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RESILIENCE PLANNING AND OPTIMIZATION OF ELECTRIC POWER

SYSTEMS AGAINST EXTREME WEATHER EVENTS

Abstract

by Abodh Poudyal, Ph.D.
Washington State University

May 2024

Chair: Anamika Dubey

The socioeconomic losses from the recent unprecedented incidents in the electric power

systems suggest the need for alternative planning strategies that account for the ex-

pected and extreme events that are less likely to occur. Such high impact low prob-

ability (HILP), or black swan, events are typically weather-related, have accounted

for billions of dollars in economic losses, and left customers in the dark for several

days. Furthermore, the proliferation of distributed energy resources (DERs) on the

distribution grid indicates that system operators can also plan resilience from the cus-

tomer’s end, forming intentional microgrid islands when needed. However, existing

planning strategies only minimize the expected operating cost and do not explicitly

include the risk of extreme events. With the increasing frequency of black swan events

in the current scenario, system operators should focus on the HILP events and find

the optimal trade-off decision to maximize resilience with available resources. This



dissertation aims to investigate the impact of extreme weather events, hurricanes,

and floods on the power grid and propose planning solutions to enhance the grid’s

resilience.

First, we highlight the need for resilience planning and assessment against extreme

weather events. Here, we detail the resilience analysis process, characterize several

attributes and performance-based resilience metrics, and identify measures to enhance

the resilience of existing power distribution systems. Second, we develop a risk-averse

two-stage stochastic optimization framework for resilience planning power distribution

systems against extreme weather events. The resource planning strategy involves

minimizing a risk metric, conditional value-at-risk (CVaR), while adhering to budget

constraints for planning. Furthermore, the framework evaluates trade-offs among

various factors, including resource availability, data availability, budget constraints,

and risks. This facilitates the selection of specific planning decisions from a range of

planning portfolios that can optimally restore critical loads during the realization of

a HILP event. Third, we extend the risk-based planning framework for bulk power

systems. The planning decisions include resilient dispatch of existing generators, line

capacity upgrade, line hardening, DG siting, and sizing. Fourth, we decompose the

planning problem into several sub-problems that can be solved in parallel. With

the proposed approach, the solving time for a reasonably sized planning problem is

reduced drastically without significantly compromising the planning solution’s quality.

Finally, we propose a modeling framework to assess the spatiotemporal compounding

effect of hurricanes and storm surges on electric power systems. The spatiotemporal

probabilistic loss metric helps system operators identify the potential impact and

vulnerable components as the storm approaches. Additionally, we characterize the

v



impact of extreme weather events on socioeconomically vulnerable communities due

to extended power outages induced by extreme weather events.
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CHAPTER 1

INTRODUCTION

1.1 Background

1.1.1 Impact of Extreme Weather on the Power Grid

Extreme weather events can have a devastating impact on the electric power grid,

posing serious concerns for personal safety and national security. These events pose

severe challenges to the operation and supply of the electric grid, affecting millions of

customers [1]. For example, Hurricane Ian in 2022 affected approximately 2.7 million

customers in Florida [2], while Europe experienced an energy crisis during the 2022

heatwave, with France witnessing a drastic increase in electricity prices, reaching a

record of e700/MWh [3]. In 2022, extreme drought and heatwave in China caused

a 50% drop in hydropower generation from 900 GWh to 450 GWh upstream of the

Yangtze River. This led to extended power outages in the Sichuan region, where

80% of electricity generation depended on hydropower [4]. The power outage in

Texas in February 2021 left more than ten million people without power, causing a

financial impact of about $4 billion on wind farms, significantly more than their annual

gross revenue [5]. Iran experienced a summer heatwave in 2021 with temperatures

exceeding 122 F; a deficit of almost 11 gigawatts of electricity was reported [6]. In

2021, Hurricane Ida caused widespread outages in the Northeastern US, affecting 1.2

million people, and it took almost fifteen days to restore electric power entirely [7]. In

2022, there were eighteen different billion-dollar disasters in the United States alone,

with an estimated loss of approximately $172 billion [8]. Critical customers, such as

hospitals and transportation systems, endure substantial economic losses during such
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Figure 1.1 Weather and non-weather-related US power outages from 2000-
2021 [9].

calamities. Prolonged power outages also exacerbate personal safety and security

vulnerabilities, highlighting the need to increase grid resilience to extreme weather

events.

Fig. 1.1 represents the weather and non-weather-related power outages in the

United States from 2000 - 2021 [9]. The figure shows that weather-related outages

have increased significantly in recent years. Hurricanes, in particular, account for over

a trillion dollars in economic losses and are responsible for significant power outages

in the US [10, 11]. During landfall, as the strong hurricane wind field traverses inland,
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Figure 1.2 Billion dollar disaster events in the US from 1980-2023 [9].

it propels a huge water body known as a storm surge, flooding the coastal regions.

The storm surge is sometimes the most destructive part of a hurricane and accounts

for considerable damage [12]. For instance, Hurricane Ida caused about $55 billion

in damages in Louisiana alone due to wind and storm surge damage, with additional

flooding damage of about $23 billion in the Northeastern US [13]. Almost 1.2 million

customers experienced power outages across eight different states. Hurricane Ian

recently had a devastating impact in Florida and is expected to have incurred billions

of dollars in losses, with a peak of about 2.7 million customers in a power outage [14].

The frequency of such high-impact, low-probability (HILP) events has increased at an

alarming rate, costing about $152.6 billion in climate-related disasters in 2021 alone

in the US. The US Department of Energy (DOE) estimated that the total cost of

power outages can reach up to $150 billion per year [15]. Fig. 1.2 shows the number

of events per year and their associated damages from 1980 - 2023 [9].
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The resulting socio-economic losses and the power grid’s vulnerability to extreme

weather events necessitate the incorporation of resilience in system planning to ac-

count for not only the expected events but also the extreme events that are less likely

to occur. Towards this goal, different utilities have spent millions of dollars deploy-

ing smart grid technologies such as distribution automation with automated feeder

switching, intentional islanding (microgrid), and upgrading vulnerable feeders and

substations [16]. However, with the increasing frequency and severity of weather-

related events, a more systematic approach to smart grid expenditures is required

to identify appropriate system upgrade solutions for strengthening system resilience.

This dissertation work aims to develop an end-to-end framework that can assist elec-

tric grid planners in assessing and quantifying the impact of extreme weather events

and making risk-averse planning decisions that can enhance the resilience of existing

electric grid against extreme weather events in the future.

1.1.2 Grid Modernization and Automation

Recently, the US government announced billions of dollars of investment in making

the electric power grid more reliable, resilient, and secure [17]. Although the existing

power grid is somewhat reliable in its current form, the socioeconomic losses due

to the increasing frequency and intensity of extreme weather conditions pushed the

government and grid planners to invest in making it more resilient. In the US alone,

extreme weather events between 2003 and 2012 caused nearly 700 power outages, with

80-90% of these outages resulting from power distribution system failures [18]. In the

last decade, these numbers have grown exponentially; hence, the effort on resilience

enhancement has shifted focus to the distribution side.
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Figure 1.3 Microgrid with several distributed resources [19].

The growth of distributed energy resources (DER) has paved a new way for re-

silience enhancement in the power grid via microgrid formation such that the electric

grid can be segregated into multiple smaller grids that can operate independently or in

a networked fashion. Fig. 1.3 shows a general representation of a microgrid [19]. Dur-

ing normal conditions, the microgrid operates in a grid-connected mode and receives

continuous electric power from the upstream generation. However, in emergency

conditions, the microgrid can operate as a self-sustained island. Installing remote-

controlled sensors and switches can assist utility crews in quickly identifying outage

locations and enhance situational awareness. Remotely controlled automatic switches

can temporarily reroute the power supply route to maintain an uninterruptible power

supply for customers. Traditionally, utility crews need to manually identify the source

of outages and isolate them with manual switch operations. Furthermore, utilities and
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DOE are actively identifying ways for grid hardening such as undergrounding systems

affected by high-speed winds or weatherizing poles and conductors to prevent extreme

cold and wildfire impact. Such investments can boost the grid resilience goals for both

transmission and distribution systems.

1.2 Motivation

In recent years, there have been several advancements in weather prediction mod-

els. Still, they have not been adequately utilized to analyze the potential impact

of upcoming natural hazards on the power grid. Such predictive information is es-

sential to power grid planners and operators to reduce the effects when an event is

realized [20, 21]. For instance, system operators can identify potential substations

that could be inundated due to storm surges and proactively disconnect them to

avoid equipment damage and facilitate fast restoration. These long-term planning

strategies can help planners identify vulnerable transmission lines and propose line-

hardening strategies. However, there are several challenges in developing a resilience

planning model for the electric power grid against extreme weather conditions. The

motivation of this dissertation is based on these specific challenges. First, there is a

lack of resilience assessment and planning principles for grid planners specific to ex-

treme weather events. Grid planners can benefit from the resilience analysis process,

characterization of resilience metrics, and identification of resilience planning methods

to enhance the resilience of the electric power grid. Second, although advanced and

accurate, physics-based weather models are complex, require extensive computational

resources, and take extensive time to run, making them unsuitable for grid planners.

Hence, there is a need for data-driven weather models that can suitably represent the
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physics of the actual weather models and assist grid planners in assessing the spa-

tiotemporal impact of these events on the power grid and associated socioeconomic

vulnerabilities of related communities. Third, existing planning-based methods ad-

dress the impact of expected events but not HILP events and their associated risks.

Hence, it is desirable to incorporate the risks and minimize them in the planning stage

so that more customers can either be restored or have an uninterrupted power supply

when such HILP scenarios are realized. Moreover, grid planners are undecided on

the planning portfolios as some decisions are guided by policy and regulations rather

than resilience and risk. Hence, there is a need for extensive trade-off analysis on

several planning decisions, which can assist the grid planners in making an informed

decision without compromising the risk and resilience of the system. Fourth, plan-

ning problems become increasingly difficult to solve with the increase in uncertainty,

number of decision spaces, number of scenarios, and size of the system. Hence, there

is a need for a scalable solution that can alleviate the computational challenges of the

planning problem without compromising solution quality.

1.3 Contributions

Broadly, this dissertation aims to create a framework for multi-resource planning that

improves the resilience of electric power systems using optimization tools. The major

contributions of this dissertation are detailed below:

The first contribution is to provide a detailed overview of the standard resilience

analysis process and its assessment methods for power distribution systems. Through

this work, we differentiate resilience from reliability and characterize the resilience of

the power distribution systems in terms of several attribute-based and performance-
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based metrics. We also provide insights into how these metrics are formulated and

used in the current resilience enhancement practices. Additionally, we identify the

interdependencies of power distribution systems with other critical infrastructures and

provide long-term and operational planning solutions that can enhance the resilience

of the distribution grid against extreme weather conditions.

As a second contribution, we develop a risk-averse active distribution system plan-

ning framework to enhance resilience against extreme weather events. We propose a

resilience metric considering conditional value-at-risk (CVaR) and the multi-criteria

decision-making process. Then, we formulate a risk-averse stochastic planning frame-

work with distributed generator siting and sizing decisions using a two-stage stochas-

tic programming method. The framework is extended to include multiple planning

resources, including line hardening, tie switch placements, and DG siting and sizing,

to analyze the trade-offs among different planning decisions. The trade-off parame-

ters considered are fragility models, risk preference, multiple planning resources, and

planning budget allocation. Additionally, we develop a risk-averse planning frame-

work for bulk power systems with investment decisions considering line hardening,

line capacity upgrade, DG siting and sizing, and proactive dispatch set points of the

generators to minimize the expected load shed and CVaR of load shed for high wind

speed conditions.

The third contribution of this work is to propose a scalable framework based on a

dual decomposition algorithm to solve the stochastic planning model in parallel. The

planning problem is decomposed into each scenario-based sub-problem and solved in

parallel using progressive hedging (PH). The non-anticipative nature of the first stage

decisions is relaxed and rather introduced as a penalty function in the objective.
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Finally, this dissertation develops a spatiotemporal impact assessment framework

and analyzes the socioeconomic vulnerabilities due to power outages induced by ex-

treme weather events. The hurricane is modeled using a statistical method, and an

existing storm surge model is leveraged to assess the compound impact of hurricanes

and storm surges on the power grid. Probabilistic simulations are conducted to ob-

serve the spatiotemporal losses due to the combined impact of hurricanes and storm

surges. The work is extended to translate the extreme event-induced outages with

the socioeconomic vulnerability of the residing population in the affected area.

1.4 Dissertation Organization

The overall dissertation is organized into nine chapters. The resilience planning and

assessment methods are described in Chapter 2. The chapter also discusses the re-

silience metrics and identifies several research directions pertaining to long and short-

term planning for resilience enhancement in power distribution systems.

Chapter 3 presents a resilience metric in power distribution systems using a multi-

criteria decision-making process. The metric incorporates both the attribute-based

and performance-based aspects of the system and uses a risk-based approach to quan-

tify the resilience into a single score.

Chapter 4 details a mathematical risk-based resilience planning model for power

distribution systems using two-stage stochastic programming. A risk-based planning

model is formulated, and case studies with sensitivity analyses are provided to validate

the proposed model.

Chapter 5 of this dissertation extends the planning model presented in Chapter 4

to include multiple planning resources and details the trade-offs of various planning
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decisions and solution space. The trade-off analyses are conducted on several system

parameters and planning strategies.

Chapter 6 focuses on resilience-based planning for bulk power systems against

extreme weather conditions. The planning model is described, and several planning

strategies are proposed and compared to identify optimal planning portfolios for grid

planners. The proposed model is validated on a realistic test system.

Chapter 7 presents a scalable power distribution planning model based on the

model decomposition technique. Additionally, the chapter includes a comparative

study of the decomposition-based model with the extensive form-based planning

model with simulation results.

Chapter 8 provides a spatiotemporal hurricane and storm surge impact assessment

framework for bulk power grids. Later in the chapter, the community-level vulnera-

bility assessment metric is proposed to identify customers’ vulnerability due to power

outages due to extreme weather conditions.

Chapter 9 concludes the dissertation and summarizes the major contribution.

Furthermore, potential future research directions are also highlighted to extend the

research presented here.

1.5 Publications and Software Packages

1.5.1 Journals

1. A. Poudyal, S. Poudel, and A. Dubey, “Large-scale Resilience Planning in

Power Distribution Systems against Extreme Weather Events,” IEEE

Transactions on Power Systems (in preparation)
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2. A. Poudyal, S. Lamichhanne, J. Campos do Prado, and A. Dubey, “Resilience-

driven Planning of Electric Power Systems Against Extreme Weather

Events,” Sustainable Energy, Grids and Networks (in preparation)

3. A. Poudyal, and A. Dubey, “Multi-resource Trade-offs in Resilience Plan-

ning Decisions for Power Distribution Systems,” IEEE Transactions on

Industry Applications (under review)

4. A. Poudyal, S. Paul, S. Poudel, and A. Dubey, “Resilience assessment and

planning in power distribution systems: Past and future considera-

tions,” Renewable and Sustainable Energy Reviews, Jan. 2024

5. A. Poudyal, S. Poudel, and A. Dubey, “Risk-Based Active Distribution

System Planning for Resilience Against Extreme Weather Events,”

IEEE Transactions on Sustainable Energy, Nov. 2022

1.5.2 Conferences

1. A. Poudyal, S. Lamichhane, C. Wertz, S. Uddin Mahmud, and A. Dubey. “Hur-

ricane and Storm Surges-Induced Power System Vulnerabilities and

their Socioeconomic Impact,” 2024 IEEE Power & Energy Society General

Meeting, Seattle, WA, Jul. 2024 (accepted)

2. A. Poudyal, and A. Dubey. “Understanding Trade-Offs in Resilience

Planning Decisions for Power Distribution Systems,” 2023 IEEE In-

dustry Applications Society Annual Meeting (IAS), Nashville, TN, Oct. 2023.

3. A. Poudyal, C. Wertz, A. Mi Nguyen, S. Uddin Mahmud, V. Gunturi and A.

Dubey. “Spatiotemporal impact assessment of hurricanes and storm
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surges on electric power systems,” 2023 IEEE Power & Energy Society

General Meeting, Orlando, FL, Jul. 2023.

4. A. Poudyal, V. Iyengar, D. Garcia-Camargo, and A. Dubey. “Spatiotemporal

Impact Assessment of Hurricanes on Electric Power Systems,” 2022

IEEE Power & Energy Society General Meeting, Denver, CO, Jul. 2022.

5. A. Poudyal, S. Poudel, and A. Dubey. “A risk-driven probabilistic ap-

proach to quantify resilience in power distribution systems,” 2022

17th international conference on probabilistic methods applied to power systems

(PMAPS), Manchester, UK, Jun. 2022.

1.5.3 Software Packages

1. https://abodh.github.io/LinDistRestoration/

2. https://github.com/abodh/LinDistRestoration

3. https://github.com/abodh/proactive_resilience_planning
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CHAPTER 2

RESILIENCE ASSESSMENT AND PLANNING IN POWER

DISTRIBUTION SYSTEMS

2.1 Introduction

This chapter introduces the concept and necessity of resilience assessment and plan-

ning specific to power distribution systems. The resilience of the grid is characterized

by reliability, and a detailed resilience analysis process is described. Furthermore,

resilience metrics are characterized, and critical infrastructures interdependent with

power distribution systems are identified. Finally, various long-term and short-term

planning measures are described for present and future research directions.

2.1.1 Motivation

Over the past decade, the frequency and intensity of extreme weather events have sig-

nificantly increased worldwide, leading to widespread power outages and blackouts.

As these threats continue to challenge power distribution systems, mitigating the im-

pacts of extreme weather events has become paramount. Consequently, resilience has

become crucial for designing and operating power distribution systems. A resilient

system can withstand severe disturbances, recover quickly to its normal operating

state, and ensure uninterrupted power supply. It is worth noting that power distribu-

tion grids account for more than 80% of power outages due to disruptions caused by

extreme weather events [1]. Furthermore, due to the grid modernization initiatives,

the bidirectional energy flow architecture of power grids, and the increasing impact

of extreme weather events, ensuring the resilience of power distribution systems has
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Figure 2.1 a) The number of extreme events and publication trends in
energy and resilience. b) Extreme events and their frequency in the US [3].

become a pressing priority [2]. Although several questions and challenges remain,

significant research efforts have been devoted to understanding and improving the

resilience of power distribution grids.

Figure 2.1 a) shows the increasing number of research publications since 1993 on

the impact of extreme events on energy systems, specifically related to power dis-

tribution systems. Figure 2.1 b) illustrates the frequency of various extreme events

in the United States [3]. It should be noted that the increase in the frequency of

extreme events is not limited to the US alone and is a global concern. The rise in

publications reflects the urgency and importance of addressing the resilience of en-

ergy systems to extreme weather events. In particular, research on power distribution

systems has gained prominence recently, with advances in controllable distribution

systems. Therefore, a comprehensive understanding of current state-of-the-art re-

silience assessment and planning methods in power distribution systems is crucial

to realize practical implications, including enhanced operational resilience, effective

risk management strategies, and informed infrastructure planning. This work also
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plays an important role in forming the development of regulations, standards, and

guidelines related to resilience planning, emergency response, and strategic infrastruc-

ture investments. This allows policymakers, industry stakeholders, and researchers

to address extreme weather events’ challenges effectively.

2.1.2 Related Literature and Gaps

Table 2.1 summarizes some of the existing review studies on resilience-related top-

ics in different critical infrastructure systems, including power distribution systems,

and outlines their contributions and limitations. These survey articles include related

work on resilience quantification and planning applied to different domains. A holis-

tic framework for the development of critical infrastructure resilience interrupted by

external and unexpected forces is discussed in [4]. The described framework builds

the foundation for resilience on a set of resilience policies, considering the influences of

policies on the damage prevention, absorption, and recovery stages, and presents im-

plementation methodologies. Similarly, in [5], a review of the resilience of six critical

infrastructures is presented, including electric, water, gas, transportation, drainage,

and communication networks. The resilience of critical infrastructure elements and

their main factors are studied in [6] involving electricity, gas, information and com-

munication technology (ICT), and road transportation networks. The deployment of

deep learning techniques for critical infrastructure resilience is presented in [7]. Simi-

larly, [8, 9, 10] presents a comprehensive review of different critical infrastructure re-

silience, including, but not limited to, transportation, geology, and water-distribution

system. However, none of the existing works specifically addresses resilience enhance-

ment or assessment methods for electric power distribution systems, including the
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associated infrastructural and operational considerations.

Table 2.1 Comprehensive resilience study in the existing literature in differ-
ent domains, their contributions, and limitations.

References Domain Summary Drawbacks

[4] Holistic frameworks for de-

veloping critical infrastruc-

ture resilience

Missing distribution system

resilience discussion

[5, 6]

C
ri

ti
ca

li
nf

ra
st

ru
ct

ur
e

sy
st

em
s

(C
IS

)

Resilience assessment of

multi-domain infrastructure

systems

Very little analysis on power

distribution system re-

silience, missing discussion

of interdependencies

[7] Discusses the deployment

of deep learning techniques

in critical infrastructure re-

silience

Missing thorough and fo-

cused analysis of distribu-

tion system resilience, char-

acterization, and interde-

pendencies

[8, 9, 10] Discusses critical infras-

tructure resilience including

transportation, geoscience,

and water distribution

system

None of them have focused

on electric power distribu-

tion systems resilience and

their in-depth analysis

Continued on next page
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Table 2.1 – continued from previous page

References Domain Summary Drawbacks

[11] Discusses resilience enhance-

ment strategies using micro-

grids

Missing focuses of distribu-

tion system resilience, re-

silience metric characteriza-

tion, understanding the in-

terdependencies of the in-

frastructures

[12]

B
ul

k
po

w
er

sy
st

em
s

(B
P

S) Analyze a load restoration

framework to enhance the

resilience of the power sys-

tem against an extreme

event

Lacks metrics analysis,

characterizing resilience,

and other resilience en-

hancement strategies

[13, 14] Comprehensive studies on

power system resilience

against natural disasters

focusing on forecast models,

corrective actions, and

restoration strategies

Missing characterization of

resilience metrics

[15] Discusses the resilience and

security of smart grid infras-

tructures

Missing the interdependence

and metric analysis

Continued on next page
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Table 2.1 – continued from previous page

References Domain Summary Drawbacks

[16] Comprehensively sum-

marizes the distribution

system resilience assessment

frameworks and metrics.

Lacks characterization of re-

silience and resilience en-

hancement methods

[17]

P
ow

er
di

st
ri

bu
ti

on
sy

st
em

s
(P

D
S)

Discusses the definition,

frameworks, resilience

frameworks development,

etc.

Missing the discussion

of critical understanding

of interdependencies for

multi-domain resilience as-

sessment and enhancement

[18] Discusses resilience enhance-

ment utilizing microgrids

in distribution systems and

definitions of resilience

Lacks understanding of

the resilience character-

ization in distribution

systems, other strategies

of resilience enhancements,

and understanding of the

interdependencies

Continued on next page
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Table 2.1 – continued from previous page

References Domain Summary Drawbacks

[19, 20] PDS Comprehensive study of re-

silience assessment on the

power distribution systems.

Missing resilience char-

acterization, discussion

on interdependencies of

critical infrastructures,

resilience analysis process,

and enhancement strategies

In the domain of power systems, existing articles extensively cover the resilience

of the high-voltage bulk power grid [11, 12]. However, there is a noticeable gap in

discussing resilience considerations for medium-voltage and low-voltage power distri-

bution systems. Bulk power grids and power distribution systems drastically differ in

structure and operation. Thus, the general understanding of the bulk grid system does

not translate directly to distribution systems that require specialized analysis. Al-

though some review works touch on the resilience of smart grid infrastructures [15],

resilience metric and quantification [17, 16], microgrid-based resilience assessment

and enhancement [18], resilience planning against extreme weather events [21], and

resilience assessment framework in power distribution systems [22], there is a lack of

comprehensive work which compiles the major aspects of resilience analysis, quantifi-

cation, mitigation, enhancement, and multidomain interdependencies in power distri-

bution systems.

Existing reviews on the resilience of the power distribution system lack several key

aspects. First, there is a lack of a systematic framework for evaluating resilience. The
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existing works do not provide a comprehensive process for resilience analysis, which

is one of the most important aspects for characterizing the resilience of any criti-

cal infrastructure, including power distribution systems. Furthermore, these works

do not highlight resilience metrics specific to power distribution systems. Secondly,

these review articles do not provide insight into the interdependencies among critical

infrastructures that can significantly impact the resilience of the power distribution

grid. The impact of extreme weather events on one critical infrastructure can have

a drastic effect on the other, which can negatively impact the community. Finally,

the research gaps and limitations discussed in existing works are broad, making it

challenging to identify specific research directions.

2.1.3 Contribution

The objective of this chapter is to review all aspects of resilience in power distribution

systems comprehensively. We aim to provide valuable information to the scientific

and engineering community to address the resilience challenges posed by extreme

weather events. The discussions underscore the critical role of a resilient power dis-

tribution grid in advancing the sustainable development goals (SDG) of the United

Nations, such as affordable and clean energy, sustainable cities and communities, and

climate action, thereby contributing to the broader agenda of sustainable and inclu-

sive development [23]. It is essential to clarify that this study is focused solely on

the resilience of the power distribution system and does not address other aspects

of the resilience of the power system. By narrowing the scope, this work aims to

provide a comprehensive analysis and practical recommendations tailored to enhance

the resilience of power distribution systems. Specifically, the major contributions of
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this chapter are as follows.

1. The conceptual necessity for the resilience of the power distribution system is

detailed, specifically in anticipation of HILP events, while also discussing the

significance of existing definitions and their relevance.

2. A characteristic representation of distribution system resilience is provided.

This includes classifying assessments into qualitative and quantitative evalua-

tions and attribute and performance-based metrics. Furthermore, a systematic

resilience analysis process is detailed for power distribution systems.

3. A comprehensive survey of existing strategies to enhance the resilience of power

distribution systems is presented. These strategies are categorized into event

forecasting, load prioritization, situational awareness (SA), repair and resource

allocation, and utilization of microgrids and distributed energy resources (DER)

for resilience enhancement.

4. The interdependencies among power distribution systems and various critical

infrastructure systems, such as ICT, transportation, natural gas, and water

distribution systems, are reviewed for their impacts on the resilience of the

power distribution system.

