelter locations and are not guaranteed to be operational during a speci�c outage. The

number of shelters within each tract and the number of shelters within a 50-mile radius of the

geographic centroid of each tract were computed in ArcGIS Pro. For any variables where census

tract-level data was not available, zip-code or county-wide data was applied to all appropriate

tracts. Data based on 2010 Census tracts were mapped to 2020 Census tracts using the U.S.

Census tract relationship �les [154].

The variables included in each dimension of vulnerability are summarized in Table 2.2,

including whether they increase (+) or decrease (-) vulnerability. Each variable was expressed as

a percentage of tract population or per capita value where applicable. All variables were scaled so

that the �nal data falls between 0 and 1, where 0 represents the minimum value and 1 is the

maximum value, as PCA is sensitive to scale. For contributing factors that decrease vulnerability,

the data was subtracted from 1 so that higher values indicate higher vulnerability for all variables

before applying PCA.

Table 2.2 Contributing factors and corresponding variables for each dimension of vulnerability.

Dimension of
vulnerability

Contributing factor Variables

Health Age (above 65 or below 5) Percent of population over 65 years old, 2020
(+)
Percent of population under 5 years old, 2020
(+)

Residents with electricity-
dependent medical condi-
tions

Percentage of Medicare bene�ciaries who are
electricity-dependent, 2022 (+)

Nursing home residents Percentage of population living in a nursing
or skilled nursing facility, 2020 (+)

Residents with mobility
limitations

Percentage of population with an ambulatory
di�culty, 2020 (+)
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Table 2.2 Continued.

Dimension of
vulnerability

Contributing factor Variables

Health Residents with underly-
ing conditions sensitive to
temperature extremes

Heart disease prevalence in adults, 2014-2017
(+)

Diabetes prevalence in adults, 2014-2017 (+)
Asthma prevalence in adults, 2014-2017 (+)
Heart disease mortality rate per 100,000 peo-
ple, 2015-2019 (+)
Diabetes hospitalization rate per 100,000 peo-
ple, 2015-2019 (+)
Asthma hospitalization rate per 100,000 peo-
ple, 2015-2019 (+)

Preparedness Age Median age, 2020 (-)

Non-English language Percentage of limited English-speaking house-
holds, 2020 (+)

Households with children,
larger households

Percentage of households with children under
6 years old, 2020 (+)
Average household size, 2020 (+)

Household income Median income, 2020 (-)
Percentage of people whose income falls below
the poverty level, 2020 (+)

Educational attainment Percentage of people with no high school de-
gree, 2020 (+)

Elderly adults who live
alone

Percentage of householders who live alone and
are 65 or older, 2020 (+)

Multi-family housing Percentage of households that are 2-or-more
unit structures, 2020 (+)

Evacuation Gender (female) Percentage of the population over the age of
18 and female, 2020 (+)

Households with children,
larger households

Percentage of households with children under
6 years old, 2020 (+)
Average household size, 2020 (+)

Households with pets or
livestock

Per capita farm operations with cattle inven-
tory, 2017 (-)
Per capita farm operations with hog inven-
tory, 2017 (-)
Per capita farm operations with sheep inven-
tory, 2017 (-)
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Table 2.2 Continued.

Dimension of
vulnerability

Contributing factor Variables

Evacuation Households with pets or
livestock

Per capita farm operations with chicken in-
ventory, 2017 (-)

Fear of looting Property crime rate per 1000 people, 2021 (-)

Work constraints Percentage of the employed population in ed-
ucational instruction and library operations
occupations, 2020 (-)
Percentage of the employed population in
healthcare practitioners and technical occupa-
tions, 2020 (-)
Percentage of the employed population in ser-
vice occupations, 2020 (-)
Percentage of the employed population in nat-
ural resources, construction, and maintenance
occupations, 2020 (-)
Percentage of the employed population in pro-
duction, transportation, and material moving
occupations, 2020 (-)