5. Research gaps and potential opportunities for further exploration in power dis-

tribution system resilience are identified and reviewed. These focus areas en-

compass proactive outage management, long-term resilience investment frame-

works, investments in smart grid infrastructure, and modeling and forecasting

the impact of extreme weather events.
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2.2 Framework for Resilience Evaluation in Power Distribution Systems

The resilience evaluation of power distribution systems is challenging due to their

complex nature. Due to such intricacy, it is crucial to adopt a comprehensive ap-

proach that considers both qualitative and quantitative perspectives [24, 25]. The

resilience analysis process is vital in assessing the system’s ability to maintain spe-

cific objectives during adverse grid conditions. Typically, the evaluation is quantified

using some metric that aims to capture the system’s resilience. However, it is widely

acknowledged that a single metric cannot fully capture all the diverse resilience char-

acteristics of power distribution systems [26]. This section provides a comprehen-

sive framework that explores various aspects of power distribution systems resilience,

evaluation approaches, analysis process, and assessment metrics, aiming to facilitate

a holistic understanding of resilience in power distribution systems.

2.2.1 Reliability Vs. Resilience

Reliability and resilience are the most commonly used performance criteria for assess-

ing and planning critical infrastructure systems. Specific to power distribution sys-

tems, the quantification and characterization of reliability and resilience have gained

significant attention with the increasing complexities of distribution systems and the

growing need for a higher level of service quality. Typically, resilience is discussed

in relation to reliability. Before that, it is imperative to clearly define the context of

reliability and resilience concerning power distribution systems.

According to the North American Electric Reliability Corporation (NERC), the

power grid reliability is defined as the ability of the system to supply electric power

at all times while incorporating routine or unexpected outages and withstand sudden
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disturbances such as short circuits or unanticipated loss in system components [27].

Thus, a system is reliable if it can continue providing service in case of previously

known contingencies [28]. Resilience is the characteristic of any infrastructure that

describes how fast the infrastructure can recover from an unexpected and catastrophic

event [27, 28]. In contrast with reliability, the focus of resilience is not only on its

impact on the affected customers (e.g., evaluating the duration of interruptions or

the energy not supplied) but also on the ability of the infrastructure to rapidly and

effectively recover to its pre-disaster operational state.

Although reliability and resilience are frequently used together, they are concep-

tually different. Typically, reliability refers to the capability of the power grid to

deliver a continuous power supply to its customers. On the other hand, resilience

is the ability of the infrastructure to withstand and recover from extreme events,

such as natural disasters and cyber-physical attacks. Although different in definition

and usage, resilience directly impacts the reliability of the concerned infrastructure

system. Fig. 2.2 shows some general differences and similarities between resilience

and reliability. Adaptability is the crucial quality of resilience that distinguishes it

from reliability. Additionally, system reliability incorporates highly probable events

with low severity, whereas resilience is considered for extreme events that create a

more significant impact but have a low probability of occurrence. Regardless, re-

silience and reliability definitions target avoiding system outages, minimizing the risk

of those outages, and restoring the system quickly and efficiently.
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Figure 2.2 Similarities and differences between reliability and resilience.

2.2.2 Resilient Power Distribution Systems

The response of a power distribution system when impacted by an extreme weather

event is detailed in this section along with how it affects grid resilience. Figure 2.3

illustrates an overall response of the power distribution system, including some cor-

rective actions after an HILP event. The top left portion of Figure 2.3 illustrates a

general curve to show the response of a system towards an event. The vertical axis

is the figure of merit (FOM) that accounts for the overall resilience of the system,

and the horizontal axis represents time. FOM can be the number of customers on-

line, the number of connected components, the electrical load fed by the system, etc.

FOM is observed in every instance – before, during, and after an extreme event and
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is commonly referred to as the system’s resilience in this work. From Figure 2.3, it

can be seen that the system’s resilience drastically decreases immediately after the

event occurs. The appropriate infrastructure planning and hardening measures can

slow down the rate of decrements in the system’s resilience. When the system ap-

proaches the emergency response stage, a system with planned infrastructure shows

better resilience than the traditional one with limited or no infrastructural develop-

ment. An adequately hardened system with the knowledge of previous events that

can effectively counteract the unwanted changes and restore the disrupted system in

the lowest possible time is assumed to have higher resilience than the system that

lacks these capabilities. Here, for the traditional system, FOM− represents FOM

before the event, FOMD represents FOM before any remedial actions are taken, and

FOM+ represents FOM after corrective actions are taken.

To strengthen the effective response of the system to an event and minimize the

potential impacts and necessary investments, it is essential to have an efficient long-

term plan. One such investment is grid hardening [29], which refers to making physical

changes in its structure, e.g., replacing overhead lines with underground lines, elevat-

ing substations to prevent them from being flooded, and so forth. Although the effec-

tive response of the system might improve with planning measures, the occurrence,

impact, and location of events are still not certain. Therefore, immediate corrective

actions or emergency responses are needed during or after an event. Corrective action

can include dispatch of mobile energy resources [30], load shedding [31], and inten-

tional islanding [32]. Intentional islanding can effectively provide continuous supply

to critical loads in the system with the help of distributed generators (DG) while

isolated from the main grid [33]. While critical loads are islanded, the operators can
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Figure 2.3 Response of power distribution system during HILP events.

dispatch other generating units to pick up additional system loads. With improved

impact modeling, the appropriate system response can be proposed to counteract the

negative effect of the event. As seen in Figure 2.3, all the impact modeling, long-term

planning, and emergency response processes are interconnected and work together to

improve the resilience of the distribution system. Advanced distribution management

systems (ADMS) facilitate the interconnection of these processes by continuously in-

teracting with the distribution grid through supervisory control and data acquisition

(SCADA) [34]. Furthermore, the system operators are directly connected to the cus-

tomers, who can provide additional information about the current situation of the

distribution grid when an extreme event hits the grid.
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2.2.3 Qualitative and Quantitative Assessment of Resilience

Qualitative assessment of resilience considers aspects of energy infrastructure, infor-

mation systems, fuel supply chain, business structure, etc. The capabilities of the

system involved in the qualitative resilience assessment include preparedness, mit-

igation, response, and recovery. Qualitative resilience assessment frameworks can

guide policymakers in implementing long-term energy policies [12]. Existing work

includes numerous qualitative resilience assessment methods. For example, the work

in [35] assesses the resilience of the system and the regional level using questionnaires,

investigations, and individual ratings to address individual, industrial, federal, and

infrastructural resilience. A scoring matrix is developed in [36] to evaluate the func-

tionality of the system from different perspectives. The analytical hierarchy process

is employed in [37] to convert subject opinions into comparable quantities, eventually

aiding operational decision-making.

Quantitative assessment methods aim to numerically assess the resilience of critical

infrastructure systems such as the power grid [38]. Specific to power distribution

systems, many studies have been conducted to assess system resilience quantitatively.

The intrinsic characteristics of resilience can be defined as stress resistance and strain

compensation. Later, the stress resistance is split into hardness and asset health. In

contrast, strain compensation is characterized by capacity and efficacy [39]. Another

way to measure the resilience in the electric power grid that quantifies the efficacy

of the recovery process is the ratio of recovered functionality to the system [40].

The resilience analysis process can be interpreted in multiple steps depending on

time. The indices include expected hazard frequency, initial failure scale, maximum

level of impact, recovery time, and recovery cost according to stages. A functional
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description of resilience is obtained in terms of initial failure scales, maximum impact

level, and recovery time [41]. When considering extreme weather events, the resilience

assessment metric can be expressed as a function of the expected number of power

grid outages during the event, the probability of loss of load, the expected demand

not served, and the level of difficulty of the grid recovery processes [42]. Similarly,

other resilience measures emphasize multiple system properties, including recovery

time, loads not served, etc., [43].

2.2.4 Resilience analysis process

This section briefly discusses and extends the resilience analysis process, initially in-

troduced for the 2015 quadrennial energy review in [44]. The analysis framework

evaluates the power system’s capacity to handle potential future disturbances. Based

on this assessment, it helps to prioritize planning decisions, investment endeavors,

and response actions. In doing so, this study also highlights the available research

and techniques that concentrate on every aspect of the analysis procedure to define

resilience goals for utilities, choose suitable metrics that align with those objectives,

collect essential data for the metrics, and ultimately determine the optimal approach

to making resilience-based decisions. The conceptual framework and analysis process

for creating forward-looking resilience metrics, which are based on extensive simula-

tions that measure the impact on grid operations and power delivery, are shown in

Figure 2.4. It provides a clear roadmap that outlines the journey from establishing re-

silience goals to effectively achieving them, with multiple interconnected components

in between.
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Figure 2.4 The resilience analysis process – Setting up resilience goals, mea-
suring resilience, and planning for resilience enhancement.

Resilience goals/objectives

The resilience analysis process starts with defining resilience goals. The goal could

be to improve the resistance and capability of a regional electric grid to withstand

extreme events, evaluate a utility’s investment plan for resilience enhancement, reduce

the cost of recovery (monetary and time), ensure power availability to critical services,

and/or reduce the overall interruption cost. For example, in [24], resilience is defined

as the sum of the availability of individual critical loads during an event. In [45], the
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focus is on optimal investment decision-making capability to enhance resilience. Other

studies have suggested various indicators of resilience, such as the optimal duration for

repairing critical components [46], disruptions in the energy supply following extreme

events [47], the general delivery of essential resources and uninterrupted power supply

to critical customers after a disaster [48], and the recovery of infrastructure and

operations [49]. Table 2.2 summarizes these indicators, and a comprehensive list

of examples is available in [50]. These indicators can be instrumental in defining

resilience goals and developing relevant metrics to measure them.

Hazard characterization

The grid disturbance event could be initiated by various natural threats. Several

efforts have been made to create better ways to evaluate the impacts of these threats.

It is worth noting that different threats to energy infrastructure vary in probability

and impact. For instance, a wind storm can cause significant damage to overhead

structures but may not impact underground systems such as cables and substations.

Consequently, it is critical to understand the hazard characterization as part of the re-

silience analysis process. Hazard US (HAZUS) or CLIMate ADAptation (CLIMADA)

tool can be used effectively to model or simulate extreme weather events, including

but not limited to hurricanes, floods, and earthquakes [51, 52]. When evaluating re-

silience against multiple hazards effectively, it is crucial to consider two key factors:

(1) the probability of each potential threat scenario and (2) how the intensity of an

event maps onto the resulting consequences at the system level.
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Event to impact mapping

Once the onset of the event is identified, the next step is to use the characteristics

or attributes of the event to determine the impact at the component level. Different

components in the power grid have predefined thresholds (intrinsic property of a

device) to handle the subjected disturbances. These thresholds depend on the type

of component and the duration of exposure. Although the thresholds are not directly

measurable, historical data can be used to derive the failure probabilities [53]. These

component-level failure probabilities can then be mapped to characterize system-

level impacts. For example, a Monte Carlo simulation approach can be used to assess

the spatiotemporal impacts of grid disturbances using fragility curves [54]. Grid

disturbance theory and functional form modeling capture the spatiotemporal effects of

any possible scenarios [55]. Although functional models can describe grid disturbance,

event onset must be carefully analyzed to demonstrate the most meaningful impact

and responses. This is crucial because different disruptive events can have varying

effects on a system, requiring specific strategies for resistance and recovery. The

work in [56] reviews some widely used impact models in energy systems planning and

operations due to extreme weather events.

Calculate consequence– performance measure and resilience metrics

In this stage of the resilience analysis process, the consequence category is defined,

which forms the basis for the development of the metrics. Resilience metrics are

then determined for each category of consequences related to the technical, societal,

organizational, or economic impacts of an event. Some commonly used metrics are

demand/energy not served, recovery time and cost, load recovery factor, revenue loss,
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and customers not served [57]. Other indices, such as restoration efficiency, vulnera-

bility index, degradation index, and microgrid resilience index, are also widely stud-

ied [58]. It should be noted that the impact of potential threats is dependent on the

system’s capacity to (1) anticipate, prevent, and mitigate them before being affected

by the event, (2) adapt to, absorb, and survive the threat when it occurs, and (3)

recover, restore, reconfigure, and repair itself afterwards [22]. Since a single resilience

metric cannot capture all possible aspects of the threat response, these metrics are

a function of resilience goals, the operating conditions and intrinsic characteristics of

the system, and new investment planning initiatives.

Evaluate resilience improvements

Once the resilience metrics are established, the potential investment for resilience

enhancement is studied. Given limited resources and high risk, resilience can be

improved by focusing on low-probability events, investment prioritization, and con-

sequence management. These studies allow system analysts to decide on investments

based on evolving research to identify the most impactful decision in improving re-

silience while minimizing long-term costs and stranded investment [60]. In recent

years, it has been realized that investments should focus on quantitative analysis, the

ability to incorporate the uncertainty of grid disturbance, and bottom-up approaches

where efforts for resilience enhancement should start from the grid-edge [61].

2.2.5 Resilience metrics

This section details the desired characteristics of a metric defining distribution sys-

tem resilience and the categories of resilience metrics for distribution system resilience
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Table 2.2 Some widely used examples of the category of consequences and
resilience metrics [59].

Category of consequence Resilience metrics

Electric service Total customer-hours of outage

Total customer energy demand not served

Average/percentage of customers experiencing a power

outage during a specified period

Recovery time and cost of recovery

Monetary Loss of revenue, cost of damages, repair and resource allocation

Loss of assets and business interruption cost

Impact on gross municipal/regional product

Community function Critical services without power

Critical customer energy not served

planning. A metric is essential for resilience planning, as it quantifies the impacts

of potential HILP events on the grid and helps evaluate and compare planning al-

ternatives to improve operational resilience [62]. Measuring progress towards a more

resilient infrastructure requires developing and deploying metrics that can be used

to assess infrastructure planning, operations, and policy changes [63]. The resilience

metric should focus on HILP events, consider the likelihood and consequences of

threats, and evaluate the system’s performance. Furthermore, the metric should con-
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sider the uncertainties inherent in response and planning activities while quantifying

the consequences of power grid failures [44].

It is incredibly challenging to adopt a unified metric that can capture several con-

tributing factors such as uncertainty, spatiotemporal features of a threat, and intrinsic

system properties to deal with possible threats [64]. Current resilience measures can

be classified into two main types: a) attribute-based metrics, which assess the at-

tributes of the power system such as adaptiveness, resourcefulness, robustness, SA,

and recoverability [22], and b) performance-based metrics, which evaluate the ability

of the system to remain energized (commonly referred to as availability [65]), often

represented by the conceptual resilience curve [66].

Attribute-based metrics

Attribute-based metrics are relatively simple in mathematical formulation, and the

required data collection is also easier than performance-based metrics. The fun-

damental question that attribute-based metrics aim to answer is “What makes the

system more/less resilient than other systems?". Attribute-based metrics are used to

provide a baseline understanding of the system’s current resilience and are driven by

the properties that increase the resilience of the concerned system. The properties of

the system comprise robustness, resourcefulness, adaptivity, recoverability, and SA.

For example, the ratio of underground feeders to overhead feeders, the proportion

of distributed resources to critical consumers, the number of advanced metering in-

frastructures/sensors, path redundancy, and overlapping branches result in increased

robustness, resourcefulness, and SA, thus improving the resilience of the system to

HILP events [24]. Some of the widely used attribute-based resilience metrics are
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described below:

1. System robustness: This metric evaluates the ability of the power distribution

system to withstand shocks or disturbances without failure. For example, the

robustness of the system can be evaluated based on the strength of the system

infrastructure, such as the resilience of poles, wires, and transformers to severe

weather events [67].

2. System flexibility: This metric evaluates the system’s ability to adapt to changes

or disturbances. For example, the flexibility of the system can be evaluated

based on its ability to manage power supply and demand during peak hours,

integrate renewable energy sources, and/or extract demand flexibility during

scarcity [68].

3. System redundancy: This metric evaluates the system’s ability to maintain

power supply even when one or more system components fail. For example,

redundancy can be evaluated based on the number of backup power sources,

such as generators or batteries, available to maintain the power supply during

outages [69] or tie switches to utilize the power from the feeder [48].

4. Customer satisfaction: This metric evaluates the ability of the power distribu-

tion system to meet customer expectations during and after disruptions. For

example, customer satisfaction can be evaluated based on the system’s ability

to provide timely and accurate information during outages and the quality of

customer service provided by the system’s operators.

The definition of resilience plays an important role in the evaluation of resilience

metrics based on the attributes of the system [44]. When forming the attribute-based
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resilience metric, the spatiotemporal features of an HILP event on power distribution

systems are also taken into account [12]. The uncertainty associated with HILP events

is a critical attribute that is often represented using probabilistic measures [70]. These

attributes, incorporated into the metric, are valuable for decision-making in planning

and policy-making processes [44]. When utilizing attribute-based metrics, it becomes

possible to compare different systems, both with and without resilience enhancement

strategies. Attribute-based resilience enhancement metrics need to be able to adapt

to advances in technology, ensuring their continued relevance and effectiveness.

Performance-based metrics

It is recommended that the grid resilience metrics are defined based on system per-

formance. They should be (1) forward-looking, (2) quantify the consequences of

disruptions, (3) incorporate uncertainties that can affect the response of the system

and planning decisions, and 4) be flexible enough to use data from historical analy-

sis and system models [59]. Such performance-based metrics follow the approaches

in evaluating system resilience quantitatively. The performance of the electric grid

during major shocks, such as natural disasters, can be described by outage frequency,

the number of customers impacted, outage duration, or a combination of these. The

National Energy Regulatory Commission (NERC) published separate metrics to eval-

uate system performance against reliability standards [71]. The growing occurrence

of extreme events has emphasized the importance of developing metrics to assess the

performance of the power system during HILP events. Eventually, entities are ex-

pected to appropriately include all events that affect the power system, considering

the event’s probability and impact on the communities. Some of the widely used
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performance-based resilience metrics are described below:

1. Energy at risk: Energy at risk is a metric that quantifies the amount of en-

ergy that may not be supplied during extreme events. It provides a forward-

looking assessment of the potential consequences of disruptions by estimating

the amount of energy that can be lost due to outages during extreme events

[72].

2. Probabilistic assessment risk: Probabilistic assessment risk is a metric that

assesses the likelihood and consequences of disruptions due to various failure

scenarios. It reflects inherent uncertainties by considering the probability of

various failure scenarios and the potential consequences of these failures [54].

It can use historical analysis and system modeling to quantify the likelihood of

different scenarios and the potential consequences of these events.

3. Flexibility margin: This metric measures the ability of the system to respond to

changes in demand and supply. It is forward-looking and reflective of inherent

uncertainties by assessing the system’s ability to respond to unexpected changes

in demand and supply, especially during scarcity and emergency conditions [73].

4. Restoration time: Restoration time is a metric that measures the time it takes

for the power system to restore power following a disruption [74]. It is forward-

looking and quantifies the consequences of disruptions by assessing the time

required to restore service to customers. Historical analysis and system mod-

eling can be used to estimate the time required to restore customer service in

various scenarios.
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A resilience performance curve is widely used to define performance-based met-

rics [75]. Several studies have adopted a resilience triangle in the past to determine

the system performance where only two different states are presented [20]. Lately, it

has been realized that the one-dimensional character of the resilience triangle is not

very helpful and can only capture the recovery from an event. It is equally impor-

tant to capture other highly critical resilience dimensions such as “how fast resilience

degrades and how long the system remains in the degraded state before the recovery

stage" [76]. A conceptual resilience curve has recently been used to assess and define

performance-based metrics [77].

In conclusion, performance-based approaches are commonly used in cost-benefit

analysis and planning studies to assess the advantages and drawbacks of proposed

resilience improvements and investments. While attribute-based and performance-

based approaches have distinct definitions and can be used independently depending

on utility preferences, combining these approaches allows for a more comprehensive

analysis of grid resilience, considering the potential consequences of disturbances.

Attribute-based metrics broadly characterize grid resilience, while performance-based

approaches assess tailored options for enhancing resilience, integrating economic, so-

cial, and regional factors. By combining attribute-based and performance-based met-

rics, a baseline evaluation of resilience, recovery efforts, planning, and investment ac-

tivities can be effectively maximized, leading to improved grid resilience [78]. Unlike

these methods, some recent works also explore a data-driven method, using publicly

available data, to characterize resilience in power distribution systems [79]. Data-

driven approaches are likely to be popular as critical information from the electric

utility is less likely to be publicly available.
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Table 2.3 State-of-the-art– Resilience planning and enhancement strategies
for power distribution systems.

References Resilience category Planning & enhancement strategy

[80]

Operational resilience

Load prioritizing

[81] Situational awareness

[82] Microgrids and DERs-based load restoration

[83] Mobile energy resources

[84] Deployment of soft open point technology

[85]

Infrastructural resilience

Remote units deployment

[86] Deployment of mobile energy resources

[87]
Both operational &

infrastructural resilience

Smart distribution systems

[88] Repair scheduling, Optimal switching, crew dispatching

[89] Networked microgrid

[90] Repair and restoration using DGs, switches, and crews

2.3 Power distribution resilience – Tools for planning & enhancement

The resilience enhancement of power distribution systems depends on various tools

and strategies. These include accurately forecasting natural events, recognizing criti-

cal loads that require uninterrupted power supply, maintaining situational awareness,

and implementing proper planning and restoration measures. The combination of

these measures and tools contributes to the overall enhancement of system resilience.

These measures can be further categorized into operational and infrastructural re-

silience, as detailed in Table 2.3. The stages of a resilience curve — avoid, react, and

recover — are illustrated in Figure 2.5, indicating where these tools can be applied
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to enhance resilience [55]. This section details related work on critical measures and

tools for resilience planning and enhancement in power distribution systems.

2.3.1 Event forecast

Extreme weather forecasting helps utility planners make appropriate operational deci-

sions to reduce damage to the power grid. Recently, advances in observation networks

such as satellite remote sensing have significantly improved the accuracy of short-term

weather forecasting models [91]. Additionally, advances in data analytics, accurate

weather modeling, and enhanced computing resources make extreme weather fore-

casting efficient and reliable. However, long-horizon weather prediction is still an

active area of research and requires further consideration when used for infrastruc-

tural planning purposes. Nevertheless, with advancements in short-term predictions,

utility planners can take advantage of accurate event forecasting to make appropriate

operational decisions. These decisions may include resource scheduling, dispatching

crews and other resources for maintenance, and stocking backup resources. Essen-

tially, a weather-grid impact model can be developed to understand and simulate the

effects of an extreme weather event on the power grid. The existing research on the

weather-grid impact model can be categorized into statistical and simulation-based

models. These models include a detailed modeling of power systems, extreme weather

events, damage assessment, and restoration after extreme natural events [92].

2.3.2 Load prioritization

Hazardous incidents that impact the operation of the distribution system disrupt the

supply to critical loads, thus affecting grid resilience. To ensure a high level of re-
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Figure 2.5 Different stages of resilience planning and enhancement strate-
gies.

silience for critical infrastructures, federal and state authorities are actively working

to identify and provide guidance for enhancing critical infrastructure security [93].

Critical customers such as hospitals, fire departments, water suppliers, and other

emergency units are recognized and prioritized for the prompt restoration of power

supply within the utility’s service area. This underscores the significance of enhancing
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the resilience of critical infrastructures through the increased availability of essential

customers and their critical loads. The objective is threefold: 1) facilitate a rapid

response to grid disturbances, 2) reduce the magnitude of harm and challenges ex-

perienced by communities, and 3) accelerate the restoration of critical functions [94].

Moreover, due to the significant amount of grid outages caused by catastrophic events,

it is impossible to prevent threats to all assets. Therefore, prioritizing the critical as-

sets of the grid becomes a clear choice for utilities [50]. Critical loads identification

allows operators to selectively disconnect low-priority loads and maintain backup

resources within their generation capacity while sustaining vital facilities for an ex-

tended duration [95]. In such cases, various advanced techniques can be employed to

restore the prioritized loads while considering topology and operational constraints,

thereby enhancing the overall system resilience [96].

2.3.3 Situational awareness

It is crucial to have adequate SA of the system conditions for effective and timely

decision-making to counteract the impacts of the HILP event [81]. Several incidents

discussed in Chapter 1.1.1 illustrate the severity when the system operators are not

fully aware of relevant information. Inadequate SA increases the probability that the

system enters the cascading blackout phase [81]. In light of these events, several in-

dustrial stakeholders have significantly advanced information systems to enhance SA.

One key element of this is state estimation, which is critical to enabling continuous

and reliable monitoring and control of the distribution systems, particularly in the

presence of DER penetration [97]. To date, the observability of the system down-

stream of the substations is very limited. Only a limited number of utility companies
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have implemented control room applications, including, but not limited to, state esti-

mation, topology identification, fault management, and cyber attack mitigation [98].

Furthermore, it is unclear how to adapt existing SA technologies from the bulk power

system to power distribution due to unknown network models, poor observability,

and incorrect measurements [99].

Nevertheless, progress in power distribution systems has brought together vari-

ous innovative technologies like digital relays, phasor measurement units, intelligent

electronic devices, automated feeder switches, voltage regulators, and smart invert-

ers for DER. These advancements pave the way for improved end-to-end awareness

and visualization of the network. Furthermore, the regular polling and on-demand

retrieval of customer interval demand data through the advanced metering infrastruc-

ture contribute to enhancing the accuracy of the online model for the distribution

network [100]. The integration of advanced metering infrastructure information in

SA tools is supplemented with conventional supervisory control and data acquisition,

which provides additional data to improve the system’s SA [101, 102]. In the future,

most of the electric power grid will have installed communication networks, intelligent

monitoring, and distributed sensors along feeders to provide additional data for an

improved SA [103]. It is also envisioned that such digital networks will ultimately

lead to greater levels of communication between the end-users, the utilities, and with

other physical infrastructures [104]. The use of drones and unmanned air vehicles

for damage assessments is also gaining popularity [105]. The improved SA and in-

creased automation in a smart grid paradigm will assist the control room operators

with real-time decision-making, thus improving the grid resilience.
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2.3.4 Resilience planning and restoration

Resilience planning and restoration involve various strategies and actions aimed at

improving the ability of a distribution system to withstand and recover from extreme

events. These strategies can be broadly categorized into three main areas: long-term

resilience investment, short-term pre-event preparation, and post-event restoration.

Long-term resilience investment

Long-term resilience investment involves strategic planning to make the distribution

system more resilient to uncertain and extreme events. This includes infrastructure

reinforcements or system hardening methods such as installing underground lines,

elevating substations, and other upgrades to improve the system’s reliability and

robustness [106]. However, unlike transmission systems, distribution systems have

unique characteristics, such as radial topology, low redundancy, and inability to in-

corporate DC power flow methods, which require specific considerations in resilience

planning [107]. Distribution systems have received less attention compared to trans-

mission systems, with limited literature on resilient distribution system design [108].

Most of the studies in resilience planning and upgrades apply two different types

of modeling techniques, namely robust [107] and stochastic modeling [109]. The

scenario-based stochastic methods and other network interdiction models facilitate

optimal hardening strategies in the distribution system [107]. In other works, DGs

siting/sizing and automatic switch placement strategies are simultaneously formu-

lated to minimize the overall expected cost [110]. However, with the growing need of

resilience enhancement, investment decisions should be based on HILP events rather

than the expected cost of several possible events. Furthermore, resource planning
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should be carried out to fulfill the need for operational flexibility, and specialized

power distribution system models should be integrated with advanced operations [44].

Works have shown that sensing and control technologies can also be deployed in the

planning phase to enhance the resilience of the distribution system [111]. Integrat-

ing these resources in the planning phase and observing the trade-off between these

resources against uncertain or extreme events can provide a better planning portfolio.

Short-term pre-event preparation

Short-term pre-event preparation focuses on resource allocation and planning strate-

gies that can be implemented just before an extreme weather event to enhance the

resilience of the distribution system. This includes activities such as pre-staging of re-

sources, crew dispatching, and network reconfiguration to minimize the impact of the

event and expedite restoration. One approach to short-term pre-event preparation

is the strategic placement of resources, such as emergency response generators and

crews, in strategic locations before an extreme weather event occurs. This allows for

quicker deployment and utilization of resources immediately after the event, reducing

the time required for restoration. For example, the U.S. Federal Emergency Manage-

ment Agency (FEMA) pre-stages emergency response generators before hurricanes or

other major events, but the effectiveness of this strategy depends on the accuracy of

the event forecast and the optimal placement of resources [112]. Mathematical mod-

els, such as mixed-integer linear programming models, can be used to optimize the

pre-staging of resources based on various factors, such as forecasted event severity,

expected outage duration, and available resources [88].

Short-term preparation also involves proactive network reconfiguration, where the
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distribution system is strategically reconfigured so that the damaged sections can

be quickly isolated and power can be restored to unaffected areas once the event oc-

curs. This can be achieved through automated switching actions or remote-controlled

switches that can be operated remotely, allowing for quicker restoration without need-

ing physical presence on site [87]. Optimization models can be used to determine

the optimal switching actions and reconfiguration plans considering system topology,

available resources, and outage duration [82, 88]. Furthermore, repair crew deploy-

ment and coordination is an essential preparation plan to ensure efficient restoration

efforts. Crews must be strategically deployed to affected areas based on event sever-

ity, expected restoration time, and available resources. Mathematical models can be

used to optimize crew deployment and scheduling to minimize restoration time and

maximize the utilization of available resources [90]. There are other efforts in pre-

allocating mobile resources as a short-term preparation process [86]. The main idea

is to restore critical loads by forming small MGs with the available mobile resources

for a resilient emergency response to natural disasters. Such intentionally islanded

MGs will have voltage support grid-forming resources that can energize the islanded

loads until the restoration and repair tasks are completed.

Post-event restoration

Post-event restoration involves activities carried out after an extreme weather event to

restore the distribution system to normal operation. It is one of the most critical com-

ponents of a system’s resilience, as quick and effective restoration justifies an efficient

planning strategy. Hence, planning and pre-event preparation are vital in ensuring a

quick and efficient restoration process. Restoration includes repairing damaged infras-
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tructure, re-configuring the network, and optimizing allocated resources to expedite

restoration [48]. The repair crews must assess the damage, repair or replace damaged

components, and restore the system to its normal operating condition following an

event to minimize downtime and expedite restoration. Network reconfiguration also

plays a crucial role in post-event restoration. The distribution system must be recon-

figured to restore power to affected areas and isolate damaged sections. This can be

achieved through automated switching actions or remote-controlled switches. Mixed

integer programming models can be leveraged to optimize the repair and restoration

process by coordinating crew assignments, resource allocation, and network recon-

figuration to minimize restoration time and ensure efficient utilization of available

resources [88].

Post-event restoration research also focuses on resilience enhancement against nat-

ural disasters using DERs and MGs, with varying restoration objectives [113]. MGs

provide an effective DERs management and utilization solution for system restoration

after extreme weather events [114]. Networked MGs are considered dispatchable as

well as non-dispatchable resources for service restoration in power distribution dur-

ing long-duration outages [89]. MGs can also be adaptive in which the formation

of MG and load switching sequence is guided by the nature of extreme events [115].

MGs and DERs can also be used for sequential service restoration [116]. The DG dis-

patch and network switching can be coordinated well to generate a feasible restoration

sequence. Furthermore, such restoration can also be performed in multiple or hier-

archical stages [90]. Service restoration can be achieved via dynamic changes in the

boundaries of MGs within a distribution network that includes synchronous-machine

DGs [117]. It is vital to maintain the grid frequency throughout the restoration
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process [118]. The correlation between switching actions and frequency deviations

is considered and a suitable switching sequence is formulated that meets the essen-

tial requirement of adhering to the dynamic frequency nadir limit. Some controllers,

such as grid-friendly appliance controllers, can avoid large transients in low inertia

microgrids associated with switching operations for coordination [119].

2.4 Interdependence with other critical infrastructures

The inherent interdependencies between power distribution systems and other critical

infrastructures contribute to the resilience of the community [120]. Figure 2.6 shows a

high-level overview of the interdependencies of critical infrastructures with the power

distribution system. It is crucial to understand these interdependencies for effective

disaster response and recovery planning, as disruptions in the power distribution sys-

tem can have cascading effects on other critical infrastructures, amplifying the overall

impact on the community [121]. However, there is little understanding of the complex

dynamics, vulnerabilities, and emerging threats associated with these interdependen-

cies. This section investigates and analyzes these infrastructure interdependencies,

highlights the contributions that have been made so far in this problem space, and

addresses some open challenges.

2.4.1 Information and communication technologies

Interdependent power distribution systems and ICT networks offer opportunities to

mitigate vulnerabilities and leverage infrastructural convergence. Key trends in an-

alyzing their interdependencies include increasing data volumes, faster system dy-

namics, hidden feedback, renewable portfolio standards, variable energy resources
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Figure 2.6 Interdependence among various critical infrastructures, namely
ICT, transportation, natural gas, and physical power grid networks.

penetration, network cybersecurity, co-simulation needs, reliability coordination, and

real-time/data-in-motion analytics. Figure 2.6 illustrates the interdependencies be-

tween cyber layers and other physical layers of the power distribution system. Prior-

itizing cybersecurity is crucial for federal research and industry. Investigating these

interdependencies helps to develop assessment tools to specify ICT requirements for

advanced grid functionalities and build a strong foundation for new grid management

tools. The deployment of advanced sensing and measurement technologies facilitates

data collection and understanding while improving the resilience of the system with

strategic decisions. The transmission of data streams, such as measurement data,

from field devices to the control center for monitoring, analysis, and control purposes

52



faces security risks, including data leaks, hacks, and adversarial intrusion [122, 123].

There are four domains — cyber, social, energy market, and distribution system net-

works — that interact to enable advanced grid functionalities and revolutionize grid

modernization. However, such interaction also exposes the network to severe security

threats.

Failure or hacking in the cyber layer can have cascading effects on the physi-

cal layer, affecting equipment and services. Understanding the relationship between

the distribution grid’s architecture and control systems is crucial. During extreme

weather events, the power grid becomes highly vulnerable. If cyber intruders breach

the control and communication system when impacted by an extreme event, it can

critically collapse the power grid [124]. Loss of communication makes damage as-

sessment and asset management nearly impossible, leading to incomplete situational

awareness. Limited situational awareness during extreme events hinders decision-

making. Additionally, considering cyber layer constraints can enhance the resilience

of the power system, as the cyberinfrastructure is interconnected with the physical

layer [125]. Advanced distribution management systems and networked microgrid

control paradigms should coordinate to address operational conflicts and reconnect

microgrids to the distribution networks after events. In addition, the future of distri-

bution management systems will see an increased dependence on distributed resources

and distributed architecture, necessitating robust communication capabilities [126].

2.4.2 Transportation

It is essential to model the critical infrastructure dependency between power distri-

bution and transportation, as the dispatch of the crew and other mitigation processes
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can be delayed if the transportation network is not accessible when the region is

affected by an extreme event. In Figure 2.6, the interdependency between the trans-

portation layer and the physical layer (power grid) is represented. The transportation

system and the operational dependency of the power grid play a critical role in the

resilience enhancement during extreme weather events, especially when preparing for

an upcoming storm by allocating mobile resources (mobile energy storage, poles, dis-

tribution lines, etc.) and dispatching repair crews for optimal service restoration,

calling for thorough research in understanding and modeling the related interdepen-

dencies. During extreme weather events, critical operations, such as optimal resource

planning for rapid system restoration and emergency evacuation mechanisms, require

proper modeling of the transportation network associated with the power distribution

system. To investigate the critical elements that need upgrading or expansion, the

study of the influence of contingency on traffic flow and power flow can be a great

addition to interdependence modeling [127]. Additionally, the optimal selection of

emergency stations (including distribution centers, power supply recovery, emergency

supplies, medical centers, etc.) requires specific attention during interdependence

modeling considering disaster management [128]. Such an interdependence assess-

ment can greatly help disaster-impacted areas develop a rapid recovery plan. For

example, after Hurricane Maria in Puerto Rico, it took 11 months to fully restore

the power back to its nominal state. One of the primary reasons for such a lengthy

restoration was the lack of proper modeling of the transportation systems, preventing

efficient crew dispatch [129].
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2.4.3 Natural gas

The primary reasons for the interdependence between natural gas pipelines and power

distribution systems are attributed to the space and water heating in residential,

commercial, and industrial buildings. In the U.S. residential sector, there is a sharp

decline in the use of natural gas from 58% in 2015 to 42% in 2021 while the use of

electricity has increased to 43% surpassing natural gas usage for the first time [130].

However, a substantial amount of electricity generation is still dependent on natural

gas, which creates a supply conflict during extreme cold conditions due to scarce

natural gas pipeline capacity. Considering the historical usage of natural gas for

heating purposes, local distribution companies, the primary supplier of natural gas to

end users, receive higher supply priority than natural gas-based generation units in

case of extreme cold events. Due to increasing dependence on electricity for space and

water heating, the supply deficit of natural gas puts electricity-dependent customers

at a disadvantage as the natural gas-based generating units may be curtailed in order

to prioritize supply to local distribution companies. In the 2004 New England cold

snap, the real-time price of electricity rose the ISO-New England’s bid cap [131].

The day-ahead gas prices at New England’s gas system were increased by nearly ten

times their normal price range along with an increase in electricity price. Similarly,

natural gas supply disruption was identified as the major cause of power outage due

to Texas winter storm Uri in February 2021 [132]. Almost 50% of Texas residents use

electricity for heating, and most of the casualties due to Winter Storm Uri were caused

by hypothermia and conditions worsened by freezing conditions. Hence, it is evident

that the supply chain bias of natural gases creates equity concerns about customers

using electricity as opposed to customers using natural gas only for heating.
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The interdependence should be modeled to jointly identify the overall patterns

of electricity generation and distribution, focusing on the energy requirements of

electricity and natural gas. The existing works on the integrated study of gas and

electric system networks focus mainly on the transmission of electric power and natu-

ral gas [133]. In [134], a modeling strategy is introduced to enhance the coordination

between natural gas and the bulk power system, specifically to assess and improve

day-ahead and intraday market coordination. Similarly, the work in [135] presents a

combined expansion planning model for gas and electric networks by analyzing the

fluctuations in gas prices during congestion. Although relevant, these studies overlook

the challenges associated with natural gas pipelines and power distribution systems.

Due to the increasing dependency of end users on electricity and their inadvertent

disadvantage during extreme cold events, it is essential to incorporate power distri-

bution models, building models, and equity-based policy into the simulation study to

represent the overall interdependence accurately. The framework for interdependence

between natural gas and power distribution systems requires an assessment of integra-

tion and automation in these infrastructures, such as threat/hazard identification and

data acquisition, identification of potential impact zones, initial and cascading effects

on infrastructural assets from failure events, and identification of propagation paths

of this disruptive events [136]. Furthermore, power distribution systems energize the

constituent components of the gas distribution system. The operation of natural gas

processing plants and other relevant assets, including electricity-powered compressor

stations, depends on the power distribution networks [137]. Failures in the corre-

sponding power distribution network may propagate to the gas distribution network

due to the strong interdependencies [138]. Therefore, simultaneous damage to both
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networks due to a natural disaster can cause severe concern to affected communities

and overall resilience of the critical infrastructures.

2.4.4 Water distribution systems

The manageability and resilience of power and water distribution system are chal-

lenged by their increasing interdependence and inter-connectivity, as widely studied

within water-energy/power nexus activities [139]. While power system research has

made considerable progress over the years through dedicated research efforts and ac-

tive community participation, the tools used in existing studies on water distribution

networks are comparatively less advanced [140]. The key challenges in managing

the increasing interdependence between the power and water distribution systems

include complex coordination between stakeholders, resource availability and oper-

ating expenses, and increasing pressures of drought and population growth [141].

Additionally, there is a traditional view of water and power distribution systems as

separate and uncoupled systems, resulting in a lack of coordination between them

and the absence of a comprehensive framework for modeling and optimizing their

coupled operation and functionalities [142]. Moreover, there are concerns that the

coupled operation of these two systems may adversely impact the reliable and quality

operation and distribution of water and power systems [143]. Critical infrastructures

such as water and power distribution systems are widely interdependent since they

share energy, computing, and communication resources. In heavily loaded power

distribution systems, failures on distant power lines can cause severe water supply

shortages. The water distribution network is heavily energy-intensive, which uses

electrical power to treat, store, and distribute water, and comprises several hydraulic
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components, including pipes, pumps, and tanks. The power system energizes some

of these elements. Operational failure in one of these two systems can impact the

operation of the other system. For instance, a power outage can impact the water

treatment, storage, and distribution operations since these processes require electrical

power. This interdependence propagates to health care units and other local busi-

nesses requiring a continuous water supply for their normal operation. For wastewater

treatment units, a discontinuous operation of the machines can cause serious conse-

quences of contamination of the non-treated wastewater. Conversely, water shortage

can impact many power system operations as generators require water for cooling.

For example, Europe’s 2022 heatwave and drought, considered the worst in 500 years,

resulted in a significant loss of nuclear generation due to water shortage for cooling

and hydro generation. Among others, France lost 23% of nuclear and 24% of hy-

dro generation while Germany lost 50% of its nuclear generation [144]. The energy

crisis affected the electricity markets significantly, ultimately affecting the end users.

Similarly, after the 2021 winter storm, Texas faced a severe drinking water shortage

as utilities suffered long-duration power outages. As per the Texas Commission of

Environmental Quality, millions of customers were under the boil water notice while

people were boiling snow to quench their thirst or carry out normal activities [145].

Thus, failure in one system can cause cascading impacts in the other systems, damag-

ing operational integrity and causing social and economic impacts [142]. Any failure

will trigger cascaded loss and interrupt the electrical power supply to the hydraulic

components.

Similar to the challenges in the interdependence of other infrastructures, there is a

lack of a proper model to characterize the interdependence between water and power
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distribution systems [146]. It is important to characterize extreme events that can

impact one or both of the infrastructures and include them in the interdependence

model. In [147], an integrated power and water distribution model is formulated

to identify the propagating impact of power outages on the water distribution sys-

tem. A study in [148] provides an insight into the operational cost and effect on

distribution marginal prices due to coordination between water and power distribu-

tion systems. Additionally, the work provides case studies on potentially using water

tanks as a means to offset congestion and voltage violations in the distribution grid

in the future. Existing studies focus on an independent research problem of interde-

pendence. The holistic model, however, should capture normal and extreme weather

or temperature conditions, infrastructural markets, and economics. The importance

of coordination is paramount in extreme conditions; hence, it is essential to develop

such a model that captures the aspect of resilience in normal and extreme conditions.

Similarly, research is being carried out to understand and assess this interdependence

using different performance metrics [147]. One such metric is the demand satisfac-

tion ratio, which measures the impact of power failure on the interconnected water

distribution network [149]. The security framework of such critical interdependent

infrastructures must be modeled using different state-of-the-art techniques, such as

game-theoretic methods [150]. The operation of multi-purpose reservoirs in water

distribution networks requires interdependent resource allocation between water and

power distribution networks; it can be solved as a multi-objective optimization prob-

lem [151]. Furthermore, multi-infrastructural interdependence modeling paves the

way for a more sophisticated resilience analysis for power distribution systems [120].
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2.5 Research gaps and opportunities

There is a significant research gap in standardizing resilience quantification, modeling,

and planning for critical infrastructures such as power distribution systems. There

are several areas where extensive research can improve the resilience quantification

and analysis process. The research gaps specific to the analysis and enhancements of

power distribution system resilience are summarized in the following sections.

2.5.1 Proactive decision-making/operational planning

From the utility’s perspective, planning for an upcoming HILP event is desirable

to enhance resilience proactively. Planning includes mechanisms to reduce the im-

pacts of an upcoming event or resource allocation to assist in faster recovery. For

instance, staging the repair crews at appropriate locations, analyzing the availability

of supply resources, and deciding on an appropriate restoration scheme before the

event can help reduce their impacts on the system and help accelerate recovery [90].

The necessity and effectiveness of proactive decision-making have been extensively

discussed for both the bulk grid [152] and distribution systems [153]. In general,

proactive outage management can help the system recover and restore faster in the

aftermath of an event, thus reducing the overall impact of the HILP event. How-

ever, such a decision-making process involves a high degree of uncertainty, including

extreme weather uncertainty, damage uncertainty, availability of resources, system

loading conditions, and so forth. The uncertain and time-varying nature of HILP

events must be appropriately modeled in the problem formulation for resilience con-

siderations. The efficacy of proactive planning depends on the accuracy of models

used to account for these uncertainties and infrastructure considerations. Enhancing
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forecasting models is a key avenue for improving planning strategies, as it aids system

operators in narrowing down uncertainty bounds and anticipating future scenarios.

Proactive measures operate on shorter planning horizons, demanding swift decision-

making. Given the complexity of these models, achieving quick solutions is often a

significant challenge. Therefore, methods that prioritize near-optimal approximations

and relaxations can prove effective in refining planning models.

While high-dimensional, nonlinear models can represent intricate physical details,

they also introduce several algorithmic challenges. Even mixed-integer linear models,

while more tractable, remain computationally demanding due to their non-convex

nature. Robust algorithms are needed to solve related decision-making problems

that typically involve solving stochastic non-linear (often) mixed-integer optimization

problems, which are computationally expensive. It is also important to model the spa-

tiotemporal characteristics of the available resources (both human and automated) in

the proactive decision-making process. For instance, fully utilizing a currently avail-

able resource for a specific outage can impact the operation in the future due to the

inherent stochasticity of the resource and the changing nature of the event. In such

a case, an optimal solution will include multi-stage planning to obtain optimal allo-

cation at a given time step, considering future requirements and uncertainties. This

is an even more complex problem to scale computationally for large-scale nonlinear

systems such as the power grid. Additional research is needed to efficiently solve the

resulting problem considering all the uncertainties related to the event and resources

while appropriately modeling the complex operational decision-making problems of

large-scale power systems.
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2.5.2 System planning for resilience/long-term planning

Resilience planning is a long-term goal for the efficient and robust operation of electric

power distribution systems. Investment plans are required for infrastructure harden-

ing, including vegetation management, smart device installations, pole maintenance,

upgrades, etc. Investments are required to install weather stations in high-risk ar-

eas to avoid high-impact extreme events. State-level regulators need to reevaluate

their efforts in prioritizing investments for resilience enhancement by utility compa-

nies and reassess several techniques of resilience assessment from the perspective of

regulatory decisions which might impact state-level grid investments (such as DERs).

Although electric utilities are supposedly investing approximately $1 trillion in the

U.S. electric power grid between 2020 and 2030, investments must be implemented

so that economic and national security perspectives can promote resilience by design.

Utility companies require significant investment to improve security against potential

vulnerabilities in distribution systems. These investments can make the distribution

grid more resilient to HILP events [154].

However, several uncertainties are associated with the planning process; inappro-

priately incorporating those can lead to sub-optimal investment decisions. Therefore,

the planning problem should appropriately model such uncertainties and the associ-

ated risks imposed on the power delivery systems. Additionally, it is also important

to model those risks in the optimization framework to achieve realistic outcomes from

the planning process. Recently, some current work incorporates a convex risk mea-

sure, namely conditional value-at-risk, when solving the distribution system restora-

tion problem [155]. Similarly, other works explore the uncertainties associated with

the system in the development of restoration approaches [156]. However, the risk
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associated with the uncertainties should also be determined for a more accurate re-

silience assessment. Hence, while modeling the stochastic nature of events or available

resources, it is equally important to model associated risks [157].

The long-term planning problem presents significant challenges in terms of mod-

eling, solving, and scalability [158]. Unlike operational planning, long-term planning

requires the consideration of multiple scenarios and depends on the number of sce-

narios and time horizon being considered. Additionally, long-term planning decisions

must account for the full profile of extreme weather events, necessitating a multi-

hazard model that encompasses various events occurring independently or simultane-

ously [159]. Furthermore, it is crucial to have a robust forecast model with minimal

errors to justify future planning decisions [160]. However, one major challenge in

multi-hazard modeling and forecasting is the need for a large number of scenarios to

represent such hazards. Balancing computational efficiency and accuracy is critical,

as incorporating sufficient scenarios is necessary to capture the high uncertainty as-

sociated with HILP events. The long-term planning model typically includes stages

before, during and after the event, but the complexity grows exponentially with the

time horizon, number and nature of resources, and size of the power grid under con-

sideration. Uncertainties arise from factors such as future weather conditions, solar

irradiance, battery state-of-charge, and operating conditions of DERs. To address

these challenges, sophisticated tools for scenario generation and reduction are re-

quired to model the problem while retaining essential information effectively. Future

research should also focus on scalable algorithms and leveraging high-performance

computing resources to enhance computational tractability [161].
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2.5.3 Modeling and forecasting the impact of natural disasters

The recent and rapid changes in weather and the frequent occurrence of natural disas-

ters are alarming, as these events can have long-lasting impacts. Therefore, modeling

and forecasting the effects of extreme weather events play a major role in the resilient

operation of the power distribution system. Most of the previous works consider hur-

ricanes as extreme events while assessing the resilience of the distribution system.

On the contrary, the different types of extreme weather events differ significantly

in their impact on power distribution systems, making it challenging to develop a

generalized impact modeling framework. Hence, considering all the parameters af-

fecting the distribution system resilience, a generalized impact modeling framework

is challenging. Additionally, there is a gap in appropriately modeling the impacts of

extreme weather events on power distribution systems when designing system hard-

ening solutions. Most impact models are based on the topology of the power system,

lacking details about localized geographical information [13]. Weather forecasting

is vital for routine operations, balancing production and demand. It is essential to

warn of extreme events, making it possible to better manage demand and supply, pre-

pare a response, and accelerate recovery times. Utilities lack improved models that

downscale global information to the local level. Comprehensive research is required

to develop tools and skills to interpret the data and understand how meteorological

uncertainty affects current and future operations. Moreover, since the frequency of

these events is extremely low, the available data to characterize these events are lim-

ited. Novel methods are needed to use limited data to model the impacts of extreme

weather events at the component and system level. There is also a critical need for

accurate predictive event and damage models that use limited data. Weather, meteo-
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rological, historical outage reports, and other useful data sources must be integrated

to improve resilience planning and preparation models for an upcoming event. Fur-

thermore, the study should also have provisions for integrated studies with multiple

critical infrastructures [150].

2.5.4 Smart grid operation for enhanced resilience

Improved SA and controllability at the distribution level provide an additional venue

to enhance resilience through smart grid operations. In recent years, advanced meter-

ing infrastructure and intelligent electronic devices such as sensors and telemetered

controllers have been deployed in distribution systems, providing utilities with access

to large and increasing amounts of data [162]. Furthermore, phasor measurement

units, which provide real-time synchrophasor data, are expected to be widely deployed

in distribution grids [163]. These innovative grid-edge technologies enhance SA com-

pared to traditional approaches, which are labor-intensive and time-consuming. How-

ever, it is not practical to successfully deploy such devices across the network due to

the associated cost and geographical difficulties [164]. Therefore, a cost-benefit analy-

sis is needed for the design and deployment of improved state estimation technologies.

This can enhance system monitoring performance and facilitate model validation with

post-event analysis, allowing for accurate decision-making [165].

Another aspect of resilient smart grid operation is enabling non-traditional ways

of operating grids using microgrids and other DER such as PV, storage, and flexible

loads. Recently, DERs have been extensively examined for resilience enhancement

because they support critical loads during extreme events independent of the bulk

power system in an islanded mode. These DERs can also be effectively engaged with
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the help of transactive energy systems. Transactive energy systems can address oper-

ational challenges during abnormal conditions when new mechanisms are designed for

contingencies [166]. Although conventional approaches for resilience enhancement are

usually prepared from the system operator’s standpoint, the transactive energy sys-

tems mechanism, if appropriately designed, can be utilized to incentivize customers

to engage in activities that shift load to where it is needed the most and reduce the

peak loads, thus relieving stress on the grid during scarcity [167].

2.5.5 Compound effect of extreme events and equity

Extensive research efforts have been dedicated to assessing the planning, operation,

and valuation of power system resilience when confronted with the independent oc-

currence of extreme events, such as hurricanes, earthquakes, floods, as well as various

human-induced threats like cyberattacks and physical threats [168]. Nonetheless, the

assessment of power system resilience within the context of the compounding effect of

extreme events, specifically those related to temperature fluctuations like heatwaves

and cold waves, introduces distinct challenges [169]. These challenges stem from the

compounding effects of temperature extremes, which can result in increased mortal-

ity rates and a cascade of other severe consequences, including reduced productivity

and property damage [170]. Furthermore, such extreme temperature-related events

can significantly stress the power distribution grid, increasing electricity demand and

leading to brownouts or blackouts if not managed properly. While there is a grow-

ing practice of managed power outages during severe weather events, there is limited

empirical evidence regarding the impartiality and fairness with which these planned

outages and subsequent restoration efforts are executed [171]. For instance, research
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centered on the rolling blackouts implemented in Texas during the winter storm Uri

in 2021 has revealed a substantial disparity in the scope and duration of these out-

ages [172] and areas with a high share of minority population were greater than four

times as likely to suffer a blackout than other areas. Furthermore, during the same

event, as discussed in Section 4.3, customers using electricity for space heating were

at a disadvantage as natural gas supply was prioritized to customers using natural gas

for heating. The power outage’s major cause was natural gas supply disruption [132].