No access to vehicles Percentage of households with no vehicle
available, 2020 (+)

Availability of shelter Number of emergency shelter sites with
backup generators in the tract, 2022 (-)
Number of emergency shelter sites with
backup generators within a 50-mile radius of
the tract centroid, 2022 (-)

Disability Percentage of people with any disability, 2020
(+)

Household income Median income, 2020 (-)
Percentage of people whose income falls below
the poverty level, 2020 (+)

Data instances were removed due to missing Census data for median income and/or tract

population, number of households, and average household size (n = 23). This was primarily due

to uninhabited areas such as national parks, airports, or national forests. Livestock data were not

available for San Juan County, so the single census tract within that county was removed (n = 1).

This resulted in a total of n = 1 ; 423 tracts included in this analysis.
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2.6.2 Principal Component Analysis

For each dimension of vulnerability, PCA is used to reduce the number of variables while

preserving the important features. Principal components are identi�ed by computing the

eigenvalues and eigenvectors of the covariance matrix of the data and constructed such that the

�rst principal component accounts for the largest possible variability in the dataset. Each

principal component is a linear combination of the input variables within that dimension of

vulnerability. These principal components are uncorrelated and independent of each other and are

unique up to a sign change.

Previous studies have performed PCA using a varimax rotation and Kaiser criterion for

component selection [57, 155]. Varimax rotation reduces the tendency for an input variable to

load highly on more than one principal component but does not ensure that multiple variables do

not load highly on a single principal component. From each principal component, the authors

create a single \factor" based on the variables with signi�cant loadings, typically de�ned as above

0.7 or below -0.7. Each factor is then assessed by the researcher to determine whether the

dominant variables increase or decrease vulnerability and is scaled so that a larger value indicates

higher vulnerability [155]. A �nal social vulnerability score is produced from the sum of each

scaled factor. Although each factor is identi�ed by a dominant variable or group of variables,

more variables load highly onto each factor than the single identi�er represents. These variables

may not in
uence vulnerability in the same way or may have di�ering signs. Thus, this re-scaling

to make the dominant variable point in the direction of higher vulnerability may unintentionally

overestimate or underestimate the impact of certain variables on overall vulnerability.

The approach proposed in this chapter di�ers from previous work in two main ways. First,

variables are adjusted pre-PCA so that a larger value indicates higher vulnerability. This

directionality adjustment is based on the factors that are described in detail in Section 2.4.

Second, the �nal vulnerability score is calculated using the L2 norm of each principal component

rather than the sum of each factor. The L2 norm is more appropriate than the sum function

because, unlike the latter, it is a distance function and hence, can provide a more reasonable basis

for comparison. If for a particular vulnerability dimension, tract i has P principal components

with values vip , its vulnerability score under that dimension is shown in Equation (2.1).
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scorei =

vu
u
t

PX

p=1

v2
ip (2.1)

This can be interpreted as �nding the energy of the signal along the principal components,

which translates into the distance from some origin. This metric is independent of sign, and

pre-processing the directionality removes subjective decisions surrounding principal components,

which are inherently less meaningful than the original variables because they are linear

combinations of the input variables and do not represent physical features.

2.6.3 Pareto Ranking and Calculation of Overall Vulnerability

Pareto ranking is applied to aggregate the three independent scores of health, preparedness,

and evacuation. This method was introduced to the �eld of social vulnerability by Rygel et

al. [62]. It provides bene�ts over averaging or weighting when combining di�erent vulnerability

dimensions into a single score because it does not include any subjective decision making. This

method assigns a �nal score to each tract without needing to judge the relative importance of

each dimension or to develop arbitrary weights. It also gives high rankings to cases that only

score heavily in one dimension of vulnerability.

Pareto ranking organizes data instances into a series of ranks based on the concept of

dominance. In this chapter, one tract is considered to dominate another if it is at least as

vulnerable as the other tract in all three dimensions of vulnerability. The algorithm to perform

Pareto ranking is described in Figure 2.2.