While events such as natural disasters, extreme weather conditions, or resource short-

ages are inevitable, the distribution of essential resources must be done in a way that

minimizes disparities and ensures that disadvantaged communities — defined us-

ing indicators such as socioeconomic, demographic, financial, and health — are not

disproportionately affected. Equity-informed metrics should be augmented with tra-

ditional practices that consider system-wide averages (e.g., energy-not-served, cumu-

lative customers-hours of outages, loss of revenue, and recovery time) in the planning

and operation of distribution utilities. In terms of recovery and resilience planning

for future events, there is no concrete understanding of how the planning costs should

be distributed, as the economics of resilience is yet to be defined. A study focusing

on the wildfire-resilient distribution system suggested socializing the cost of resilience

as a means of achieving equitable cost distribution [173]. However, communities with

higher median income are identified as higher wildfire risk zones in California, which

has suffered from frequent wildfire events now [174]. Therefore, adopting a socialized

resilience cost approach, especially in a diverse community-based area like California,

could disproportionately benefit higher-income communities. Thus, it is essential

to characterize this disparity by integrating equity considerations into the resilience
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planning model.

2.6 Summary

This chapter highlights the significance of examining the resilience analysis process of

power distribution networks during extreme weather events. As it evolved with the

strategic discussion and analysis of the resilience assessment and analysis process and

the relevant challenges associated with different domains, it became increasingly evi-

dent that ensuring a robust and resilient power grid is not only an expected character-

istic but also an absolute requirement. The outcomes of this chapter have significant

implications for multiple stakeholders in the energy sector. Industry stakeholders can

leverage the resilience analysis framework to enhance their resilience planning, infras-

tructure investments, and operational strategies to mitigate the impacts of extreme

events, as existing utility planning measures do not incorporate risks. Policymakers

can utilize the insights to shape regulations, standards, and policies that promote the

resilience of power distribution systems, aligning with global energy, environment,

and sustainability goals. Furthermore, the research underscores the urgency of co-

ordinated action at the international level to address the increasing frequency and

severity of extreme events, emphasizing the need for collaborative efforts to build

resilient energy systems, thus fostering a sustainable and climate-resilient future that

prioritizes equitable access and benefits for all.
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CHAPTER 3

RESILIENCE QUANTIFICATION USING MULTI-CRITERIA

DECISION MAKING

3.1 Introduction

This chapter introduces a risk-based resilience metric obtained via a multi-criteria

decision-making (MCDM) process. We leverage conditional value-at-risk (CVaR) as

the risk measure and Choquet Integral as MCDM method to compute the resilience

metric.

3.1.1 Motivation

It is of growing concern to ensure resilience in power distribution systems to extreme

weather events. In recent years, weather-related extreme events have severely af-

fected the performance of electric power systems, especially the aging mid-voltage

and low-voltage power distribution grid [1]. This calls for proactive threat man-

agement of power distribution systems by improving their resilience to high-impact

low-probability (HILP) events with the help of new operational procedures and/or

hardening of the infrastructure. Planning for resilience requires a metric that can

not only quantify the impacts of a future event on the grid but also, help in eval-

uating/comparing different planning alternatives for their contribution to improving

resilience [2]. As discussed in Chapter 2, there are differences between reliability and

resilience. Furthermore, resilience cannot be quantified using a single performance in-

dex and it requires a holistic study of the electric grid response to extreme conditions

to assess its resilience. However, there are no clear methodologies or metrics available

95



for resilience assessment that allow system planners to assess the impact of appropri-

ate planning measures and new operational procedures for resilience enhancement.

3.1.2 Related Literature and Gaps

In literature, multiple articles have sought to define the resilience metrics and have

proposed several methods to solve the resilience planning problem. The existing

metrics for resilience can be broadly categorized as: a) attribute-based metrics that

identify power system attributes such as robustness, resourcefulness, adaptivity, re-

coverability, and situational awareness [3] and b) performance-based metrics that

describe the system’s ability to maintain supply (i.e., the system’s availability [4])

and often measured using the conceptual resilience curve [5]. Different resilience in-

dicators that are widely used in literature are based on the optimal repair time of

critical components [6], energy not served after an extreme event [7], total critical

loads supplied during the aftermath of a disaster [8], and in terms of infrastructure

recovery [9]. The resilience of power distribution systems is dependent on several fac-

tors such as network configuration, available resources and controls, and several other

smart grids features such as distributed energy resources (DERs), smart switches, in-

tentional islanding, and self-healing. Towards this goal, references [10, 11] introduce

the use MCDM methods to quantify resilience by taking different topological param-

eters based on graph theory.

Despite these existing approaches, no formal resilience metric is universally ac-

cepted. The existing metrics to quantify power distribution system resilience pose

one or more limitations including (1) they are post-event measures and mostly eval-

uated for a single event [12, 8, 6] ; (2) they do not specifically measure the impacts
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of HILP events on system performance (kW loss, critical assets without power, total

outage duration) [10, 11]; (3) they do not provide additional flexibility to system

operators to prioritize one investment decision over the other to evaluate the system

resilience [13].

3.1.3 Contribution

Contrary to reliability assessment, events with higher impact and lower probability

are considered for resilience analysis [14]. Thus, this chapter introduces a probabilistic

approach to computing a resilience metric that captures both the system attributes as

well as its response to a given extreme event. Prior to this work, our group proposed

a framework to evaluate the resilience of power distribution systems using conditional

value-at-risk as a risk measure [15]. The specific contributions are listed below:

1. Multi-criteria Risk-based Resilience Metric: A novel risk-based resilience met-

ric that considers a comprehensive power system resilience definition. The

proposed metric takes multiple resilience-driven parameters – availability, ro-

bustness, brittleness, resistance, and resourcefulness to holistically evaluate the

power distribution system resilience based on these parameters.

2. Comprehensive Simulation Framework for Resilience Quantification: A simulation-

based approach that allows system operators to evaluate different mitigating ac-

tions. The proposed framework provides additional flexibility to prioritize one

investment decision over the others to enhance the system’s resilience; The op-

erators can come up with economic investment decisions without compromising

the resilience of the system.
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3.2 Event and Impact Modeling

In this section, we discuss modeling an extreme event and its impact on the distri-

bution grid. For this work, we only consider wind-related events and their impact,

which is discussed in the following subsections.

3.2.1 Modeling Probabilistic Events

A probabilistic wind event is characterized by the intensity of the wind speed and

its probability of occurrence. The intensity here is a function of wind speed, v.

Although wind-related events have spatiotemporal dynamics [16], we assume that for

a distribution system, that covers a small region, the wind speed for the entire region

is the same. Thus, each of the components in the distribution system experiences

a similar wind intensity. The wind speed profile for different intensity levels of the

windstorm can be represented by a probability density function (PDF) as discussed

in [15].

3.2.2 Line Fragility Models

The impact of the wind-related event can be represented by the fragility model of

a distribution line [17]. For simplicity, we only consider the impact of wind-related

events on the distribution line and not on the other components of the distribution

system. The fragility model of any distribution line gives the outage probability of
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the line subjected to a particular wind speed and can be represented as:

Plv =


Fln v < vcri

Pl(v) vcri ≤ v < vcol

1 v ≥ vcol

(3.1)

where Fln is the failure rate of line l in normal weather condition, Pl(v) is the failure

probability of line l as a function of v, vcri is the critical wind speed at which line

l experiences failure, and vcol is the wind speed threshold beyond which line l is

guaranteed to fail.

3.3 Resilience of Power Distribution Grid

The ultimate goal of a resilient distribution grid is to have a continuous power supply

to critical loads (CLs) even during extreme contingencies. In this section we discuss

the resilience curve based on number of CLs and resilience-based parameters of a

distribution grid.

3.3.1 Resilience Curve

Fig. 3.1 shows a typical resilience assessment curve in which the x-axis represents

time whereas the y-axis represents the number of weighted CLs online. The plot is

represented for two cases namely base network, which does not have any restoration

strategy once the event occurs and smart network, in which distributed generators

(DGs) and smart damage assessment tools are placed for enhanced situational aware-

ness and restoration. To avoid any confusion, the time variables representing only

the smart network are used in Fig. 3.1 and are represented with an additional letter

s.
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Let NC be the total number of CLs that are online at a particular instance of

time. The time in which all of the CLs remain online to the time an event occurs

is denoted by T1,U and represented by phase 1. In this work, T1,U is considered the

same for all CLs. The event occurs at the end of T1,U and sustains for a certain time.

The time of event progress depends on the nature and intensity of the event and is

denoted by phase 2 of the resilience assessment curve. Some CLs get disconnected

due to the severity of the event. N̄C be the number of CLs that remain online after an

event occurs. Phase 3 denotes the time for damage assessment. Smart networks have

smart devices and damage assessment tools that can decrease the damage assessment

time significantly. The CLs get disconnected when an event occurs until the point

when repair or restoration starts. This is the downtime for CL and is denoted by TD.

∆t1 is the period from the initial time to the time when repair/restoration begins.

For the base case, the repair does not start until the recovery state, phase 5, whereas

for the smart network DGs and remote-controlled switches (RCSs) can assist in load

restoration, phase 4. At the point of repair/restoration, some of the CLs become

online again and remain online for a time T2,U . Let N ′
C be the number of CLs that

are online after the load restoration phase. The total up and downtime of CL for the

entire duration is represented by T = T1,U + TD + T2,U .

3.3.2 Resilience-driven Parameters

In this work, we only consider phases 1 through 4 for quantifying the resilience metric.

We will discuss a few parameters that help us define the resilience of a distribution

grid as referred to the critical loads and phases described in Fig. 3.1. A detailed

explanation of these parameters are given in [18] while some of them are modified as
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Figure 3.1 Typical resilience assessment curve based on the number of
weighted CL online. The time variables refer to the smart network [18].

necessary for this work.

Availability

Let i = 1, 2, ..., NC be the CLs connected in a system, T iU = T i1,U + T i2,U be the time

period when a CL i is connected to system (up time), and T iD be the time period

when i is disconnected from the system (down time) due to an extreme event. Hence,
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availability refers to the fraction of time when i is online and is defined as:

Rψ =

∑NC
i=1 T

i
U∑NC

i=1(T
i
U + T iD)

(3.2)

Here, T iU and T iD for each i depends on the type of network. For smart network, some

disconnected CLs are restored in phase 4 which increases the overall availability of

the system. Here, the choice of NC is problem specific and can represent a single

customer as well as a particular feeder [18].

Robustness

Let n0 be the number of CLs that are disconnected from the system at a given time.

Then the outage incidence, θ is defined as:

θ =
n0

NC

(3.3)

If NC − N̄C be the maximum number of CLs disconnected from the system and θmax

is the maximum outage incidence for a given time, then robustness is defined as:

Rβ = 1− θmax = 1− NC − N̄C

NC

=
N̄C

NC

(3.4)

Brittleness

Let D be the percentage of infrastructure damage in the system. For simplicity, we

only consider distribution lines as infrastructures in this work. Brittleness is the level

of disruption that occurred in the system with respect to damage. For instance, if

the damage of a single distribution line affects the entire system then the system is

highly brittle. The brittleness of a system with NC critical loads is defined as:

Rγ = 100× θmax
D

(3.5)
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Resistance

According to [18], a system has higher resistance if it can withstand extreme events

better and can operate the loads for a longer period before getting disconnected. With

this notion, a resistant system should have better physical infrastructures, proper

damage assessment methods, and situational awareness in case of extreme events.

Furthermore, the resistance is also dependent on the nature of the extreme event.

Here, σ is the measure of an extreme event and is obtained as described in [18].

Based on the measure of the event and time before which the repair and restoration

begins, the resistance of a system is given by:

Rξ =
σ
∑NC

i=1 T
i
1,U

θmaxNC∆t1
(3.6)

Resourcefulness

Let NSW be the number of tie-line switches, NS be the number of generating sources,

and NP be the number of simple paths from each of the sources to CLs after an

event has occurred in a network. Then the available resources are useful only if their

existence is meaningful in system restoration. Thus, resourcefulness is defined as:

Rδ =
NP

(NSW +NS)×NC

(3.7)

For the base network, the only available source is the substation so NS = 1 for the

base case. For the smart network, NS increases as the number of DG increases. How-

ever, the resourcefulness decreases if those DGs are not utilized in network restoration

after the event has occurred which is ensured by NC . Thus, resourcefulness can be

useful for planning the placement and number of DGs to enhance system resilience.

103



3.3.3 Risk-based Resilience Measures

A resilient distribution system should not only handle the expected events but also

events with a lower probability of occurrence that might impose a greater impact

on the grid. As discussed in [15], we use CV aR as a risk measure for each of the

parameters. V aR is defined as the specific threshold ζ, such that with a specified

probability of α V aR does not exceed ζ. On the other hand, CV aR is the expected

value of the distribution that exceeds V aR. Both of these metrics depend on the value

of α and are commonly represented as V aRα and CV aRα. If p(I) be the probability

distribution of a random weather event I then the cumulative probability distribution

that the parameter R will not exceed ζ when impacted by I is given by:

Ψ(ζ) =

∫
R(I)≤ζ

p(I)dI (3.8)

Thus, V aRα and CV aRα are then defined by:

V aRα(ζ) = inf{ζ ∈ R : ψ(ζ) ≥ α} (3.9)

CV aRα(ζ) = (1− α)−1

∫
R(I)≥V aRα

R(I) p(I) dI (3.10)

CV aRα represents the value of parameter for the extreme (1 − α)% of impacts. It

is also to be noted that the distribution of parameters below and above the specified

threshold ζ represent the complete distribution of extreme events with a probability

of α and 1− α respectively.

3.4 Multi-criteria Decision Making using Choquet Integral

All of the parameters defined in Section 3.3.2 are important for enhancing the re-

silience of a distribution system. Thus, an efficient decision-making strategy is re-
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Figure 3.2 Simulation-based framework for resilience metric computation

quired to identify the important parameters to focus on. The Choquet Integral is an

effective method for the MCDM problem [19] and is well suited for our framework.

3.4.1 λ-Fuzzy Measures

Let a finite universal set be defined by Γ, which hasN parameters; Γ = {R1,R2, ...,RN}.

If P(Γ) be the power set of Γ, then a fuzzy measure on Γ is defined by,

µ : P(Γ) → [0, 1] (3.11)

if and only if, a) µ(ϕ) = 0, µ(Γ) = 1 and b) A ⊂ B ⊂ Γ ⇒ µ(A) ≤ µ(B). Here,

a) ensures that every parameter contributes something and the contribution is max-

imum when all parameters are included in the set whereas b) shows the monotonic

property of fuzzy measures which means that the interaction of parameters should not

overshadow the contribution of individual parameters. If λ be the interaction degree
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between two disjoint sets P and Q, then for λ > −1, the Sugeno λ-fuzzy measure is

defined as:

µ(P ∪Q) = µ(P ) + µ(Q) + λµ(P )µ(Q) (3.12)

where λ is obtained by solving the first condition of fuzzy measures, i.e., µ(Γ) = 1.

A detail explanation of calculating λ is given in [20].

3.4.2 Behavioral Analysis of Fuzzy Measures

Although λ defines some form of interaction among different parameters, the ini-

tial fuzzy weights do not provide concrete evidence on the importance of using one

criterion over the other. The Shapely index, also known as the importance index,

provides insight into interpreting the fuzzy measures [20]. For any parameter R ∈ Γ,

the Shapely index of R is defined as:

ηR :=
∑

S⊂Γ\R

(N − |S| − 1)!|S|!
N !

[µ(S ∪ {R})− µ(S)] (3.13)

where |.| denotes the cardinality of a set and ηR is the Shapely index of parameter

R. The Shapely index is based on the interpretation that the weight of a parameter

R ∈ Γ should not only be defined by its individual fuzzy measure µ({R}) but by

all µ(S ∪ {R}) such that S ⊂ Γ\R. The term µ(S ∪ {R}) − µ(S) is defined as the

marginal contribution of parameter R in S. In this work, ηR is used as the initial

weight of each R.
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3.4.3 Choquet Integral

If µ denote the fuzzy measure on Γ then the discrete Choquet integral of a function

f : Γ → R+ with respect to µ is defined as [19]:

Cµ(f) :=
n∑
i=1

(f(i)− f(i− 1))µ({R1,R2, ....,Rn}) (3.14)

where f(.) are arranged in ascending order of its magnitude and is the CV aRα of the

parameters calculated using (3.10), µ(R) = ηR is obtained from (3.13), and f(0) = 0.

Choquet integral gives the overall score of alternative decisions in problem involving

multiple parameters for each decision.

3.5 Resilience Metric Evaluation Framework

In this section, we describe the simulation-based framework to quantify the resilience

of power distribution systems. First, each resilience parameter is evaluated using a

probabilistic method, and a corresponding risk-based metric is defined. Next, these

parameters are combined with Choquet integral that evaluates a single value based on

multiple different parameters and their associated importance in the decision-making

process. Fig. 3.2 shows the overall framework to quantify the system resilience using

a stochastic simulation-based approach and is described in detail below. It is to

be noted that the smart network contains DG-based restoration and RCS that can

improve the damage assessment and restoration phase to enhance the overall resilience

of the system.
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3.5.1 Evaluating Resilience-driven Parameters

The extreme wind event and its impact is characterized using its probability dis-

tribution and line fragility model as described in Section 6.2. Since the process of

identifying an event and its impact is purely stochastic, Monte-Carlo simulations are

conducted to evaluate the probabilistic impacts of the event on the power distribution

grid. The approach is generic as each event is simulated for several trials. The fragility

models provide the failure probability of any distribution lines. With the increase in

wind intensity, the failure probability increases accordingly. Monte-Carlo simulations

help us identify the number of lines being failed in each trial, and resilience-driven

parameters are evaluated using (3.2) – (3.7). For smart network, the optimization

framework using DGs are modeled and simulated as described in [8]. In the opti-

mization model, all the CLs are equally important and a weight factor of 10 is used

for CLs and 1 for non-CLs. At the end of each simulation, the average of evaluated

parameters for all trials is then mapped with the respective intensity of the events to

form a distribution of each parameter corresponding to its intensity.

3.5.2 Risk-driven Resilience Quantification

The probability distribution of each of the parameters corresponds to the distribu-

tion of the intensity of the event. Thus, CV aRα of each of the parameters can be

calculated using (3.10). It is to be noted that the value of α is consistent for each of

the parameters. To combine CV aRα in the decision-making process, the priorities of

each of the parameters are obtained from the system operators and Shapely values

of those priorities are evaluated using (3.13). Finally, based on the CV aRα of each

of the parameters and their Shapely values, Choquet Integral gives an overall score
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using (3.14). To identify the interaction of each of the parameters, λ is also con-

sidered in the overall calculation process. The overall score obtained from Choquet

Integral is the resilience metric for the distribution system. The described process is

holistic as it considers all of the resilience-driven parameters (both attribute-based

and performance-based) with their priorities in a system along with the associated

risk.

3.6 Results and Analysis

The proposed method of resilience metric quantification using CV aRα of multiple pa-

rameters and Choquet Integral is demonstrated on IEEE 123-bus test system, Fig. 4.7.

The simulation is carried out for extreme wind-related events. It was experimentally

verified that 1000 trials are enough to achieve convergence of MCS for any wind speed

scenarios.

3.6.1 Calculating CVaR of Parameters

The five parameters defined in Section 3.3 are calculated based on Fig. 3.1 and using

the simulation method described in Section 3.5. Fig. 3.4 shows the PDF of Rψ

obtained for each wind speed along with V aRα and CV aRα values. For all of the

cases, the value of α is set to be 0.95. The V aRα and the CV aRα are calculated

using (3.9) and (3.10). The risk metrics for other parameters are calculated in a

similar fashion and are shown in Table 3.1. Each of the parameters are normalized

using min-max normalization technique for generality.
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Figure 3.3 Modified IEEE-123 test case with DGs, tie switches, and CLs.

Table 3.1 CV aRα of normalized resilience-based parameters for base and
smart network

Cases Rψ Rβ Rγ Rξ Rδ

Base 0.01115 0.00012 0.01656 0.0037 0.00005

Smart 0.01932 0.00012 0.01656 0.0039 0.00314

3.6.2 Quantifying Resilience using Choquet Integral

To compute the resilience metric based on the multiple parameters and their re-

spective importance, five different cases are developed. For each of the cases, µ(.) is
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Figure 3.4 PDF of availability for base and smart network.

assigned for each parameter as shown in Table 3.2. These are the initial fuzzy weights

given by the experts or system operators that indicate the priority of one parameter

over others.

Table 3.3 shows the Shapely value of each of the parameter calculated using (3.13)

from their initial fuzzy weights. These values also indicate the marginal contribution

of each of the parameters in the respective cases. For instance, in Case I the impor-

tance of Rψ and Rδ are greater than the importance of other parameters. Hence,

these two parameters contribute more towards resilience quantification than the oth-

ers. For different cases, the marginal contribution of each of the parameters differ
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Table 3.2 Initial fuzzy weights of parameters for resilience metric calculation

Cases µ(Rψ) µ(Rβ) µ(Rγ) µ(Rξ) µ(Rδ)

I 0.9 0.25 0.15 0.6 0.85

II 0.6 0.5 0.45 0.5 0.6

III 0.3 0.8 0.85 0.6 0.2

IV 0.9 0.6 0.6 0.6 0.2

V 0.2 0.6 0.6 0.6 0.9

Table 3.3 Shapely values of each parameters
based of their initial weights.

Cases ηRψ
ηRβ

ηRγ ηRξ
ηRδ

I 0.35235 0.07617 0.04451 0.20400 0.32294

II 0.23225 0.18573 0.16404 0.18573 0.23225

III 0.09441 0.30385 0.33202 0.20849 0.06121

IV 0.34422 0.19903 0.19903 0.19903 0.05869

V 0.05869 0.19903 0.19903 0.19903 0.34422

according to the priority set by the system operator or expert.

The Choquet Integral values for the base and the smart network and each of the

cases are shown in Table 3.4. It can be seen that the resilience of the smart network

is always greater than that of the base network regardless of individual test cases

due to the presence of DGs. However, the resilience for individual networks varies

with the Shapely values of each of the parameters. For instance, if we look at the

smart network, Case IV is more resilient than any of the other cases as higher priority

is given to load availability and infrastructural investments (i.e., Rβ, Rγ, and Rξ).
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Table 3.4 Choquet Integral values based on
Shapely values of each parameters

Network Case I Case II Case III Case IV Case V

Base 5.45 6.03 7.36 7.89 4.72

Smart 9.36 8.68 8.36 10.93 6.31

However, this is not true for the base network as loads are not picked up during the

restoration phase in the base network making its availability lower than the smart

network. It is also interesting to notice that, the resilience for Case I and Case IV does

not have a huge difference although for Case I, the priority towards infrastructural

investment is less. Hence, the operators can have the flexibility to focus more on less

expensive decisions and still enhance the system’s resilience.

3.7 Summary

In this chapter, we proposed a risk-based resilience metric which incorporates mul-

tiple parameters of the distribution grid that can alter the resilience of the grid. A

stochastic simulation-based approach is presented to quantify the resilience of the

distribution grid. Since resilient systems should be able to withstand extreme events

that have a minimum probability of occurrence, the CV aRα of the grid parameters

for extreme event cases are used to calculate the resilience metric. The simulation

results showed that prioritizing one parameter over the others can either enhance or

degrade the system’s resilience depending upon how the investment decisions are pri-

oritized. Additionally, it was concluded that the framework provides added flexibility

to choose economically feasible investments without compromising the resilience of

the system.
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CHAPTER 4

RISK-BASED ACTIVE DISTRIBUTION SYSTEMS PLANNING FOR

RESILIENCE AGAINST EXTREME WEATHER EVENTS

4.1 Introduction

This chapter introduces a risk-based active distribution system planning for resilience

against extreme weather events. A two-stage risk-averse framework is proposed, and

conditional value-at-risk (CVaR) is used as a risk metric. The framework minimizes

the weighted sum of the expected load shed and CVaR of the load shed where the

investment decisions are DG siting and sizing. The DGs have grid-forming capabilities

and can operate in islanded mode.

4.1.1 Motivation

Extreme weather events result in an extended disruption of the electric power supply

and severely affect personal safety and national security, thus posing serious concerns

for the nation’s electric power grid infrastructures. Towards this goal, different utili-

ties have spent millions of dollars deploying smart grid technologies such as distribu-

tion automation with automated feeder switching, intentional islanding (microgrid),

and upgrading vulnerable feeders and substations [1]. With the increasing frequency

and severity of weather-related events, a more systematic approach to smart grid ex-

penditures is required to identify appropriate system upgrade solutions for strength-

ening system resilience. Upgrading the distribution system infrastructure by system

hardening and investing in smart grid technologies effectively enhances grid resilience.

Existing distribution system planning methods primarily consider the persistent cost
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of the expected events (such as faults and outages likely to occur) and aim at im-

proving system reliability. The resilience to extreme weather events requires reducing

the impacts of the high impact low probability (HILP) events characterized by the

tail probability of the event impact distribution. Thus, resilience-oriented system

upgrade solutions must be driven by the risks imposed by extreme weather events on

the power grid infrastructure rather than persistent costs.

4.1.2 Related Literature and Gaps

Strategies for enhancing the resilience of power distribution systems can be classi-

fied into short-term (operational) planning and long-term (infrastructure) planning

phases. The operational planning aims at making the best use of the existing distri-

bution grid resources (e.g., switches, DGs) to minimize the impacts of an anticipated

event in the near term [2]. On the contrary, the infrastructure planning phase tar-

gets to optimally upgrade the power systems infrastructure by strategically deploying

new resources (e.g., DGs, switches, distribution lines) to improve the system response

against possible HILP events [3].

The existing literature on power distribution resilience includes numerous articles

on operational planning to mitigate or reduce the impact of an imminent threat such

as an upcoming storm [4]. Such solutions build resilience via operational response

rather than infrastructural upgrades. In operational planning, decisions are to be

made for an upcoming event that is known with a high level of certainty, and thus, a

limited number of scenarios are required for decision-making. On the contrary, long-

term planning requires a probabilistic analysis over a wider range of scenarios with

a higher level of uncertainty for decisions related to system hardening, infrastructure
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upgrades, resource allocation, and sizing [5]. These decisions must also connect to

the operational problem if and when the events are realized in practice. Thus, the

problem is further complicated by additional stages of operational decision-making,

leading to an explosion of state space that needs to be considered for decision-making.

In general, hardening the distribution grid and investing in smart grid technologies

are effective resilience-oriented designs that need to be adopted in the utilities’ port-

folio for long-term infrastructure planning to improve the grid’s response to extreme

weather events. However, infrastructure planning for resilience is challenging mainly

as it requires a) to include several different uncertainties (e.g., fault location, load

profiles, nature and severity of extreme events, and so forth) in the decision-making

process, b) ensure the validity of the planning decisions for the entire profile of weather

events, and c) mitigate the critical challenge of achieving a balance between compu-

tational cost and accuracy. Thus, long-term infrastructure planning for resilience is

conceptually a different problem than the prevalent methods for operational planning

solutions [6]. This calls for new methods and contributions to systematically build

resilience in active power distribution grid infrastructures against the HILP events [7].

The related literature on resilience-oriented design and pre-disaster resource al-

location usually employ a stochastic programming model to minimize the expected

cost of the future operational scenarios [8, 9]. For example, in [8], a heuristic search

is employed to identify the optimal restoration path and obtain a resource allocation

plan. These solutions, however, consider short-term operational requirements for a

known HILP event and are not suitable for infrastructure planning. The related work

on resilience-oriented distribution system long-term planning also employs stochastic

optimization formulations, including a tri-level robust optimization model [10, 12],
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and a two-stage stochastic optimization model [11, 13, 15]. The tri-level optimization

model formulates the resulting problem in a defender-attacker-defender model that is

then converted into an equivalent bi-level model and solved using iterative approaches

such as CCG or greedy search algorithms [10]. The tri-level approach optimizes for

the worst possible outcomes and hence is not suitable for a probabilistic analysis for

infrastructure planning that needs to be cost-effective and optimal for a large range

of future scenarios. Alternatively, the two-stage stochastic programming method con-

siders the overall impact of stochastic fault scenarios in planning decisions rather than

just the worst-case scenarios [11, 16]. The existing two-stage stochastic optimization

formulations used in resilience-oriented distribution grid design either assume that all

scenarios are observed with equal probability or perform the planning based on only

a targeted set of scenarios [17, 18, 19]. While such methods are generally applica-

ble, other approaches such as importance sampling and stratified sampling techniques

can be more effective in representing HILP events and their impact probabilities in

the optimization process [20, 21]. These techniques are widely adopted in power

systems reliability studies [22, 23]. Another approach includes network interdiction

models that plan for the worst-case scenarios [5]. However, given the emphasis on the

worst-case scenario, these methods may lead to extremely conservative and expensive

planning solutions as the worst-case scenario usually occurs with a very small proba-

bility. Additionally, related literature obtains planning solutions for persistent costs;

they do not explicitly include the risks of extreme events. For a resilience-oriented

long-term planning problem, the goal is to determine optimal investments to reduce

the consequences (here, customer outages) of the HILP events. Mathematically, this

amounts to minimizing the mean of consequences and, more importantly, reducing
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the tail of the consequence of the HILP events [1]. Table 4.1 summarizes the existing

work in this domain and highlights the problem formulation and solution approaches.

4.1.3 Contribution

To appropriately incorporate the effects of HILP events, the infrastructure planning

for resilience needs to be driven by risk rather than pertinent or expected cost [24].

This chapter proposes a risk-based approach for infrastructure planning in active

power distribution systems for resilience against extreme weather events. We employ

conditional value-at-risk, CVaRα, to quantify the risks of system outages imposed

by the HILP events [25, 26]. Related works include using CVaR-metric for robust

power grid operations [27, 28, 29]. Here, we employ CVaR-metric for long-term

distribution planning, where the goal is to reduce the risks of outages on power distri-

bution systems due to HILP events. A two-stage stochastic optimization framework

is proposed to optimize smart grid investments, specifically DG siting and sizing, to

enable advanced systems such as DG-assisted restoration and intentional islanding.

The proposed model also helps evaluate the trade-off between risk-averse and risk-

neutral planning decisions. Note that although in [30], CVaR optimization is used for

resilience enhancement, their focus is on reducing the variance of the optimization so-

lution and not on reducing the outage risks of HILP events. The major contributions

of this chapter are as follows :

• Risk-averse Two-stage Stochastic Programming for distribution grid resilience: Ex-

isting literature on resilience-driven planning includes risk-neutral formulations as-

suming equal probability events. We introduce a risk-based planning approach that

appropriately samples the event probabilities and their impacts on the power grid
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components and system. The two-stage stochastic programming problem is formu-

lated as a MILP problem where Stage-1 decisions are the infrastructure planning

decisions optimized to reduce the risks of outages due to HILP events, assuming

optional operational phase decisions. The Stage 2 problem models the operational

phase and solves the optimal system response (restoration strategy) for the specified

resource allocation (from Stage 1) and a given event realization.

• Probabilistic scenario generation and smart scenario reduction strategy: We propose

a scenario generation approach using Monte-Carlo simulations that appropriately

models a given regional wind profile and its impacts on the distribution system.

Next, for scenario reduction, we propose a smart scenario selection strategy based

on the average loss of load representing several Monte-Carlo trials. We also exten-

sively validate the robustness of the proposed scenario generation and reduction

approach using multiple out-of-sample scenario sets for different simulation case

studies.

• Trade-off analysis on risk minimization vs. expected loss minimization: Different

case studies are presented to identify the trade-off of adopting risk-neutral vs.

risk-averse policies in the planning decisions. The analysis can provide insights

into adopting risk-driven solutions when the utmost priority is to maintain an

uninterruptible power supply to critical customers during extreme weather events.

The results suggest that risk-averse planning tends to incur higher costs to meet the

resilience objectives during HILP events; however, they are more likely to restore

the critical loads during the HILP events. On the other hand, while more cost-

efficient, risk-neutral planning decisions end up restoring fewer critical loads during

HILP events.
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4.2 Mathematical Background

4.2.1 Long-Term Planning Model Representation

A power distribution network can be graphically represented as G(V,E), where the

vertices V represent the buses or nodes while the distribution lines are represented

by the edges E. Fig. 4.1 shows a general representation of the two-stage planning

framework. The overall objective of the two-stage framework is to identify the first-

stage optimal planning decisions that minimize the expected operational cost in the

second stage. In this work, DG siting and sizing are the planning decisions, whereas

the second stage objective is to minimize the prioritized load loss once a scenario

is realized. DGs with grid-forming inverters are assumed in this work. Such grid-

forming DGs can be used for intentional islanding when some area of the distribution

grid gets disconnected from the system due to an extreme event.
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It is important to understand that the two stages are not decoupled but rather

solved as a single optimization problem. The second stage problem minimizes the

operational cost for each scenario and hence its objective function. Note that the two-

stage objective function is a random variable. Thus, determining the optimal planning

decision is the problem of comparing random cost variables as a function of the

planning cost and the operational cost. Furthermore, it is assumed that the uncertain

scenario realizations in the second stage have some form of a probability distribution.

Here, we use regional wind profiles to demonstrate uncertain fault scenarios. The

overall framework should provide planning decisions that remain optimal for every

realization of scenarios in the second stage. In Fig. 4.1 it can be seen that once faults

occur in the system, the tie switches, and sectionalizing switches are toggled to isolate

the faulted sections i.e., Island 3 and Island 4. Furthermore, DGs form two islands

i.e., Island 1 and Island 2, and continuously supply the loads inside the island. The

connection of DGs is represented by a virtual switch as discussed in [31].

The two-stage problem is formulated as a risk-averse stochastic optimization prob-

lem in which the first stage problem minimizes the cost of planning and the weighted

combination of the expected value and the CV aR of the second stage problem. The

second stage problem is the operational stage that minimizes the total prioritized loss

of load for every scenario realization.

4.2.2 Two-stage Stochastic Optimization

A general two-stage stochastic integer programming model can be formulated as [32]:

f(x) := min
x
cTx+ EP [Q(x, E)] (4.1)

125



subject to,

Ax = b, x ∈ R+
m1 × Z+

n1

where

Q(x, E) := min
y
qTy (4.2)

subject to,

Wy = h− Tx y ∈ R+
m2 × Z+

n2

where x is the first stage decision variable and y is the second stage decision variable, E

refers to the set of uncertain data (or scenarios) with a known probability distribution

P , and (q, h, T,W ) are scenario-dependent variables which vary for each ξ ∈ E . The

objective in a general two-stage stochastic optimization is to solve (4.1) which seeks

a first-stage decision x that minimizes the first stage cost and the expected cost of

the second stage, Q(x, E). The second stage decisions are also known as the recourse

decisions and are scenario-dependent. The algorithms and model formulation in two-

stage stochastic optimization depends on the stage variable types.

4.2.3 Optimization of Conditional Value-at-Risk

The general stochastic optimization model considers only the expected cost of the

second stage as shown in (4.1) and does not directly incorporate the tail of the prob-

ability distribution. Unlike routine outages caused by known and credible threats,

adequately anticipating and predicting system performance during HILP events is

inherently difficult as they are rare [33]. While resilience metrics similar to reliabil-

ity measures such as expected energy not served (EENS), loss of load expectation

(LOLE), and service availability [34, 35, 36] have been investigated, these measures

mostly provide a reliability-oriented view and do not explicitly quantify expected
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system performance under unseen HILP events. Thus, it is desired to include tail

probability events when planning for resilience to reduce the impacts of HILP events

on system outages. There are several metrics used to quantify the tail probabilities

or risks; VaR and CVaR are commonly used risk metrics in the domain of financial

risk management. Fig. 4.2 shows a discrete distribution of a loss function L(X) along

with its VaR and CVaR. VaR is the α-quantile of the distribution function whereas

CVaR is the expected value of the remaining 1− α region that represents the HILP

events. Interestingly, CVaR can be formulated as an optimization problem if the ran-

dom variable under consideration is discrete [37]. The CVaR optimization problem is

shown in (3).

CV aRα(X) = min

{
η +

1

1− α
E([(X − η)]+ : η ∈ R

}
(4.3)

where, X is a random variable with N discrete scenarios x1, x2, ..., xn each having

a probability of p1, p2, ..., pn respectively, α ∈ [0, 1) is the confidence level which

gives the VaR of X (V aRα), and η be the V aRα of X. Here, η is independent of

probability and is the same for each realization ofX. Here, [(X−η)]+ = max{X−η, 0}

which represents the point-wise maximum of convex functions and hence, (4.3) can

be reformulated using its epigraph form as:

CV aRα(X) = min

{
η +

1

1− α

∑
ξ∈E

pξνξ

}
(4.4)

subject to,

νξ ≥ xξ − η η ∈ R, ν ∈ Rn
+

(4.5)

where, pξ is the discrete probability of each scenario ξ, and νξ is an excess variable

which ensures that CV aRα is calculated only for realizations beyond V aRα for each
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scenario ξ. Here, (4.4) is linear and can be solved using existing linear programming

techniques.

128



4.2.4 Risk-based Stochastic Optimization

As discussed earlier, the general two-stage stochastic optimization framework neglects

the tail events of the probability distribution that tend to have higher risks in terms of

loss in the system. CV aRα is the coherent risk metric that can quantify the associated

risks given the probability distribution of the losses associated with an event. In (4.4),

CV aRα is formulated as an optimization problem and hence can be introduced in a

general two-stage stochastic optimization framework given in (6)-(7) [38].

min
x
cTx+ (1− λ)E[Q(x, E)] + λCV aRα(Q(x, E)) (4.6)

where
E(Q(x, E)) =

∑
ξ∈E

pξQ(x, ξ)

CV aR(Q(x, E)) = η +
1

1− α

∑
ξ∈E

pξνξ
(4.7)

where λ ∈ [0, 1] is the risk multiplier or factor that defines the trade-off between E[·]

and CV aRα(·). By selecting different values of λ, the first stage decisions are termed

as either risk-averse (λ = 1), risk-seeking/mean-risk (λ = 0.5), or risk-neutral (λ = 0).

The formulation in (4.6) not only minimizes the expected loss but also the CV aRα

of those loss distributions depending on the value of λ. Hence, with this formulation,

one can identify how planning decisions vary with the risk avoidance potential.

4.3 Risk-based Resilience-oriented Distribution System Planning

The overall architecture of the proposed method is shown in Fig. 4.3. Only wind-

related events are used in this work and the probability distribution of extreme wind

events is considered to generate the scenarios. Monte Carlo simulations (MCS) are
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conducted to identify the impact of probabilistic events, and an appropriate scenario

reduction method is implemented to identify representative scenarios. Finally, the

long-term planning problem is solved in a two-stage stochastic optimization setting

based on a selected number of scenarios. This section details the overall optimization

process along with detailed problem formulations.

4.3.1 Probabilistic scenario generation and reduction

An event is characterized by its intensity and probability of occurrence. Fig. 4.4 shows

the event probability distribution for a windfall in three different regions observing

extreme, high, and normal wind profiles. The extreme regional wind profile is used to

model extreme events in this work. For simplicity, only distribution lines are assumed

to be affected by wind in this work. Although wind-related events have spatiotemporal

dynamics [39], we assume that for a distribution system, that covers a small region,

the wind speed for the entire region is the same. MCS is performed for each wind

speed case so as to also include the extreme tail probability events.This process is

represented by block 2 in Fig. 4.3. For each wind speed scenario u, the component level

failure probability pf (u) determines the operational state of a particular component

in the distribution grid. Component level fragility curves [40] or prototype curve fit

models [41] can be used to model the impacts of extreme events such as hurricanes

or other high-speed wind events on power systems. In this work, we have used the

component fragility curve that maps the probability of failure of distribution system

components conditioned on the intensity of the hazard (e.g., a wind speed). An

example of the fragility curve is shown in Figs. 4.5a and 4.5b. The fragility curve

values are randomly selected for simulation purposes; however, if available, empirical
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Figure 4.4 Regional wind profile.

data can be used to adjust the parameters [42].

pf (u) =


P n
f , if u < ucritical

Pf (u), if ucritical < u < ucollapse

1, if u > ucollapse

where, Pf (u) is the failure probability of a component as a function of wind speed, u;

P n
f is the failure rate at normal weather conditions; ucritical is the wind speed at which

the failure probability rapidly increases. The equipment has a negligible probability

of survival at ucollapse. In the problem formulation, the failures due to an extreme

event are modeled as open or faulted line/switch variables as discussed later in this

section. The location of these faults is determined based on the fragility curve for

wind speed greater than ucritical.

Several MCS are conducted to obtain the system loss associated with the fail-
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Figure 4.5 a) Component and b) system-level fragility model for an extreme
event

ure probability of a component in the distribution grid. In this work, the amount

of active prioritized load (kW ) disconnected from the system following an event is

considered the system loss for a particular wind speed scenario. The critical loads

(CL) should always be prioritized in any restoration methods. Hence, higher weights

are assigned to the CLs that reflect a higher value of prioritized load loss if any CLs

are disconnected and not restored. The average prioritized load loss is then mapped

onto the regional wind profile PDF to get a probabilistic representation of the loss in

the system when subjected to a given weather event.

MCS provides an extremely large number of scenarios. One major challenge in

any stochastic optimization setting is handling many scenarios within the optimiza-

tion framework. Furthermore, the solution should be optimal for all scenarios that

make the stochastic problem computationally intractable. Existing works use spe-

cial sampling techniques such as stratified sampling [43] or importance sampling [44]

to include the tail probability scenarios in the optimization model appropriately.
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Distance-based scenario reduction methods have also been used where a probabilistic

distance measure is minimized to obtain a reduced scenario distribution that closely

represents the overall scenario distribution [45]. We introduce a new approach to

scenario reduction inspired by stratified sampling and distance reduction methods.

The proposed approach uses stratification to sample representative scenarios for each

wind speed and generates a reduced scenario distribution that closely matches the

original scenario distribution.

In this work, the overall number of scenarios is reduced by selecting a representa-

tive scenario for each wind speed based on the average Monte-Carlo loss. This process

is represented by block 3 in Fig. 3. Let Nu be the total discrete wind speeds under

consideration, Nξ,u be the number of scenarios obtained from MCS for each wind

speed u, and Luavg = E(Lξ,u) be the average prioritized load loss in kW corresponding

to Nξ,u scenarios. Let Ξ = Nξ,u ×Nu be the total number of scenarios for the entire

MCS. Note that we cannot randomly select a subset of these scenarios as it signif-

icantly degrades the accuracy of the optimization solutions. Here, we use a unique

sampling technique to drastically reduce the number of scenarios while maintaining

the representation of the overall scenarios described next. If ξu is a representative

scenario for all Nξ,u scenarios corresponding to u, then ξu is selected such that the pri-

oritized load loss in the system due to ξu (Luξu) is the one nearest to Luavg. In the case of

multiple scenarios with losses nearing Luavg, one of the scenarios is randomly selected

as ξu from the identical scenario representations. The proposed scenario reduction

technique reduces the total number of scenarios to Nu from Ξ such that pξ corresponds

to the wind speed profile. Fig. 4.6 shows a set of Nu = 49 representative scenarios ob-

tained from the overall Monte-Carlo scenarios based on the abovementioned methods.
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Figure 4.6 A set of 49 representative scenarios with respective probabilities.

This smart scenario selection strategy ensures the practical realization of the second

stage problem while incorporating HILP events within the scenarios. This work does

not apply the restoration schemes in the scenario generation and reduction phase.

Hence, the obtained scenarios are base case scenarios that only give information on

the amount of prioritized load loss in the network based on each of wind scenario.

4.3.2 Two-Stage Stochastic Optimization Problem Formulation

We detail the two-stage stochastic optimization problem for resilient distribution

system planning.
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Objective Function

In this paper, the resilience-driven distribution system planning problem is formulated

as a two-stage stochastic optimization problem where the overall objective function

can be defined as:

min(1− λ)E(Q(δ, E)) + λCV aRα(Q(δ, E)) (4.8)

where,

E(Q(δ, E)) :=

∑
ξ∈E

∑
i∈BS

∑
ϕ∈{a,b,c}

(1− sξi ) wi P
ϕ,ξ
Li


CV aRα(Q(δ, E)) :=

(
η +

1

1− α

∑
ξ∈E

pξνξ

)
The problem objective in the first stage is to minimize the weighted sum of ex-

pected value and CV aRα of the second stage cost, represented by Q(δ, E). To analyze

the trade-offs, this formulation has not used minimization of planning cost. Instead,

we use a budget constraint and observe the associated trade-offs for risk-averse and

risk-neutral decisions when system planners have a limited investment budget. The

objective of the second stage of the problem, Q(δ, E), is to minimize the prioritized

load loss or maximize the restoration of prioritized loads for each ξ ∈ E . The second

stage costs correspond to the optimal restoration decisions once a scenario has been

realized. Hence, each variable corresponding to the second stage of the problem is

scenario-dependent. Here, DG location (δDGi ) and size of the DG (βDGi ) are the first

stage decision variables. P ϕ,ξ
Li represents the active power demand at node i for phase

ϕ and scenario ξ and sξi ∈ 0, 1 is the load pick-up status variable that determines

whether the load at node i is picked up or not. The CLs are prioritized by a weight
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variable wi. Since the CLs are critical for any scenario, wi remains the same for

all scenarios. Furthermore, the scenarios have a specific probability, pξ, associated

with them, which comes from the scenario reduction method discussed before. The

parameters for CV aRα(Q(δ, E)) are defined similarly as discussed in Section. 4.2.

First Stage Constraints

The first stage constraints correspond to the planning decisions made in the first

stage. In this work, the per unit cost for DG installation and sizing is assumed to

be the same for each location; these assumptions can be easily relaxed. Constraint

(4.9a) ensures that the total cost of DGs should be between $[0, CDGmax] regardless of

the cost of installation in an individual location. This gives the freedom of utilizing

the overall budget for a single big-sized DG or distributing the budget to multiple

smaller-sized DGs. Constraint (4.9a) contains a non-linear term δDGi × βDGi which is

linearized using big-M method as discussed in [46]. Constraint (4.9b) restricts the DG

location variable to binary. The DG location variable δDGi is 1 if a DG is located in

node i, else 0. Furthermore, constraint (4.9c) ensures that V aRα for the distribution

of load loss in the second stage is a real number. Furthermore, V aRα is independent

of scenarios and is obtained with the solution of the first stage.

∑
i∈BDG

cDGi δDGi βDGi ≤ CDGmax (4.9a)

δDGi ∈ {0, 1} (4.9b)

η ∈ R (4.9c)
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Second Stage Constraints

The second stage of the stochastic optimization problem is the operational stage in

which DG-assisted restoration is performed for each ξ. The inner-loop operational

stage consists of several constraints corresponding to the restoration problem [31].

Since the second-stage variables change with respect to each scenario, each of these

variables has ξ to differentiate them from the first-stage variables.

Connectivity constraints:

• Constraint (4.10a) ensures that a load is picked up if and only if it is connected to

an energized bus, vi. Similarly, based on the constraint (4.10b) loads connected to

non-switchable buses will also be picked up if the corresponding bus is energized.

• The line energization status can be observed through the constraints set (4.11).

According to constraint (5.12), a switchable line without fault is energized if any of

the buses connecting the line is energized. On the other hand, (5.14c) ensures that

a non-switchable line connected to any energized bus is also energized. Finally,

constraint (4.11c) ensures that a line experiencing a fault is disconnected from the

grid.

sξi ≤ vξi , ∀i ∈ BS (4.10a)

sξi = vξi , ∀i ∈ B\BS (4.10b)

δξe ≤ vξi , δ
ξ
e ≤ vξj , ∀e ∈ LS\LξF (4.11a)

δξe = vξi = vξj , ∀e ∈ L\(LS ∪ LξF ) (4.11b)

δξe = 0, ∀e ∈ LξF (4.11c)
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Power Flow Constraints: In this work, a three-phase unbalanced linearized power

flow model is used in the optimization framework [47]. Since we are solving a long-

term planning model with CL restoration in the second stage, the linearized model

is sufficiently accurate and applicable for our problem [31]. Furthermore, the power

flow will only be valid for the energized section of the system. Hence, the power

flow equations are coupled with line and bus energization variables to appropriately

represent them in the second stage problem.

• Constraints (4.12a) - (4.12d) represent the three-phase unbalanced linearized power

flow equations. The equations are coupled with the line decision variable δe and

load-pick variable si. Constraints (4.12a) and (4.12b) represent the active and

reactive power flow for each of the energized lines. Constraint (4.12c) is the voltage

equation for non-switchable lines whereas (4.12d) represents the voltage equation

for a set of lines that are switchable. Constraint (4.12d) is coupled with δe to

ensure that the voltage drop applies only if the switch is closed. The non-linear

terms associated with the power flow equations are linearized using the big-M

method [46].

∑
e:(i,j)∈L

P ξ
e = sξj P ξ

Lj +
∑

e:(j,i)∈L

P ξ
e (4.12a)

∑
e:(i,j)∈L

Qξ
e = sj Qξ

Lj +
∑

e:(j,i)∈L

Qξ
e (4.12b)

U ξ
i −U ξ

j = 2
(
r̃eP ξ

e + x̃eQξ
e), ∀e ∈ Lξ\LξS (4.12c)

δξe (U ξ
i −U ξ

j) = 2
(
r̃eP ξ

e + x̃eQξ
e), ∀e ∈ LξS. (4.12d)

where

r̃e = Real{ααH} ⊗ re + Im{ααH} ⊗ xe,
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x̃e = Real{ααH} ⊗ xe + Im{ααH} ⊗ re,

α = [1 e−j2π/3 ej2π/3]T

Operational Constraints: The operational constraints of the second stage problem

are related to the distribution system topology and voltage limits. The distribution

system operates in a radial fashion. Hence, the topology of the distribution grid

should be radial at all times. Furthermore, the nodal voltages should be within the

specified limits at all times.

• A radial configuration in any distribution system consists of several sectionalizing

and tie-line switches. In this work, virtual edges are assumed to supply the power

from DGs in case of an islanded mode of operation. In any faulted network, a

radial configuration is maintained by toggling any of the switches to avoid the

formation of loops or cycles. Constraint (5.16) ensures that at least one of the

switches is open in a cycle. In this work, a brute-force approach is applied to count

and store the number of cycles in the distribution system and Constraint (5.16) is

enforced on each of the cycles so that the system operates in a radial fashion. The

process of counting and storing cycles is completely offline and does not affect the

computational complexity of the stochastic optimization procedure.

• The voltage limit on each of the buses should be within the ANSI C84.1 standard

is ensured by (4.13b). In this work, Umin and Umax are set as (0.95)2 and (1.05)2

respectively for each of the phases. Since the limits make sense only for the buses

that are energized, the limits are coupled with vξi .

• For the purpose of reconfiguration, it is required that the power flow through an
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open switch is zero. If δξe = 0 for any e : i → j then constraint (5.19) ensures that

the power flow through that line is zero. If not, box constraints on the power flow

are enforced where Mp = −Mp and M q = −M q.∑
e∈Lc

δξe ≤ |Lc| − 1, ∀e ∈ Lc (4.13a)

vξiU
min ≤ U ξ

i ≤ vξiU
max, ∀i ∈ B (4.13b)

δξe
[
Mp M q

]
≤
[
Pξ
e Qξ

e

]
≤ δξe

[
Mp M q

]
, ∀e ∈ LξS (4.14)

DG Constraints:

• Virtual switches represent the connection of DGs in islanded mode. The virtual

edge should only be connected if a DG is located at the specific node which is

ensured by (4.15a).

• The two stages in any stochastic optimization framework are bound by the non-

anticipativity constraints [32]. This means that the location and size of the DGs

should be the same for every scenario realized in the second stage of the problem.

This non-anticipativity nature of the first stage decision variables is presented in

(4.15b).

• The in-flow power of each of the DGs should be less than or equal to the size of

the DG. Since the DGs are connected using virtual edges, δξe is coupled with this

constraint as given in (5.20).

δξe ≤ δDGi , ∀e ∈ LvS, ∀i ∈ BDG (4.15a)

δDGi = δDG,ξi , δDGi βDGi = δDG,ξi βDG,ξi

∀i ∈ BDG,∀ξ ∈ E
(4.15b)

140



∑
ϕ∈{a,b,c}

P ϕ,ξ
e ≤ δξeδ

DG
i βDGi , ∀e ∈ LvS,∀i ∈ BDG (4.15c)

CV aRα Constraints: The V aRα is obtained as a solution in the first stage and

is represented by η. V aRα and CV aRα correspond to the distribution of optimal

solutions obtained in the second stage of the problem. CV aRα represents 1 − α

part of distribution beyond V aRα. Hence, as discussed in (4.4) an excess variable is

obtained for each scenario νξ such that it corresponds 1− α part of the distribution

beyond V aRα. Furthermore, this excess variable must be a positive real number.

These constraints are represented by (6.20).

νξ ≥ xξ − η, ν ∈ Rn
+ (4.16)

4.4 Results and Analysis

The effectiveness of the proposed risk-based long-term planning model is verified on

a modified IEEE 123-bus case, see Fig. 4.7. Several case studies with multiple DG

locations, variable numbers of DGs, and varying risk preferences are presented with

detailed analyses of the results. The two-stage problem without DG-based restora-

tion is referred to as the base case which is then compared with other case studies.

Furthermore, to analyze the planning decisions better, we create a new test case upon

hardening 15 randomly selected lines, as shown in Fig. 4.7. The fragility curves of

hardened lines are adjusted so that their outage probability for any extreme event

is less than the case when they are not hardened. For CLs, wi = 10 whereas, for

non-critical loads, wi = 1. Thus the second stage cost reflects the total amount of

prioritized loss of load (in kW). The total non-prioritized demand of the system is
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Figure 4.7 Modified IEEE 123-bus test case

PD = 4485 kW and the prioritized demand is
∑

i∈V wiPLi = 20775 kW . In this paper,

we use prioritized demand to analyze the results for different cases.