An exhaustive search is conducted to determine which tracts are not dominated by any other

tracts. These are the highest vulnerability tracts and are assigned a vulnerability rank of 1, then

removed from future searches. The rank value is then incremented, and the search is repeated

until all tracts are assigned to a vulnerability rank. Pareto ranking is performed for pairwise

combinations of health, preparedness, and evacuation as well as for all three dimensions. To

compute a �nal vulnerability score, the rankings are reassigned such that the most vulnerable

tracts rank the highest and the least vulnerable tracts rank the lowest. The rankings are then

rescaled to produce overall scores between 0 and 1.
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Figure 2.2 Flowchart of the Pareto ranking approach.

2.6.4 Visualizing Vulnerability

The results of the individual dimensions and the overall index of social vulnerability are

mapped in ArcGIS Pro to visualize the comparative vulnerability. For the individual dimensions

of health, preparedness, and evacuation, the scores are assigned vulnerability levels based on their

statistical dispersions, where each level is separated by one standard deviation, as shown

in Table 2.3. These vulnerability levels and the associated discrete values between 1 and 5 are

reported on each map. This method allows for direct comparison between the di�erent

dimensions.

Table 2.3 Method to assign vulnerability levels for visualizing individual dimensions.

Value of vulnerability score Assigned vulnerability level
scorei < � � 2� Very Low (1)
scorei 2 [� � 2�; � � � ] Low (2)
scorei 2 [� � �; � + � ] Moderate (3)
scorei 2 [� + �; � + 2 � ] High (4)
scorei > � + 2 � Very High (5)
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The overall vulnerability scores are not normally distributed and are thus divided into

quantiles instead of by statistical dispersion. Each quantile contains the same number of

observations and represents a level of very low, low, moderate, high, or very high vulnerability.

The range of scores in each vulnerability level is reported on the �nal map.

2.7 Results for Census Tracts in Colorado

This section presents the results of the PCA, the Pareto ranking, and the vulnerability maps

for the case study of census tracts in Colorado. The vulnerability maps are also available in an

interactive web map [156].

2.7.1 Principal Component Analysis

Principal components were selected to account for at least 85% of the variability in the data,

and the number of principal components for each dimension of vulnerability is summarized

in Table 2.4.

Table 2.4 Number of principal components and variances accounted for.

Dimension of
vulnerability

Number of input
variables

Number of principal
components chosen

Percent of variance ex-
plained by the principal
components

Health 11 6 88.9
Preparedness 9 4 86.5
Evacuation 19 9 88.0

From these principal components, a �nal vulnerability score was calculated for each dimension

using the L2 norm. That score was then standardized using z-score standardization so that

positive values represent high vulnerability and negative values represent low vulnerability. The

scores for each tract are plotted in Figure 2.3. The vulnerability maps are shown in Figure 2.4,

Figure 2.5, and Figure 2.6.

2.7.2 Pareto Ranking and Overall Vulnerability

The Pareto ranking resulted in 25 distinct vulnerability ranks when all dimensions were

considered, 73 for preparedness and evacuation, 66 for health and evacuation, and 76 for health

and preparedness.
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Figure 2.3 Vulnerability scores. (a) Health vs. preparedness score, (b) health vs. evacuation score,
(c) preparedness vs. evacuation score, (d) all three scores.

Table 2.5 shows the 10 tracts with the highest vulnerability scores for each dimension, and all

of the tracts that fall into the highest vulnerability ranks. This category contains four tracts for

health and preparedness, �ve tracts for health and evacuation, three tracts for preparedness and

evacuation, and 11 tracts for all three dimensions. Tracts are listed in order of decreasing scores

for individual dimensions. Pareto-ranked results are all within the same vulnerability rank and

are thus listed in alphabetical order by county.
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Figure 2.4 Visual representation of health vulnerability levels. Top: State of Colorado, Bottom:
County of Denver.
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