The two-stage stochastic integer programming model is formulated using PySP

package in Pyomo [48]. Scenario generation and reduction using the Monte-Carlo

method are implemented in MATLAB2020a. The entire simulations are carried out

on a PC with a 3.4 GHz Intel i7-6700 CPU and 16 GB RAM. The proposed two-

stage stochastic problem is solved as a single large mixed-integer linear programming

problem for each presented case study.
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4.4.1 Scenario Generation and Reduction

The wind event scenarios are generated and reduced using methods discussed in

Section 4.3.1. Using the wind speed profile for extreme wind events and failure

probability of distribution lines, several trials of MCS simulation are conducted for

sampled wind speeds [42]. For this experiment, Nu = 49 wind speeds are sampled from

the wind speed profile and it was experimentally verified that 1000 Monte-Carlo trials

are enough to obtain a converged value of prioritized loss of load in the distribution

grid corresponding to each u. Fig. 4.8 shows the moving average of prioritized loss

of load for 1000 Monte-Carlo trials for the base case without hardening and with

hardening. It can be seen that the value of the loss is fairly converged in 1000 trials

for both cases. Since 1000 trials are conducted for each u, Nξ,u = 1000. Hence, the

total number of scenarios generated through MCS, Ξ = 49× 1000 = 49000.

Fig. 4.9 represents the comparison between Luavg and Luξ for the test case without

hardening and with line hardening. The loss due to reduced scenarios is very close

to that of the actual representative scenarios for each u. The y-axis on the right

represents the value of |Luavg − Luξ |. It can be seen that the maximum difference

occurs at u = 31m/s in Fig. 4.9(a) and has a value of about 78 kW which is < 0.5%

of total prioritized demand. The difference in their values comes from the fact the

Luavg is obtained by averaging 1000 different realizations of ξ for a specific u whereas

Luξ is the prioritized load loss for a specific failure scenario ξ corresponding the same

u. Furthermore, it should be noted that HILP events (tail events) are also sampled

in this reduction method which makes this approach highly suitable for resilience

planning problems.
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Figure 4.8 Moving average of loss of load for 1000 Monte-Carlo trials a)
without hardening b) with line hardening.

4.4.2 Risk-Averse Long-Term Planning

The reduced scenarios from the method mentioned above represent several scenarios

that can occur on the distribution grid. Each scenario represents the line failure

status due to a particular wind speed (u). In this long-term planning problem, 6

DG locations are pre-selected as potential locations for the placement of DG units.

It is to be noted that the candidate locations are not the final DG locations. They

are potential locations that can be used to install a DG as per the solution of the

proposed optimization framework. The selected potential DG locations are nodes 95,

122, 39, 85, 56, and 66. However, the DG locations are decided by the optimization

model and δDGi = 1 if and only if βDGi > 0. From the operator’s perspective, it is

often practical to have a limited budget while planning the siting and sizing strategies

for DGs. The total budget is constrained so that the sum of the DG units is less than

or equal to 900 kW. For risk-driven problems, α is set at 0.95, meaning that 5% tail
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(a) (b)

Figure 4.9 Comparison of prioritized load loss obtained for two sets of re-
duced scenarios a) without hardening b) with hardening.

scenarios (HILP) are considered to have greater risks.

Table 4.2 shows E(Q(δ, E)) and CV aRα(Q(δ, E)) when no DG-based planning

measures are used (base case). Since α = 0.95, the CV aRα represents the 5% of

the tail probability cases. This means that when those 5% scenarios are realized, on

average, the prioritized loss of load is 20601.58 kW (with no line hardening measures in

place). The losses improve to 19839.39 kW when a few lines are hardened, as shown in

Fig. 4.7. Furthermore, the expected values of prioritized load loss, calculated over the

entire scenarios, are 5982.57 kW and 4541.76 kW for the respective cases mentioned

above. However, when an operator is planning to enhance the grid’s resilience, the 5%

of those scenarios are extremely important because the system needs to withstand or

adapt to those events to maintain a constant supply of power to the CLs. Hardening

a few lines is already proving to be a potential solution to minimize the expected and

CV aRα of the prioritized load loss. However, in the case of an islanding situation

when CLs are disconnected from the system when a fault occurs, DG-based planning
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strategies have proven to be successful in maintaining an uninterrupted power supply

to the CLs [3].

Table 4.2 Base case expected value and CV aRα of prioritized load loss.

line hardening E(Q(δ, E)) in kW CV aRα(Q(δ, E)) in kW

No 5982.57 20601.58

Yes 4541.76 19839.39

To identify the trade-off among different DG-based planning strategies, 6 locations

— 39, 56, 66, 85, 95, and 122 — are selected as potential DG locations. The planning

problem is then solved as a two-stage stochastic problem as discussed in Section 4.3.

First, we discuss the results for the risk-neutral case (λ = 0). The existing resilience-

based planning methods, [18, 17, 19], are focused on the risk-neutral case and used

as a comparison for this work. The overall capacity of each of the DGs is shown in

Table 4.3. For risk-neutral planning without line hardening measures, no DGs are

required to be placed on nodes 36 and 95. However, for mean-risk and risk-averse

situations, the planning strategies change significantly. For risk-involved strategies, it

is required to place DGs on nodes 39 and 95 while reducing the DG sizes for the rest

of the nodes as shown in Table 4.3. Hence, the trade-off of including risk minimization

in the objective is to increase the number of DG units in the system. This can be

fruitful for extreme event scenarios when picking up some of the CLs is required, even

though it increases the expected value of prioritized load loss. Table 4.3 also shows

the expected value and CV aRα of prioritized CLs picked up by different planning

strategies. It can be seen that the expected value of prioritized CLs picked up does

not change much regardless of the risk preference. However, for risk-based strategies
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Table 4.3 Expected value and CV aRα of prioritized load loss and prioritized
critical load (PCL) picked up for different values of λ.

WITHOUT LINE HARDENING WITH LINE HARDENING

Existing methods

[18, 17, 19]
Proposed method

Existing methods

[18, 17, 19]
Proposed method

λ = 0 λ = 0.5 λ = 1 λ = 0 λ = 0.5 λ = 1

E(Q(δ, E)) 3567.12 3586.28 3595.51 2467.46 2463.95 2490.09

CV aRα(Q(δ, E)) 19093.89 18885.92 18885.92 18415.04 18160.18 18119.1

Expectation of PCL

picked up
15043.93 15016.64 15006.62 16065.76 16048.17 16026.12

CV aRα of PCL

picked up
3406.59 3603.06 3603.06 4953.65 5580.72 6295.33

DG planning

strategies

βDG
39 βDG

56 βDG
66 βDG

39 βDG
56 βDG

66 βDG
39 βDG

56 βDG
66 βDG

39 βDG
56 βDG

66 βDG
39 βDG

56 βDG
66 βDG

39 βDG
56 βDG

66

0 20 370 20 20 340 20 20 370 0 350 330 20 220 255 20 170 330

βDG
85 βDG

95 βDG
122 βDG

85 βDG
95 βDG

122 βDG
85 βDG

95 βDG
122 βDG

85 βDG
95 βDG

122 βDG
85 βDG

95 βDG
122 βDG

85 βDG
95 βDG

122

390 0 120 100 300 120 100 270 120 100 0 120 100 305 0 100 280 0

(both mean risk and risk-averse), CV aRα of prioritized CLs picked up increases by

200 kW compared to the risk-neutral case.

The effect of risk aversion is even more pronounced in the case with the line-

hardening strategy. Fig. 4.10 shows a restoration and planning solution for a specific

scenario of HILP nature, u = 28 m/s (see Fig. 4.6). The lines and nodes with black

color are the energized section, whereas non-energized sections are represented by

gray. Similarly, red lines represent out-of-service lines due to the particular outage

scenario. Similar to the restoration for cases without line hardening measures, the

risk-neutral solution does not include DGs in nodes 39 and 95. When the objective

is risk-neutral (λ = 0) some of the prioritized critical loads are not picked up in

this specific scenario as picking up critical loads in this scenario would not affect
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the expected value of load served for the overall scenarios. Since the objective is

to minimize the expected value of prioritized load loss for entire scenarios, DG at

location 95 is not selected. Note that the probability of HILP scenarios is low. Since

the expected value contains the product of this probability with the objective function

in the restoration phase, the net value is significantly low to affect the overall expected

value. However, when the objective is risk-averse, any prioritized load that the nearest

possible DG can pick up is given the top priority for any HILP event. For instance, it

can be seen that load at node 62 is picked up by DG at node 95 through path 95-93-

94-54-57-60-62. Hence, this draws an important conclusion that risk-averse decisions

enhance long-term resilience planning by focusing the extreme HILP events. Contrary

to the existing methods in [18, 17, 19], the prioritized CLs have a high chance of

being picked up when an HILP event is realized by including risk minimization in

the objective. However, when attempting to minimize the risk-averse objective (i.e.,

the CV aRα), we incur an additional DG cost in the overall planning budget to meet

the requirements for risk-averse planning. Thus, through the proposed approach and

by including CV aRα minimization in the objective function, prioritized critical loads

can be properly restored in case of HILP events. Furthermore, with the changing

trade-off between the expectation and the CV aRα of the prioritized load loss, the

expected value generally decreases with the increase in λ.

For the case without line hardening, the CV aRα does not change when moving

from mean-risk to risk-averse setting as shown in Table 4.3. It is important to note

that tail probability events are also a part of risk-neutral planning strategies. How-

ever, the main focus is to minimize the expected loss over the entire scenario, and

hence the effect of those tail events is less prominent. With risk-driven strategies,
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Figure 4.10 DG sizing and siting solution for a scenario with additional
hardening measures for a) risk-neutral and b) risk-averse planning.

CV aRα of those tail events are also minimized, and hence the value of CV aRα de-

creases with an increase in λ. At some point, CV aRα saturates as it is impossible

to restore some prioritized loads regardless of the planning strategies. On the other

hand, for the case with additional line hardening measures, CV aRα of prioritized

load loss further decreases with increasing risk-aversion. This is due to the fact that

with line hardening measures, the DGs can pick up more CLs during HILP events,

which ultimately reduces the prioritized load loss in the system. Hence, it is clear and

obvious that with more number of resources, the CV aRα can be improved further.

However, the trade-off comes with the budget and feasibility. Although it is tempting

to harden each and every line and install DGs in each and every location, it is almost

impossible for any system operator to allocate the budget accordingly.
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Figure 4.11 Comparison of CV aRα of prioritized loss of load for different
values of α and risk preference.

4.4.3 Sensitivity analysis

The value of CV aR depends on several factors such as investment decisions, budget,

risk preference, and scenarios under consideration. Here, we present a few of the

sensitivity analyses and discuss their impacts on CV aR. For simplicity, the analyses

are performed only on the system with additional hardening measures already in

place.
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Figure 4.12 CV aRα for different DG investment strategies for a) risk-
neutral and b) risk-averse planning.
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Figure 4.13 Different number of scenarios with respective probabilities of
occurrence: (a) 7, (b) 21, (c) 49, (d) 98, and e) 147 scenarios.

Change in confidence level

The risk parameters α and λ can affect the planning decisions. The value of CV aRα

highly depends on α as it defines the number of scenarios to be considered in defining

the risk. In other words, α can also be defined as risk percentage. For a higher value

of α, the value of V ARα increases, and hence, CV aRα represents the scenarios that

create greater losses in the system. Similarly, for a smaller α, CV aRα incorporates

a larger number of scenarios with lower losses in risk quantification. Furthermore, as

discussed above, an increasing value of λ denotes an increase in risk aversion towards

planning decisions. Fig. 4.11 shows the relation of CV aRα for the prioritized loss

151



of load for different values of λ and α. As discussed, CV aRα decreases when more

scenarios are considered as risky (characterized by α). Furthermore, for a fixed α,

CV aRα decreases with the increase in the value of λ as more importance are given

to risk minimization. Appropriate values for α and λ need to be selected based on

planners’ risk aversion criteria.

Change in investment strategies

Changing investment strategies and allocating the budget properly can also affect

the overall planning cost. First, the overall budget for DG sizing and installation is

increased so that CDGmax corresponds to Pmax
DG = 1500 kW for the same set of DGs and

their potential locations. Secondly, 3 additional DG locations (47, 27, and 114) are

identified as potential DG placement locations. Fig. 4.12(a) and Fig. 4.12(b) show

the distribution of prioritized loss of load when different DG planning measures are

taken for risk-neutral and risk-averse cases, respectively. It is interesting to notice

that increasing the budget to increase the capacity of DGs has a limited effect on the

CV aRα minimization. However, the expected value of prioritized load loss decreases

to 2222.43 kW from 2467.46 kW . The conclusion is consistent for the risk-averse

case. However, increasing the number of potential DG locations led to significant

improvement in CV aRα minimization. The change in expected loss is, however, in-

significant. For the case with 9 potential DG locations, the value of CV aRα decreases

from 18415.04 kW to 16385.51 kW , for the risk-neutral case, and from 18119.1 kW

to 15811.59 kW , for the risk-averse case. Thus, with a limited budget, multiple DG

sites with smaller DGs are more effective in improving resilience.
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Change in number of scenarios and set of scenarios

Fig. 4.13 shows five case studies simulated to evaluate the impacts of the number of

scenarios (used in optimization) on solution quality and solve time; (a) 7 scenarios,

(b) 21 scenarios, (c) 49 scenarios, (d) 98 scenarios, (e) 147 scenarios. Hence, for each

case, different scenario sets are obtained using the method discussed in Algorithm 1.

Fig. 4.14 shows the objective function value for the different number of scenarios (used

in the optimization problem) along with the corresponding solve times. The result for

each case is obtained by taking an average of 10 representative scenario sets closest

to the average representative scenario. We can clearly observe the trade-off between

the number of scenarios, solution quality, and solve time. When a higher number

of scenarios are used in optimization, the solution quality improves; however, it also

leads to a significant increase in the solve time. It is also interesting to note that

the solution obtained for 49 scenarios (2719.17 kW) is very close to the one obtained

for 147 scenarios (2764.16 kW). However, the solve time for the problem with 147

scenarios is 11 times greater than that with 49 scenarios. Hence, 49 scenarios work

well from the point of view of solution as well as solve time as the additional number

of scenarios increases the computational complexity with no significant improvement

in the objective value.

Fig. 4.15 shows our simulation results for 10 unique sets of scenarios sampled

from the wind profile PDF. The simulations are done for five cases by including a

different number of scenarios in the optimization problem, i.e., 7, 21, 48. 98, and 147

(scenarios). For a specific case, it can be observed that the objective function values

are very close for all 10 unique scenario sets. Each scenario set is selected based on the

closest average Monte-Carlo loss as detailed in Algorithm 1. Hence, the differences in
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Figure 4.14 Comparison of objective value and solve time for a different
number of scenarios.

solutions for different scenario sets are not significant. The process is similar to the

multiple replication method (MRP) as discussed in [17]. In addition, for each case,

Table 4.4 shows the 95% confidence interval for the objective function value along with

the average objective value. As expected, including a larger number of scenarios in

the optimization problem increases the granularity of information regarding the event

and its impacts. As can be seen, the objective function values are consistent with the

number of scenarios being considered in the optimization problem. It is interesting

to note that the solution quality improves drastically when additional scenarios are

considered in the optimization problem. Furthermore, the variation in the optimal

function values also reduces as we consider a larger number of scenarios, see Table 4.4.

For example, for the simulation case with 147 scenarios, the lower and upper limits

of the optimal function values for all 10 unique scenario sets are very close to each

other than any other scenarios. However, as shown by the results in Fig. 4.14, the
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Figure 4.15 Comparison of objective value on a different set of scenarios for
each number of scenarios sampled.

Table 4.4 95% confidence interval of the solution obtained using different
scenario sets for each number of scenarios.

Number of

scenarios
95% CI (kW)

Average objective

value (kW)

7 [6105.95, 6393.99] 6249.57

21 [3764.35, 4414.53] 4089.44

49 [2596.13, 2842.21] 2719.17

98 [2721.20, 2879.54] 2800.37

147 [2705.10, 2823.21] 2764.16

solve time increases drastically with a higher number of scenarios. Thus, as expected,

there is a tradeoff between computational complexity and solution quality.
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4.5 Summary

In this chapter, we present a risk-based planning framework for active power distri-

bution systems to improve their resilience to extreme weather events. Resilience is

characterized in a probabilistic sense to quantify the impacts of the HILP events on

the system outages. A two-stage stochastic optimization problem is formulated to

minimize the risk of system outages as a weighted function of the expected value and

CVaR of the probabilistic system outages. The planning decisions include system

upgrades by siting and sizing DGs capable of intentional islanding to support CLs. A

scenario reduction method is proposed based on realized loss functions that generate

representative scenarios for HILP events for computational tractability. The proposed

formulation makes it conducive to evaluate the trade-offs between risk-neutral and

risk-averse planning decisions. The proposed risk-based planning framework is ana-

lyzed for different scenarios. It was observed that the DG-based restoration method

with additional hardening measures could effectively minimize both the expectation

and CV aRα of the prioritized load loss. Furthermore, risk-averse planning measures

were highly effective in restoring CLs during HILP events, which is generally not

true for risk-neutral policy. It was also observed that it is preferable to site variable-

sized DGs at multiple locations rather than a few large DGs under a limited budget.

Based on the observations, the proposed risk-based framework provides distribution

planners with the much-needed ability to evaluate alternate planning measures for

resilience.
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CHAPTER 5

RESILIENCE PLANNING TRADE-OFFS IN POWER

DISTRIBUTION SYSTEMS

5.1 Introduction

This chapter introduces multi-resource trade-offs in making resilience planning de-

cisions against extreme weather events. Similar to the prior chapter, a two-stage

risk-averse framework is proposed, and conditional value-at-risk (CVaR) is used as a

risk metric. For planning decisions, we propose using distributed generators (DGs)

with grid-forming capabilities, line hardening, and automatic tie-switch placements.

For the trade-off analyses, we look into the trade-offs due to data unavailability, bud-

get, resource availability, and risk appetite of the grid planners.

5.1.1 Motivation

Severe weather events, termed high-impact, low-probability (HILP) events, have

tremendously affected electric power systems in the last few decades [1, 2]. Power

distribution systems are often more affected by such events as they are highly vulner-

able to extreme events than the bulk power grid. It is reported that there has been a

67% increase in power outages due to weather-related events since 2000, with 80% -

90% of outages resulting from failures in power distribution systems [3]. This has led

to investments from utilities and stakeholders to enhance the resilience of the grid.

However, resilience-driven planning remains challenging due to several uncertainties

associated with the impact of the extreme weather event and associated trade-offs

that the grid planners must navigate to meet the desired resilience goals.
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5.1.2 Related Literature and Gaps

Existing distribution systems resilience planning models are primarily based on stochas-

tic programming or robust optimization models. In [4], a robust optimization frame-

work is proposed for resilience distribution systems planning against extreme weather

events with line hardening and backup distributed generators (DGs). However, details

on hardening strategies are lacking, and the work does not model the DG-assisted

islanded operations in reducing outage risks. Moreover, planning measures are pre-

sented only for worst-case scenarios, potentially leading to overly cautious and costly

planning solutions. Other works propose a resilience-driven two-stage stochastic op-

timization model with multiple planning decisions [5, 6]. The planning problem is

formulated to minimize the operational cost and expected value of lost load. How-

ever, the DG-assisted island is not modeled. Additionally, both works use a generic

fragility model for all line segments, overlooking the component-specific fragility of

power conductors and poles subject to wind loading. In contrast, [7] discusses the

resilience-oriented design of power distribution systems, including islanded DG op-

eration and automatic switching. However, it introduces a virtual network model

to simulate fault isolation, potentially adding complexity to the planning model.

The planning models discussed above are based on simplified single-phase power dis-

tribution network models, which may not accurately represent the complexities of

multi-phase unbalanced systems. Secondly, the works are focused on minimizing the

expected cost with an equal probability of occurrence and do not include the risk

of observing extreme weather events within the planning framework. Such methods

may not adequately address resilience-oriented planning for HILP events.

One commonly used risk-based metric is Conditional value-at-risk (CVaR), widely
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adopted in distribution systems planning [8, 9, 10, 11]. Although multiple resilience

planning frameworks have been proposed, a majority of them do not analyze the

planning trade-offs affecting resilient investment strategies. While some studies dis-

cuss the computational complexity related to the number of scenarios in stochastic

optimization models, they do not demonstrate how the quality of planning decisions

may vary based on the number of scenarios or other stochastic parameters [5]. Others

recognize the need for risk-averse planning but do not justify the investment through

trade-off analysis [9]. Given that resilience-based investments are costly for system

operators, particularly for events that occur infrequently but cause substantial dam-

age, it is essential to assess the trade-offs involved in resilience planning decisions

thoroughly. This evaluation is critical for justifying the value of current investments

in for potential future extreme weather scenarios. To tackle some of these issues,

the work in [11] introduces a risk-based planning framework for power distribution

systems with solution portfolios tailored to the risk preferences of the grid planner.

However, it does not address the variable probability driven by extreme events within

a region, considers a single-phase equivalent model of the distribution grid, and does

not provide detailed trade-off analysis on planning decisions.

Grid planners often struggle to determine the best investment strategy for max-

imum resilience, relying on expert discussions, budget constraints, and the current

system needs. While existing works offer planning tools to help operators make pre-

liminary decisions, they often lack insights into why one investment portfolio is supe-

rior to another [1]. Additionally, these works are widely disconnected from industry

planning practices, specific to grid hardening methods, and fail to address practical

concerns that arise when planners must allocate their budget based on policy and
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regulations.

5.1.3 Contribution

This chapter evaluates how optimal planning decisions vary based on multiple systems

and optimization parameters. Detailed trade-off analysis is presented considering

system fragility models, allocated budget, multiple planning resources such as grid-

forming DGs, tie-switches, and line hardening, and the risk preference of the system

operator. A two-stage risk-averse stochastic optimization framework, using CVaR as

the risk measure, is formulated for multiple resources-based grid resilience planning

for trade-off analysis. The model is validated on realistic historical wind gust data

and realistic fragility models for utility wooden poles. This work extends our previous

work in [1] and has the following major contributions:

1. Developed a two-stage stochastic programming model for multi-resource risk-

based resilience planning in three-phase unbalanced power distribution systems.

The planning decision includes siting and sizing grid-forming DGs, placing tie-

switches, and installing grid hardening solutions. A heuristic approach is pro-

posed to identify fault sectionalizers in the pre-processing step. A modeling

approach is then introduced to incorporate them into the reconfiguration stage

if the damaged components associated with the sectionalizers have been hard-

ened.

2. Proposed a method based on kernel density estimation (KDE) to estimate re-

gional wind density and its probability. Realistic fragility models for utility

wooden poles are adopted for single and three-phase components to mimic the

variation of fragility within a specific system. This work also provides discussion
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Figure 5.1 Resilient distribution systems planning framework.

and details on the current and futuristic sustainable grid hardening practices,

which can provide valuable insights to the grid planners.

3. Conducted a comprehensive trade-off analysis considering system fragility mod-

els, risk preferences, planning resources, and budget allocation.

5.2 System Modeling Requirements for Resilience Planning

This section details the system modeling requirements to develop the proposed risk-

averse approach for resilient distribution system planning. Fig. 5.1 shows a high-level

overview of the proposed resilience planning approach for power distribution systems.

Notably, the planning solutions are highly sensitive to each module, and their accurate

modeling can drastically improve the quality of the planning solutions.

5.2.1 Extreme Weather Events Simulator

Conventional physics and differential equation-based extreme event models can be

computationally complex and challenging to integrate into planning tools. Data-

driven models offer a promising alternative for creating realistic simulations [12, 13].

Given that most power distribution damages are attributed to wind events [14], we
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focus on wind storms as extreme events in this work. Distribution systems cover a

small region compared to the bulk power grid, so we assume a uniform wind gust

distribution across the distribution grid for each event. Long-term investment plan-

ning requires several scenarios to be considered over a longer duration. Considering

the lack of weather prediction models for longer horizons, we use regional historical

wind gust data that can provide valuable insights into the typical wind patterns and

speeds experienced in a region over time. Let U represent the daily maximum wind

gust as a random variable, then the probability density of U can be estimated using

Kernel Density Estimation (KDE) as [15]:

p̂n,h(U) =
1

nh

n∑
i=1

K
(
U − ui
h

)
(5.1)

where, p̂n,h(U) is the probability density estimate of U parameterized by number

of data points, n, and a bandwidth factor, also known as the smoothing factor, h.

Here, K(·) is a non-negative kernel function. To assess the impact of each wind event

scenario, we need to obtain the probability of realizing the corresponding event. Using

the KDE from (5.1), the probability density function (PDF) of U , can be written as,

p [ua ≤ U ≤ ub] =

∫ ub

ua

p̂U(u)du (5.2)

where, p̂U is the probability density of U obtained from (5.1), and [ua, ub] defines

the interval containing U . Here, U is continuous, making it challenging to discretize

probability pertaining to wind gust scenarios as the probability of U taking any value

u is 0. Therefore, we first discretize the regional wind gust data to their nearest unique

integers and consider a constant interval, ub = ua +∆u, such that the probability of

realizing U is the same within the interval ∆u. This is a reasonable assumption as
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the effect and occurrence of wind gusts are very close within a very small interval.

Thus, (5.2) can be re-written to define the scenario probability as:

p(u) ≈ pU(u)×∆u (5.3)

Eq. (5.3) can provide us with the approximate probability that a wind gust event

scenario will be realized with a sustained wind gust value within ∆u.

5.2.2 Distribution Systems Impact Model

Planning decisions rely heavily on the accuracy of the distribution system impact

model, typically achieved through fragility curves. Obtaining accurate data on these

factors can be challenging without collaboration with the electric power industry.

In [16], component-level fragility models are statistically developed for 1-phase and

3-phase power distribution wooden poles and conductors, considering wind loading

and falling trees. The models are based on wooden poles made from southern pine

wood and aluminum conductor steel reinforced (ACSR) conductors commonly used

in power distribution systems across the United States [17]. This work adopts the

wind-loading-based model, where a logistic regression model is defined to obtain the

failure probability of a pole or a conductor as:

P (u, ψ) =
1

1 + e−l(u,ψ)
(5.4)

where,

l(u, ψ) = b0 + b1u+ b2usin(ψ) (5.5)

Here, b0, b1, and b2 are regression coefficients corresponding to each component, u is

the wind gust in miles per hour (mph), and ψ is the angle of attack of the wind gust
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to the component. A line segment contains several poles and conductors connected

in series. Hence, the line segment is assumed to fail if any conductor or pole within

the line segment fails. Let Pp(u, ψ) be the failure probability of poles and Pc(u, ψ) be

the failure probability of conductors. The line segment failure probability, Pl(u, ψ),

can hence be calculated using (6).

Pl(u, ψ) = 1−

(
Np∏
p=1

(1− Pp(u, ψ))
Nc∏
c=1

(1− Pc(u, ψ))

)
(5.6)

5.2.3 Modeling Different Uncertainties

Planning for resilience inherently involves appropriately modeling multiple uncertain-

ties, as depicted in Fig. 5.1. Important factors that need to be carefully represented

include load variability, the probability of observing an extreme weather event, and

power generation from DGs. For instance, predicting load fluctuations requires ro-

bust forecasting models, while weather models for extreme events are sophisticated

and data-dependent. DGs, affected by weather and consumer behavior, also pose

modeling challenges. Damage scenarios, repair time, and resource availability are

also uncertain but vital for planning. Obtaining data, such as historical repair time

or fuel availability for generators, may be limited for various reasons, including data

unavailability and confidentiality issues. This work addresses uncertainty in power

distribution component damage due to various weather event scenarios. The weather

event is analyzed using the wind profile, while fragility models, as discussed earlier,

are used to assess the impact of the wind event on the distribution grid.
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5.2.4 Risk Analysis

Risk analysis is often overlooked in power distribution planning, with grid planners

primarily focusing on the expected events or credible scenarios. However, integrat-

ing risk analysis into planning tools can significantly improve the resilience of the

distribution system [9, 8]. Risk analysis enables decision-makers to identify and pri-

oritize critical areas for system upgrades to specifically reduce the outage risks due

to extreme events. However, conducting risk analysis requires accurate data on the

likelihood and severity of different events, which may be challenging. Additionally, ef-

fective risk analysis relies on modeling techniques that can appropriately incorporate

uncertainties and dependencies among different risk factors. Nevertheless, integrating

risk analysis into the planning problem is needed to represent stakeholder’s interests

and cost-benefit tradeoffs appropriately. This work uses CVaR as the risk measure,

formulated as a linear and convex optimization model in a two-stage stochastic op-

timization setting [18]. By incorporating risk within the planning framework, grid

planners can evaluate the cost-benefit tradeoffs of different system upgrade solutions

in improving grid resilience against extreme weather events.

5.3 Methodology

This section discusses the overall problem formulation and simulation framework for

multi-resource resilience planning. The planning decisions and general assumptions

made in this work are also discussed.
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5.3.1 Planning Decisions and Assumptions

This work considers three planning decisions: siting and sizing of grid-forming DGs

capable of islanded operation to serve critical loads, installing tie-switches capable

of proving alternate restoration paths, and implementing line hardening solutions,

as shown in Fig. 5.2. The grid-forming DGs provide voltage slack to the connected

microgrid using a concept of virtual edge, which is modeled as a non-physical zero

impedance line as proposed in [19]. Fig. 5.2 shows the distribution model representa-

tion with the planning decisions. The faults in islands 2 and 3 trigger the operation of

DG to pick up loads in island 1. Another planning decision is installing toe-switches.

Practically, this decision requires adding a distribution line, which introduces addi-

tional cost if the distance between candidate nodes is large. However, we assume

the grid planners have identified candidate nodes closer to the system where the dis-

tribution lines along with tie-switches can be added. This assumption can be easily

relaxed, and distance can be introduced as an additional factor if more information on

the grid coordinates is available. In Fig. 5.2, the tie-switches are not activated, either

due to fault isolation or to prevent the formation of loops. However, if there was no

fault in island 2, closing the bottom two tie switches could allow the substation to

pick up loads in both island 1 and island 2.

In [17], two strategies are proposed to enhance the resilience of distribution sys-

tems, depicted in Fig. 5.2. Strategy A is to upgrade the existing utility pole to a

higher class without changing the pole span, and Strategy B is to decrease the pole

span length. Strategy B increases the number of poles in a line segment compared to

Strategy A. However, the reduced span length allows the wind load to be distributed

among multiple poles and conductors. This enables utilities to use lower-class poles
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while maintaining an acceptable bending moment against extreme weather condi-

tions. For instance, according to Rule 250 C, a standard guide for wind loading in

utility wooden poles, 40 ft Class 3 poles can withstand extreme wind conditions up

to 120 mph with a span of 150 ft. However, with a span of 250 ft., only Class 1 poles

can sustain the bending moment of extreme wind events with sustained gusts of 120

mph [17]. The cost per mile and individual pole costs are comparable among higher

and lower poles. Hence, the current utility practice leans towards increasing the pole

classes for the same span and design grade [17]. In this work, we adhere to this prac-

tice and assume all the poles and conductors are upgraded within a hardened line

segment. It is important to note that this strategy may change in the future based

on the cost-benefit analysis of one strategy over the other, which is beyond the scope

of this work.

5.3.2 Problem Formulation

Existing works on resilience-driven planning minimize the investment planning cost

in the first stage and operational cost in the second stage using the value of lost

load (VoLL) to model the cost of load lost due to an extreme event [5]. However,

VoLL is multi-dimensional, and a single-point estimate of VoLL cannot fully capture

the value of demand lost within the distribution system being studied [20]. There-

fore, we propose incorporating planning costs as a constraint to reflect the system

operator’s budget. This approach allows system operators to identify a portfolio of

planning decisions aligned with their budgetary constraints. The multi-resource re-

silience planning problem against extreme weather events is formulated as a two-stage

stochastic MILP model. The overall planning objective is to minimize the weighted
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Figure 5.2 Planning decisions and strategies for resilience enhancement in
power distribution systems.

sum of expected value and CVaR of the second stage cost, which can be written as:

min (1− λ)E
(
Q(X, E) + 1

1− λ
G(δ, E)

)
+ λCV aRα(Q(X, E)) (5.7)

where,

E(Q(X, E)) :=

∑
ξ∈E

∑
i∈BS

∑
ϕ∈{a,b,c}

pξ(1− sξi ) wi P
ϕ
Li


CV aRα(Q(X, E)) :=

η +
1

1− α

∑
ξ∈E

pξνξ


E(G(δ, E)) :=

∑
ξ∈E

pξ

χ1

∑
e∈LtS∪L̂

t
S

δξe + χ2

∑
e∈LvS

δξe


Here, X = [xDGi βDGi , xhe , x

s
e] is a set of first-stage planning decisions for siting

(xDGi ∈ {0, 1}) and sizing (βDGi ∈ R+) of DGs, line hardening (xhe ∈ {0, 1}), and
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automatic tie switch placements (xse ∈ 0, 1), respectively. E(Q(X, E)) is the expected

value of the second stage, which is a prioritized load restoration problem for each

scenario ξ, with an associated probability of occurrence, pξ. P ϕ
Li is the active power

demand for each phase ϕ in node i. Some of the loads are prioritized with a weight

variable, wi. The variable sξi ∈ {0, 1} determines the load pickup status for each i

in ξ. Similarly, CV aRα(Q(X, E)) is the CVaR of the second stage problem with a

confidence level of α, value-at-risk (VaR) η ∈ R, and CVaR excess variable νξ ∈ R+ for

each ξ. The risk preference factor λ introduces the grid operator’s risk appetite within

the planning framework. For risk-neutral planning, λ = 0 and λ = 1 signifies risk-

averse planning. Appropriate values of λ can highlight the inclusion of HILP events

within the decision-making framework [21]. The term E(G(δ, E)) in the objective

function prevents unnecessary switching of tie and virtual switches for reconfiguration.

Assigning very low weights to χ1 and χ2 ensures that load restoration is prioritized

for each ξ as suggested in [19].

First-stage constraints∑
i∈BDG

cDGi xDGi βDGi +
∑

e∈L\L̂tS

chex
h
e +

∑
e∈L̂tS

csex
s
e ≤ CTmax (5.8)

∑
i∈BDG

cDGi xDGi βDGi ≤ CDGmax,
∑
e∈L

chex
h
e ≤ Chmax,

∑
e∈L̂tS

csex
s
e ≤ Csmax

(5.9)

x̄se + xse = x̂se, ∀e ∈ LS ∪ L̂tS\LvS, (5.10a)

xDGj = x̂se, ∀e ∈ LvS (5.10b)
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The first-stage constraints can be represented by (5.8) - (5.10). Constraint (5.8) en-

sures that the total cost of DG siting and sizing, line hardening, and switch placement

does not exceed the total planning budget, CTmax. The bi-linear term xDGi βDGi is lin-

earized using big-M method as described in [22]. Alternatively, we can constrain each

resource’s budget individually if requirements are known, as shown in (5.9). This

approach allows grid operators the flexibility to prioritize investment in a specific re-

source, which may be desired due to policy or regulation changes, even if it does not

offer the greatest resilience enhancement. In this work, we assume that the invest-

ment resources are of the same type, allowing us to cap the number of investments for

each resource type and thus limit the budget for the resource. Let N h
max be the total

number of lines that can be hardened, N s
max is the total number of switches that can

be installed, and βDGmax is the maximum size of a DG unit that can be invested in a

location. In (5.10), x̂se indicates whether a switch exists in a line. Here, xse is a switch

placement decision variable, and x̄se is an external parameter indicating a pre-existing

switch in a line. A similar constraint is represented in (5.10b) for virtual switches;

a virtual switch exists if a DG is invested in a node j such that e : isub → j. Here,

isub ∈ Bsub is the substation node and j ∈ BDG is the candidate DG node.

Second Stage Constraints

The second stage is the prioritized load restoration problem solved for each scenario

ξ. Each of the resources participates in the second stage if they are invested.

Connectivity constraints:

sξi ≤ vξi , ∀i ∈ BS (5.11a)
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sξi = vξi , ∀i ∈ B\BS (5.11b)

δξe ≤ vξi , δ
ξ
e ≤ vξj , ∀e ∈ LS ∪ {L̂tS,LvS} (5.12)

δξe ≤ x̂se, ∀e ∈ LS ∪ {L̂tS,LvS} (5.13)

• The constraint in (5.11) guarantees that a load is picked up only when its cor-

responding bus, vi, is energized. Similarly, (5.12) ensures the energization of a

switchable line if any of its corresponding buses is energized. Here, L, L̂tS, and LvS

are the set of switchable lines, candidate tie lines, and virtual edges respectively.

• Constraint (5.13) ensures that a switchable line can be toggled if and only if a switch

exists. The switch existence variable, x̂se is guided by (5.10), such that x̂se = 1 if

there is a pre-existing switch (x̄se = 1), or a new tie-switch is invested (xse = 1) or

a virtual switch is available due to a DG placement (xDGi = 1, e : isub → i).

Fault and Switching constraints:

• Constraint (5.14a) ensures that a line is not damaged if it is hardened. Here, πξe

is an exogenous parameter that determines the line damage status based on an

extreme event scenario. If the line is hardened, xhe = 1, then we assume that the

line is not damaged γξe = 0 for scenario ξ. While hardening improves the fragility

of the line segment, it is important to reflect on such an analysis using the concept

of endogenous probability, which is beyond the scope of this work. As discussed

earlier, upgrading a pole class can significantly improve the bending moment against
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Figure 5.3 Switch operation and status for normal and damaged conditions.

extreme wind conditions. Hence, the assumption that a hardened line will not be

damaged in several extreme wind scenarios is not completely invalid. Constraint

(5.14b) ensures that the existing switchable lines with damage can be toggled if

they are hardened.

A heuristic method based on graph traversal is developed to obtain switches as-

sociated with each line, detailed in Algorithm 1. For each non-switchable line, we

traverse upstream and downstream until every switch associated with the line is

found. Virtual and candidate tie switches are also considered during fault isola-

tion, as the faulted section should never be energized. Hence, this method prevents

newly installed tie switches and DGs from potentially energizing faulted parts of

the network for specific scenarios. To incorporate the effect of line hardening, we
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Algorithm 1: Heuristic approach to identify switches associated with each

line.

1 Model the distribution grid as a graph G(N,E) with nodes N and edges

E = (a, b)

2 Let LS = LS ∪ {LvS, L̂tS}

3 for each (a, b) ∈ E do

4 // let the first upstream edge of a is (a′, a)

5 test-edge-up = (a′, a)

6 if test-edge-up ∈ LS then

7 switches[((a, b)].append = test-edge-up

8 else

9 traverse recursively until a switch is found

10 end

11 // let the first dowstream edge of b is (b, b′)

12 repeat 5-10 for test-edge-down = (b, b′)

13 end
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ensure that if the line is hardened, the switches associated with the line can re-

participate in network reconfiguration for maximum load restoration. The fault

sectionalization logic is represented by constraint (5.14c), ensuring that switches

associated with damaged lines must remain open unless the damaged line is hard-

ened or until repaired. Fig. 5.3 a) represents the normal operating condition where

the substation serves all the load. In Fig. 5.3 b) line 2-3 is damaged with fault,

γξ2→3 = 1. Hence, all the associated switches should remain out of service until

the damage is repaired, which puts nodes 2 and 3 out of service. This triggers the

sectionalizer between 1 and 2 to open and prevents the flow from the invested line

with tie switch and DG. Fig. 5.3 c) and d) represent a multi-fault condition be-

tween the substation and node 1 and between node 2 and node 3. The associated

sectionalizing switches isolate the faulted section, node 1. However, node 2 and

node 3 can get energized via the line with the closed operation of the tie switch or

islanded DG operation installed in node 3. If the line between node 1 and node 2

is hardened, xh1→2 = 1, then δξ1→2 can participate in reconfiguration such that node

1 can be picked up.

γξe = (1− xhe )π
ξ
e , ∀e ∈ L\(L̂tS ∪ LvS) (5.14a)

δξe ≤ (1− γξe) + xhe , ∀e ∈ LS (5.14b)

δξe ≤ (1− γξe) + xhe , ∀e ∈ L\LS,∀e ∈ LeS (5.14c)

Power Flow Constraints: This work uses a three-phase linearized power flow model

for an unbalanced distribution system [23]. To ensure the feasibility of our model and

prevent power flow in faulted sections of the network, we integrate this power flow

model with a range of energization and switch variables.
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• The three-phase unbalanced linearized power flow model for power distribution

systems is represented by constraints (5.15a) - (5.15d). Constraints (5.15a) and

(5.15b) indicate the active and reactive power flow for each line. The per phase

demand on each node, PΦ,ξ
Lj , Q

Φ,ξ
Lj , is coupled with the load pick-up variable, sξj ,

such that the incoming flow in each node j is the sum of its outgoing flow and

demand on node j if sξj = 1. Constraint (5.15c) is the voltage balance equation

for non-switchable lines, which is coupled with γξe such that if a line is damaged,

γξe = 1, then the voltage on the corresponding node is unconstrained. Similarly,

the voltage balance equation in (5.15d) is coupled with two variables, δξe and x̂se for

switchable lines such that the voltage drop is valid when a switch exists, x̂se = 1,

and it is closed, δξe = 1.

∑
e:(i,j)∈L

P ξ
e = sξj P ξ

Lj +
∑

e:(j,i)∈L

P ξ
e (5.15a)

∑
e:(i,j)∈L

Qξ
e = sξj Qξ

Lj +
∑

e:(j,i)∈L

Qξ
e (5.15b)

U ξ
j −

(
r̃eP ξ

e + x̃eQξ
e)− γξeMU ≤ U ξ

i ≤ U ξ
j −

(
r̃eP ξ

e + x̃eQξ
e)

+γξeMU , ∀e ∈ L\LS ∪ {L̂tS,LvS}
(5.15c)

U ξ
j −

(
r̃eP ξ

e + x̃eQξ
e)− (1− γs,ξe + 1− x̂se)MU ≤ U ξ

i

≤ U ξ
j −

(
r̃eP ξ

e + x̃eQξ
e) + (1− γs,ξe + 1− x̂se)MU ,

∀e ∈ LS ∪ {L̂tS,LvS}

(5.15d)

where

r̃e =


−2raaij rabij −

√
3xabij racij +

√
3xacij

rbaij +
√
3xbaij −2rbbij rbcij −

√
3xbcij

rcaij −
√
3xcaij rcbij +

√
3xcbij −2rccij


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x̃e =


−2xaaij xabij +

√
3rabij xacij −

√
3racij

xbaij −
√
3rbaij −2xbbij xbcij −

√
3xbcij

xcaij +
√
3rcaij xcbij −

√
3rcbij −2xccij


Operational Constraints: The operational constraints of the power distribution

system relate to the operational topology, power flow limits, and voltage limits in all

active nodes of the network.

• In distribution systems, radial configurations are guided by the normally closed sec-

tionalizing switches and tie-switches in the network such that there are no loops in

the entire network. In this work, we introduce additional tie-switches and DG-based

planning decisions, which can introduce additional loops in the system. Constraint

(5.16) ensures that at least one of the switches is open in each cycle. Since we bound

the number of tie switches and DG investments with candidate locations, the loop

enumeration method can be done offline, which does not affect the optimization

procedure.

• The ANSI C84.1 standard limits the voltage in each node to be within [0.95, 1.05].

Constraint (5.17) limits the voltage of each energized node as guided by vξi . Simi-

larly, constraint (5.18) maintains a reference voltage in substation nodes.

• Constraint (5.19) ensures zero power flow through an open line. For non-switchable

lines, Constraint(5.19a) is coupled with γξe such that the flow is zero if γξe = 1.

Similarly, for switchable lines, the flow limit in (5.19b) is coupled with switch

variables such that if a switch exists x̂se = 1 and it is open δξe = 0, then the power

flow in the open line e : i→ j is 0. The flow limit is constrained by their respective

limits, Mp and Mq for closed lines.
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∑
e∈Lc

δξe ≤ |Lc| − 1, ∀e ∈ Lc (5.16)

vξiU
min ≤ U ξ

i ≤ vξiU
max, ∀i ∈ B (5.17)

V ξ
i ≤ Vref , ∀i ∈ Bsub (5.18)

(1− γe)
ξ
[
Mp M q

]
≤
[
P ξ
e Qξ

e

]
≤ (1− γe)

ξ
[
Mp M q

]
,

∀e ∈ L\LS ∪ {L̂tS,LvS}
(5.19a)

(γs,ξe + 1− x̂se)
[
Mp M q

]
≤
[
P ξ
e Qξ

e

]
≤

(γs,ξe + 1− x̂se)
[
Mp M q

]
,∀e ∈ LS ∪ {L̂tS,LvS}

(5.19b)

DG Constraints:

• The DGs have a grid-forming capability and can form islanded microgrids when

the service from the upstream substation is disrupted if required. Constraint (5.20)

ensures that the maximum flow on the virtual edge corresponding to each DG unit

is less than or equal to its sizing decision, βDGi , for each scenario ξ.

∑
ϕ∈{a,b,c}

P ϕ,ξ
e ≤ δξex

DG
i βDGi , ∀e ∈ LvS,∀i ∈ BDG (5.20)

CV aRα Constraints: Constraint (6.20) bounds the CVaR excess variable, ν, to

consider scenarios greater than VaR, η. Here, η is the first stage decision variable

which is consistent for all scenarios. Hence, the confidence level α determines the

portion of distribution for ν. Furthermore, ν must be a positive real number for

loss-based distributions.

νξ ≥ Q(X, ξ)− η, ν ∈ Rn
+ (5.21)
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5.3.3 Scenario Generation and Reduction

This section discusses the process of generating stochastic damage scenarios. The

regional historical wind gust data are collected from the weather station database,

and an appropriate PDF is estimated using (5.1) and (5.2). The wind event scenarios

and respective probability of occurrence are obtained from (5.3). Then, fragility mod-

els are developed for each line segment based on (5.4)-(5.6). Selective Monte Carlo

simulations (MCS) are conducted to observe failure scenarios due to the probabilistic

nature of damage scenarios and extreme wind conditions. While traditional scenario

generation methods primarily rely on random sampling of extreme wind events, they

often overlook wind events corresponding to tail events due to their lower probability.

To address this limitation, various sampling techniques, such as stratified and impor-

tance sampling, have been proposed to sample HILP events [24]. This work uses an

event-driven scenario generation and selection approach as proposed in [10]. First,

MCS is conducted for each wind gust u to generate damage scenarios. This is similar

to creating strata of each wind gust and conducting simulations. This ensures that

all wind gust conditions are included in the scenario generation phase. Let Nξ,u be

the total number of Monte-Carlo trials for each u and Lu = E(Lξ,u) be the expected

system loss corresponding to each u. The loss refers to the total prioritized load

isolated from the system as a result of faults due to component damages. Unlike our

previous work in [1], we introduce the operation of sectionalizing switches, which can

isolate the faulted parts of the network. The prioritized load loss is calculated for

nodes isolated from the main network. These scenarios represent base case scenarios

without additional planning measures. A total of Nξ,u ×Nu scenarios are generated,

where Nu corresponds to the number of unique discrete wind gust values in a region
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and is automatically identified from the probability assessment method discussed in

Section 5.2.1. Hence, Nu is larger for regions with higher variation in wind conditions

than regions with very low variation in wind conditions. Next, for each u, a represen-

tative scenario ξu is selected to be closest to the converged Monte-Carlo loss for the

specific u. In other words, the objective for scenario selection is to select a scenario

ξu for each u such that |Lu −Lξ| is minimum. In the case of multiple selections, one

scenario is selected randomly. Hence, this method reduces the number of scenarios to

Nu from Nξ,u ×Nu scenarios. More discussions on scenario generation and selection

strategy with detailed case studies are presented in [10].

5.4 Results and Analysis

In this section, we discuss the validation of the proposed approach and conduct an in-

depth trade-off analysis of the resilience planning decisions. The proposed approach

is validated on a modified IEEE-123 bus system, as shown in Fig. 5.4. The test case

contains two existing tie-switches, and we include 13 sectionalizing switches that can

assist in fault isolation and reconfiguration of the networks. The system also consists

of underground lines, which are assumed to be insusceptible to wind damage. The

system’s total non-prioritized active power demand is 4485 kW whereas the prioritized

active power demand,
∑

iwiPLi, is 11725 kW for wi = 5. The risk-averse two-stage

optimization model is formulated using the PySP module in Pyomo [25] and solved

as a large MILP problem using off-the-shelf solvers with mipgap of 1e−3.

For investment, five candidate lines are selected for tie-switch placement. Due

to the lack of geographical coordinates information on the test case, we assume a

constant length of 150 ft for the distribution line that should be installed along with
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Figure 5.4 Modified IEEE-123 bus test system.

tie-switches. Similarly, we assume candidate DG locations where grid-forming DGs

with islanding capabilities can be sited. For line hardening, we assume each line is a

potential candidate for hardening. The poles in each line segment are assumed to have

a constant span of 150 ft. Considering that most utility wooden poles in the United

States are 40 ft Class 4 (40/4) [16], in which more than 80% are made from Southern

Yellow Pine [17], we assume all the poles in the system are of Class 40/4 made from

the same material. For upgrading the pole, we propose upgrading each of the poles
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Table 5.1 Resilience Planning Investment Costs

Investment Strategy Cost ($) Ref

Distribution lines

with tie-switches

line installation 100/ft. -

tie-switch placement 15000/unit [5]

Line Hardening
1-phase segment 75/ft. -

3-phase segment 126/ft. [26, 17]

DG installation
Natural gas

microturbine units
920/kW [27]

to Class 40/3 such that the upgrades also require the reconductoring of conductors.

Table 5.1 provides the cost breakdown of each resource investment. The DGs and

tie-switches are assumed to be of a 3-phase configuration. The DGs are assumed

to be natural gas microturbine units with variable capacity for demonstration. For

1-phase segments, the cost of hardening is assumed to be 60% of the cost for 3-phase

segments, considering the similar amount of labor hours.

5.4.1 Wind and Fragility Models

The region of study is focused in Fort Myers, Florida, where the wind gust data

from January 1, 2010, to December 31, 2023, is obtained using a historical weather

API platform [28]. We extract daily maximum wind gusts above 10 meters from the

ground. The probability density of the wind gust data is estimated using (5.1) with

Gaussian kernels and h = 0.35. Upon testing different values of h, h = 0.35 provided

a better trade-off on smoothness vs fit on the actual data distribution. Fig. 5.5(a)

represents the histogram and KDE of the wind gusts with a few days having maximum
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(a) (b)

Figure 5.5 a) Historical wind gust data in Fort Myers, Florida, and its
density estimate with Gaussian kernel. b) Wind gust scenario probability
estimation.

wind gusts above 100 mph, representing HILP scenarios. The probability of the wind

gust scenarios, represented in Fig. 5.5(b), is obtained using (5.3). We consider ∆u = 1

mph to compute p(u) assuming that the variation and impact of the wind gust event

remain the same within a range of 1 mph. The fragility of 1-phase and 3-phase

line segments with Class 40/4 wooden poles and ACSR conductors are shown in

Fig. 5.6(a). The fragility models for poles and conductors are separately derived

using (5.6) based on their individual coefficients presented in [16], which are modified

slightly for simulation purposes. In this study, we consider ψ = 90o such that the

components incur maximum impact during wind events.

5.4.2 Planning Model Trade-offs

The planning decision trade-offs are based on several parameters that can affect the

decisions. The simulations for trade-off analyses are conducted with α = 0.95, N h
max =

10, and CTmax = $1 M for consistency, unless specified otherwise.
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Fragility Model

Fig. 5.6(b) shows a comparative study between risk-neutral and risk-averse cases when

using identical vs non-identical fragility models for each line segment. To generate an

identical model for each segment, we use the average fragility shown in Fig. 5.6(a).

For non-identical cases, each segment has its own fragility curve defined by its config-

uration, number of phases, number of poles, and conductors. Interestingly, the case

with identical fragility overestimates CV aR0.95 for the risk-neutral case and under-

estimates it for the risk-averse case compared to the case with non-identical fragility

models. The average model increases the fragility of robust segments and decreases

the ones of non-robust segments in a network. Thus, such approximation can cause

misjudgment in identifying the risk of extreme events within the planning framework.

It is to be noted that the average is still a representative fragility of overall compo-

nents in the network. A worse analysis could be in a case where steel pole fragility

is approximately used in a system with wooden poles and vice-versa. This highlights

the importance of accurate fragility models and data availability in power distribution

systems.

Risk preference

The risk-based decisions in CVaR-based planning problems have two different risk

parameters, α, and λ. Here, α determines the confidence level in CV aRα and defines

the proportion of scenarios to consider when defining the system risk. For instance,

α = 0.95 means that only 5% of the tail event scenarios are risky, and the risk-averse

policies are defined for those representative events. However, for lower alpha values,

the value of V ARα decreases, and more scenarios are considered risky as CV aRα
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Figure 5.6 a) Fragility models of 1-phase and 3-phase line segments. b)
Sensitivity of CV aRα with change in fragility models.
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Figure 5.7 Sensitivity of CV aR of the prioritized load loss with respect to
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Figure 5.8 Multi-resource trade-offs for CTmax = $2 M. The size represents
the expected, whereas the color represents the CV aR0.95 of load loss.

represents the expected value of losses beyond V aRα. This can increase the planning

expenses as the system operators have to plan for more events considered as “risk”

to the system. Fig. 5.7 shows the CV aRα of prioritized load loss for different values

of α and risk considerations. It can be observed that with higher values of α, the

CV aRα decreases as the V ARα decreases, which shifts the CV aRα to the lower side.

Additionally, the CV aRα decreases with an increase in risk aversion of the system

operator. Although the change in CVaR looks smaller at first glance, it is important

to note how the restoration of critical loads is affected by risk aversion. For α = 0.95,

the risk-neutral solution (λ = 0) picked up 670.45 kW while the risk-averse solution

((λ ≈ 1) picked up 822.5 kW of prioritized critical load on average during the HILP

events. In Fig. 5.8, it can be seen that risk aversion can indeed reduce the CV aRα

of load loss. Furthermore, it is important to note that being too conservative on

the risk minimization can affect the system’s normal operation, which is reflected by

increased expected load loss in Fig. 5.8. Hence, it is important to identify a balance

and analyze such trade-offs when making planning decisions. Thus, it is essential to

identify appropriate values of α and the λ of the system operator to better analyze
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the resilience planning tool.

Multiple Resources

Fig. 5.8 shows the multiple resources trade-offs for a planning budget of CTmax = $2 M.

The size of the data points refers to the expected load loss, and their color represents

the CV aR0.95 of the load loss. For each data point, the combination of resources can

be represented as a tuple (D,h,s) where D represents DG, h represents line hardening,

and s represents tie switches. The DG can be installed with a maximum capacity of

either 200 kW or 400 kW in each location. Similarly, the number of lines that can be

hardened or the number of tie switch investments are limited with N h
max and N h

max,

respectively. Here, inf refers to the maximum number of investments i.e., all the

lines can be hardened, and all candidate switches can be installed, if needed. It is to

be noted that limiting the number of investments in one resource over the other can

provide biased planning decisions. However, such a method provides flexibility to grid

planners when the budget is restricted towards one investment over the others. For

instance, grid planners may be required to spend the majority of $2M for DG instal-

lations as required by the budget policy. However, it is observable from Fig. 5.8 that

(400, 0, 0) only provides a slight improvement on CV aR0.95 but little to no improve-

ment on the expected load loss. However, if the grid planners optimize the budget to

install a single unit of DGs and redistribute the budget to line hardening and switch

investments i.e., (200, ·, ·), then the planners can improve both the expected load loss

and CV aR0.95 of the load loss for various such combinations while respecting the

budget policy. It is also interesting to notice that line hardening provides maximum

resilience as investing the entire budget in line hardening decreases the expected loss
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and risk for any risk preference. The reason behind minimal improvement with DGs

and tie switch investment is due to the fact that the solver avoids connecting sections

that are out of service due to a faulted region to prevent the faulted region from

being energized. However, line hardening can re-energize the faulted section as addi-

tional sectionalizers can participate in network reconfiguration due to the hardening

of the faulted lines within the region. Hence, it is important to identify the right

combination of resources based on the policy, regulations, and planning objectives.

Planning Budget

Fig. 5.9 represents the budget distributions for N h
max and various values of CTmax

and λ. Interestingly, most of the budget is spent on line hardening for low-budget

situations, i.e., CTmax = $0.5 M. At the same time, a small proportion is allocated

to investment in remote-controlled tie-switches. The decision is somewhat consistent

for risk-neutral planning for CTmax = $1 M. However, the budget distribution shifts

towards DGs as the risk aversion parameter λ increases (where λ > 0). DGs dominate

the distribution regardless of risk preference in situations with a high budget. This

analysis is crucial because hardening more lines would connect the unserved loads to

the substation in scenarios with a lower budget. Given the high number of damages

in the HILP scenarios, the budget constraint makes investing in DGs and tie lines

challenging. These investments could only pick up a fraction of the loads to avoid

energizing the faulted parts of the network. However, with an increased budget,

there are more options to harden a few lines within the several areas served by the

DGs as microgrids. Therefore, these combined investment strategies can enhance the

resilience of the grid.
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Figure 5.9 Budget distribution in various planning decisions with respect
to risk preferences.

5.5 Summary

This chapter presented a comprehensive trade-off analysis in resilience planning de-

cisions for power distribution systems. We considered the planning trade-offs with

the fragility models of the components, risk preference, planning resources, and bud-

get allocation. The results conclude that considering extreme event risk within the

planning framework can focus on critical load pickup during HILP conditions, which

fails to get picked up when the decisions are made considering expected events only.

However, the results also suggest that being too conservative on the risk may hamper

the decisions for expected conditions. Hence, it is important to identify the balance in
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the risk preference for power distribution systems planning. This study also provides

an interesting direction in identifying system-level models and data requirements to

develop resilience planning tools for power distribution systems.
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CHAPTER 6

RESILIENCE PLANNING OF BULK POWER SYSTEMS AGAINST

EXTREME WEATHER EVENTS

6.1 Introduction

This chapter introduces a two-stage stochastic planning model for bulk power sys-

tems where the generation dispatch, line hardening, line capacity expansion, and

distributed generation sizing and siting decisions are proactively decided to minimize

the overall load shed and its risk for extreme weather scenarios. The risk of ex-

treme weather events is modeled using conditional value-at-risk, and a representative

scenario sampling method is used to alleviate computational complexity without sac-

rificing solution quality over a wide range of scenarios. Finally, the overall framework

is tested on a standard IEEE reliability test system to evaluate the effectiveness of

the proposed approach. Several planning portfolios are presented that can help sys-

tem planners identify trade-offs between system resilience, planning budget, and risk

aversion.

6.1.1 Motivation

In recent years, the frequency of severe weather events, such as hurricanes, flooding,

wildfires, and heat/cold waves, has risen significantly as a result of climate change.

The annual average number of disasters exceeding $1 billion from 1980 to 2022 is

8.1, whereas the most recent five years, from 2018 to 2022, has an average of 18 [1].

Approximately 83% of all major outages reported in the U.S. between 2000 and 2021

were weather-related [2].
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The aftermath of such events incurs significant socio-economic losses to the end

users and an economic burden on the grid operators. For example, the economic

losses due to Hurricane Ida were more than $55 billion in Louisiana alone due to

wind and storm surge damage, with an additional $23 billion flooding damage in the

Northeastern US [3]. The unusually cold weather event that hit Texas in 2021, the

coldest weather event in Texas since 1989, caused more than 10 million customers

without power and caused a financial impact of $ 4 billion [4]. The occurrences and

severity of such events are more likely to increase in the future as a result of global

warming and climate change. All these facts illustrate the importance of increasing

the power system’s resilience.

One way to increase the system’s resilience is by implementing short-term actions

during/after disasters, and many works focus on this domain. A post-event islanded

grid operation with load criticality is considered in [5]. [6],[7] have studied the proac-

tive operation of the grid where various resources are scheduled to ensure the feasible

operation during the event progressing. Siting and sizing of available resources might

not be sufficient to support the resilient-oriented operation of the system, and long-

term resilience-based planning of the system needs to be done. Traditional-based

long-term planning of power systems considers the contingency of one (N-1) or two

(N-2) equipment where the system should survive fully even if there is failure of one

or two components [8] respectively. It is not economically feasible to go for a higher

contingency value due to budget limitations, and consequently, it fails to consider the

impact of extreme weather events while planning.
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6.1.2 Related Literature and Gaps

There are several works focusing on resilience enhancement transmission planning.

In [9], a two-stage stochastic model is developed for transmission expansion and gen-

eration installation. The study presented in [10] introduces a data-driven planning

model for transmission systems. This model aims to identify the most effective port-

folio for enhancing resilience against extreme weather events in the power system.

However, the above works only focus on the worst-case scenario. Such kind of plan-

ning is too conservative as such a scenario occurs barely and resources might be

underutilized most of the time.

A resilient network investment model, considering many possible scenarios, that

co-optimizes substation hardening and transmission expansion to protect the system

against extreme events is proposed in [11]. Resilience-based planning of distributed

series reactors is proposed in [12]. However, the above works have restricted them-

selves, either to one or two types of investment decisions which might not give the

optimal utilization of budget as the advantages of combining different types of in-

vestments is higher which is illustrated in our work. [13] implemented the two-stage

stochastic model to identify the optimal combination of line expansion, substation

hardening, and DG installation but did not consider the impact of planning during

the normal operation of the system.

Moreover, most of all of these works consider the DC optimal power flow (DCOPF)

model, which is a decent approximation model for ACOPF. However, DCOPF does

not necessarily have resilience considerations when the generator dispatch decisions

are made. The work in [14] addresses this issue by formulating a resilience-driven

proactive dispatch model. However, the approach only considers a targeted number
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of outage scenarios, which is inappropriate for planning purposes. For instance, ten

different line outages might incur no loss in a meshed network. However, the outage

of even two lines connecting the generator to the load can instigate a blackout in the

system. Additionally, none of the above-mentioned works consider risk minimization

and only focus on expected outcomes, which often fail to characterize and incorporate

system resilience within the optimization.

6.1.3 Contribution

This chapter proposes a resilience-driven two-stage stochastic planning model where

generation proactive dispatch, line hardening, line capacity upgrading, DG siting,

and sizing decisions are decided to minimize the expected load loss and generation

curtailment while minimizing the risk of load loss. The risk is modeled using condi-

tional value-at-risk (CVaR), which has been widely used in other risk-based planning

models [15]. The generation dispatch and line hardening decisions are proactively

decided so as to minimize the total load shed and generation curtailment for extreme

weather scenarios. A similar planning model is presented in [14] where the planning

decisions are based on a targeted number of outage scenarios. However, such a sce-

nario selection method is not appropriate for planning purposes. For instance, ten

different line outages might incur no loss in a meshed network. However, the outage

of even two lines connecting the generator to the load can instigate a blackout in

the system. Hence, scenario selection based on a targeted number of outages will be

difficult to justify in a planning model. Furthermore, this work has not included risk

metrics for the planning decision. A regional wind profile represents the extreme wind

storm event, and the impact on the grid is observed using component-level fragility
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curves. Such a regional wind profile-based method is appropriate for long-term plan-

ning methods. However, for short-term and operational planning, it is desired to plan

according to the nature of an upcoming event. Based on the regional wind profile

and component level, the failure probability of the component is obtained based on

its fragility curve and the wind speed experienced by it. Since the event is not deter-

ministic, many scenarios need to be taken. The number of scenarios is chosen in such

a way that convergence is obtained when the system is exposed to such scenarios.

The damage scenarios are generated using Monte-Carlo simulation, and to alleviate

the computational complexity, a strategic representative scenario selection method

is utilized as described in [15]. Finally, a two-stage risk-averse stochastic problem is

formulated where the first stage involves planning and proactive generator dispatch

decisions, whereas the second stage facilitates optimal operation of the power grid

based on the planning decision for every scenario. The overall contributions of this

chapter are:

1. A risk-based resilience planning model for electric power systems: We propose

a two-stage risk-based mixed integer linear programming (MILP) model for

resilience planning in the power grid. The planning decisions include proactive

generator dispatch decisions, line hardening, line capacity upgrade, and DG

siting and sizing. The effectiveness of the proposed resilience-driven planning

model is tested on the IEEE Reliability Test System [16]

2. Trade-off analysis on multiple planning portfolios: A comprehensive trade-off

analysis is presented on several resource portfolios compared to the planning

budget and risk aversion. The grid operators can effectively utilize the trade-off

in making planning decisions based on the planning objective and availability
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of the budget and resources.

6.2 Resilience-driven Planning Modeling

6.2.1 Two-stage Stochastic Planning Model

The DCOPF model obtains the cost-economical generation dispatch decisions. How-

ever, DCOPF-based dispatch decisions do not consider system resilience and future

extreme events within its model. Furthermore, once the dispatch decisions are iden-

tified, generators are constrained by their ramp rates, which makes it challenging

to re-dispatch in case of extreme weather events. The proposed two-stage stochas-

tic planning model provides generation dispatch, and investment planning decisions

to minimize the total load shed and risk due to extreme weather scenarios. The

two-stage problems are described below.

First Stage Problem

The overall planning decisions obtained after solving the first stage problem are the

line hardening decision (xh), line capacity expansion decision (xu), DG sizing (xDG),

and siting (ζDG) decisions, and proactive generator dispatch decision (PG). The ob-

jective function in (6.1) minimizes the weighted sum of expected load shed (P̂D,ξ
i ) and

CVaR and an additional generation curtailment (P̂ ξ
iG

) for a set of extreme weather

event scenarios, ξ ∈ E . The generation curtailment term, weighed by γ, is intro-

duced to maintain a feasible power flow solution in cases when there are islands with

more generation than load. The value of γ is set very low to ensure higher prior-

ity to minimize the weighted sum of expected load shed and CVaR. CVaR has been

widely adopted as a risk metric for resilience planning and quantification in power
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systems and can be easily integrated with stochastic models [15] and is described in

detail in [17]. The weighing term λ ∈ [0, 1] represents the risk aversion of the system

planner, which increases monotonically with λ.

Eqs. (6.2) - (6.6) represent first-stage DCOPF constraints for identifying generator

dispatch decisions to minimize (6.1) for all scenarios. Constraint (6.2) ensures the

power balance in each bus such that the generation and incoming power on the bus

are equal to the outgoing power, demand (PD
i ), and shunt conductance (Gi) on the

same bus i ∈ B. The line flow is maintained by (6.3), which is the product of line

susceptance Be = xe
−1 and angle (θ) difference between the two buses connected by

the line. For transformers, the line flow is also guided by their turn ratio (NT
e ) or

phase shift angle (ΦT
e ) as shown in (6.5). Constraints (6.4) - (6.6) bound the active

power flow from the generators (P⟩G), active power flow on the lines(Pe) based on their

thermal limits (Pmax
e ), and angle difference between two buses in a line respectively.

For economic and physical operating reasons, some generators should have a minimum

generation level below which they cannot operate. Hence, Pmin
iG

ensures that for

such generators, a minimum generation level is always maintained if operated. Eqs.

(6.7) - (6.9) represent constraints for first-stage investment decisions. Constraint

(6.7) ensures that the investment on hardening, capacity upgrade, and DGs do not

exceed the maximum planning budget of CmaxT , (6.8) restricts the maximum number

of investment for each investment decision, and (6.9) constraints the size of DG unit

that can be placed in each bus. It is done to decrease the computational complexity.

In this work, the amount of connected bus load and utilization factor of DG units

guide the maximum capacity of the DG unit at that bus.
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min(1− λ)E

(
F(x, E) +

γP̂ E
G

1− λ

)
+ λCV aRα(F(x, E)) (6.1)

where,

x ∈ {xh, xu, xDG, ζDG, PG}

E(F(x, E) + γP̂ E
G ) :=

∑
ξ∈E

pξ

(∑
i∈B

P̂D,ξ
i + γ

∑
iG∈G

P̂ ξ
iG
)

)

CV aRα(F(x, E)) :=

(
η +

1

1− α

∑
ξ∈E

pξνξ

)
subject to,

∑
iG∈GB

PiG +
∑

e:(j,i)∈L

Pe −
∑

e:(i,j)∈L

Pe = PD
i +Gi

∀i, j ∈ B,GB ∈ G

(6.2)

Pe =
Be

NT
e

(
θi − θj − ΦT

e

)
∀e : (i, j) ∈ L i, j ∈ B (6.3)

Pmin
iG

≤ PiG ≤ Pmin
iG

∀iG ∈ G (6.4)

−Pmax
e ≤ Pe ≤ Pmax

e ∀e : (i, j) ∈ L (6.5)

−θmaxe ≤ θi − θj ≤ θmaxe ∀e : (i, j) ∈ L, i, j ∈ B (6.6)

∑
e∈L

chex
h
e +

∑
e∈L

cuex
u
e +

∑
i∈B

cDGi xDGi ≤ CmaxT

∀e : (i, j) ∈ L
(6.7)
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∑
e∈L

xhe ≤ Nh,
∑
e∈L

xue ≤ Nu,
∑
i∈B

ζDGi ≤ NDG ∀e : (i, j) ∈ L (6.8)

0 ≤ xDGi ≤ ζDGi PDG,max
i ∀i ∈ B (6.9)

Second Stage Problem:

For the given first stage decision, this stage solves for the optimal operation con-

sidering each scenario. Since, the second-stage problem is solved for each scenario,

the second-stage variables are parameterized by ξ throughout this paper.The objec-

tive function in (6.10) minimizes the load shed (P̂D,ξ
i ) and an additional generation

curtailment (P̂ ξ
iG

) for a scenario, ξ ∈ E .

Constraint (6.11) restricts the generation re-dispatch within its maximum and

minimum ramping ability based on the first stage proactive dispatch. Generators are

limited in terms of active power modulation by their ramp rate, which is usually based

on their maximum and available capacity once they are dispatched. Therefore, it is

desired to carefully decide the optimal generation dispatch to enhance the system’s

resilience. The power balance at each bus for each scenario is maintained by (6.12),

where generation curtailment and load shedding variables are introduced. Here, xDGi

supplies additional generation to minimize the load shed. Constraint (6.13) decides

the line connectivity based on the outage and hardening decision. Here, πξe is an

exogenous parameter and is known when a scenario is realized such that when xhe = 0,

δξe = πξe and when xhe = 1, δξe = 1. Constraints (6.14) - (6.16) ensure that the power

flow in a line is 0 for out-of-service lines for every scenario. When δe = 0, the power

flow through the open line becomes 0, P ξ
e = 0, which makes θi − θj unconstrained.
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For normal conditions, the flow is constrained by a large number M. The first-

stage capacity upgrade decision xue is incorporated in (6.15), such that if xue = 1

then the existing line capacity will be upgraded by a factor of ϕue , which is a known

parameter. The capacity upgrade decision will still depend on whether the line is

in-service (δe = 1) or out-of-service (δe = 0). Eq. (6.15) is non-linear and hence is

linearized using the Big-M method as suggested in [18].

min

(∑
i∈B

P̂D,ξ
i + γ

∑
iG∈G

P̂ ξ
iG
)

)
(6.10)

−PR
iG

≤ PiG − P ξ
iG

≤ PR
iG

∀iG ∈ G, ∀ξ ∈ E (6.11)

∑
iG∈GB

(P ξ
iG

− P̂ ξ
iG
) +

∑
i∈B

xDGi +
∑

e:(j,i)∈L

P ξ
e −

∑
e:(i,j)∈L

P ξ
e =

PD
i +Gi − P̂D,ξ

i ∀i, j ∈ B, ∀ξ ∈ E ,GB ∈ G

(6.12)

δξe = πξe + xhe − πξe × xhe ∀e : (i, j) ∈ L, ∀ξ ∈ E (6.13)

−(1− δξe)M ≤ P ξ
e ×NT

e

B
−
(
θξi − θξj − ϕTe

)
≤ (1− δξe)M

∀e : (i, j) ∈ L, i, j ∈ B, ∀ξ ∈ E
(6.14)

−δξe(1− xue )P
max
e − (1 + ϕue )x

u
eδ
ξ
eP

max
e ≤ P ξ

e ≤ δξe(1− xue )P
max
e

+(1 + ϕue )x
u
eδ
ξ
eP

max
e ∀e : (i, j) ∈ L, ∀ξ ∈ E

(6.15)

−θmaxe − M(1− δξe) ≤ θξi − θξj ≤ θmaxe + M(1− δξe)

∀e : (i, j) ∈ L, i, j ∈ B, ∀ξ ∈ E
(6.16)
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Pmin
iG

≤ P ξ
iG

≤ Pmax
iG

∀iG ∈ G, ∀ξ ∈ E (6.17)

0 ≤ P̂D,ξ
i ≤ PD

i ∀i ∈ B, ∀ξ ∈ E (6.18)

0 ≤ P̂ ξ
iG

≤ P ξ
iG

∀iG ∈ G, ∀ξ ∈ E (6.19)

νξ ≥ F(x, ξ)− η, ν ∈ Rn
+, ∀ξ ∈ E (6.20)

Constraints (6.17) - (6.19) limit the active power generation from a generator to

its maximum capacity, load shedding limit to the maximum demand per bus, and

generation curtailment to the maximum generation dispatch per generator in each

scenario. The CVaR-based constraint is represented by (6.20), which ensures that νξ

is greater than or equal to the load-shed at η for each scenario ξ ∈ E .

6.3 Probabilistic Scenario Generation and Selection

This section describes the scenario generation and selection procedure for resilience-

based planning. It describes how an event and its impact on the power grid is modeled.

A representative scenario selection method is also discussed. The overall planning

framework is shown in Fig. 6.1.

6.3.1 Scenario Generation

An event can be defined by its probability of occurrence and the corresponding inten-

sity. One such example of an event related to wind profile in three different regions
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Figure 6.1 Overall framework of risk-based planning model.

observing extreme, high, and normal wind profiles is shown in Fig. 6.2. Component

level fragility curve or prototype curve fits model can be used to assess the damage

in the system due to hazards [19]. For each wind speed, the component level fragility
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Figure 6.2 Regional wind profile [19].

curve determines the operational state of the component. The fragility curve maps

the wind speed to the damage probability of the component and thus can be used

to determine the impacts of the event on the power system. Here, we use an em-

pirical component-level fragility curve and assume that only transmission lines will

be damaged due to extreme wind events. The empirical model can be replaced with

known fragility models if the data is available. The mathematical relation to map

wind speed to the fragility curve is given below:

pf (v) =


P n

f , if v < vcritical

Pf (v), if vcritical < v < vcollapse

1, if v > vcollapse

where, Pf (v) is the failure rate of the component as a function of wind speed v,

P n
f is the failure rate at normal weather conditions, vcritical is the wind speed at which

failure probability rapidly increases and beyond vcollapse, the component fails.

To evaluate the impact of wind-induced damages on the power system, Monte-
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Carlo simulations (MCS) are conducted for each wind speed to determine the system

loss until the moving average loss converges. In steady-state conditions, before the

system is subjected to an event, we run DCOPF on the model to mimic the normal

and economic operating conditions of the generators. When an extreme event is

realized, it is assumed that the available capacity to each generator is fixed to this

pre-dispatched value as it is difficult to adjust the dispatch depending on the ramp

rate and type of generator. During or after the grid disruption due to an extreme

event, the network may become disconnected, resulting in the formation of many

islands. Loads on a particular island can get power only from generators available

within the island and any mismatch between load and generation within an island is

considered a load shed. In this work, we do not consider the dynamics of the grid

and assume that each island is operationally stable. The converged load loss of each

wind speed is then mapped to the regional wind profile probability density function.

6.3.2 Scenario Selection

In MCS, a large number of scenarios need to be generated so that it can represent

all possible circumstances. However, is is computationally challenging to incorporate

all of the scenarios in the stochastic model. Hence, to solve the problem efficiently,

scenario reduction methods are proposed to select representative scenarios from a

large set of scenarios [20]. Some other works propose sampling techniques like impor-

tance sampling [21], stratified sampling [22], and probabilistic-distance reduction [23].

These methods have their own trade-off regarding solution time and quality. In this

work, we use a method that is closely related to stratified sampling and distance

reduction methods.
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Let us consider that N ξ
v is the total number of scenarios generated for a corre-

sponding wind speed, v, with Nv discrete samples of wind speed. Let Lavgv represent

the converged MCS loss for each v. Then, the total number of scenarios can be rep-

resented as Ξ = N ξ
v × Nv. The representative scenario, ξv, is chosen such that the

distance, here loss, between ξv and average value Lavgv will be smallest. Thus, one

representative scenario out of N ξ
v scenarios is chosen corresponding to each v. In

total, we have Nv representative scenarios out of total Ξ scenarios. The method is de-

scribed in detail in [15]. Once the representative scenarios are selected, the two-stage

stochastic planning model discussed in Section 6.2 is then optimized for the selected

range of scenarios to enhance the overall resilience of the system.

6.4 Results and Analysis

6.4.1 Test Case and Parameters

The effectiveness of the proposed resilience-driven planning model is tested on the

IEEE Reliability Test System-GMLC [16]. The test system is a 73-bus system having

158 generators with a total generation capacity of 14.55 GW, 120 branches with

realistic branch parameters, and a total demand of 8.55 GW. The two-stage stochastic

MILP model is formulated using Pyomo [24] and solved using Gurobi [25]. Scenario

generation and scenario reduction methods are implemented in MATLAB2023a, and

DCOPF is solved using MATPOWER [26]. All experiments are simulated on a PC

with 16 GB RAM and Intel i7-6700 CPU @3.4GHz.

The factor of generation curtailment in (6.1), γ, is selected as 0.001 to prioritize

minimizing the weighted sum of expected load shed and CVaR. The confidence level

for CVaR is taken as α = 0.95. The risk-neutral solution is represented by λ = 0,
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Table 6.1 Cost for each planning measure.

Planning Measure Cost × ($1 mil)

upgrade 138 kV line 1.5 per mile [27]

upgrade 230 kV line 1.8 per mile [28]

harden 138 kV line 7.5 per mile

harden 230 kV line 9 per mile

DG unit installation 1.8 per MW [29]

and the risk-averse solution is represented by λ = 0.95. The test case has different

types of generator units with their corresponding ramp rates. We assume that the

generators can ramp up or down to a maximum of 5 minutes, corresponding to their

ramp rate. For capacity upgrade, ϕue is chosen as 1, which means that if a line is

decided to be upgraded, then the line capacity is doubled. For each bus, the size of

the DG unit is limited to 50% of the total load, and a utilization factor of 50% is

assumed. This means that for each bus i ∈ B, PDG,max
i ≤ 0.25× PD

i . The individual

cost of other investment measures are given in Table 6.1. The cost of hardening a

line (undergrounding) is assumed to be five times greater than the upgrade cost for

the same line rating. The overall planning budget CmaxT is varied from $0.5 billion to

$3 billion.

6.4.2 Scenario Generation and Selection

Wind events scenarios are generated using method detailed in Section III-A. We

sample Nv = 49 distinct wind speeds to represent extreme wind events, and conduct

1000 MCS trials for each wind speed considering the fragility model of transmission
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lines, thus resulting in a total of Ξ = 49000 scenarios. The rationale behind choosing

1000 trials is that it ensures enough convergence for the moving average load loss

in this experiment. Fig. 6.3 shows the box plot of load loss for all scenarios with

outliers denoted by red marks. At a windspeed of v = 49 m/s, it is observed that

the system experiences a maximum load loss of 5.033 GW, equivalent to 58.8% of

the total load. The reason for not having total blackouts even at tail-end events

stems from the network topology of the transmission system and multiple generator

availability at many buses. These generators create isolated islands that continue to

supply power to local loads. A total of Nv representative scenarios are selected based

on the method described in Section III-B. The corresponding plot of reduced scenarios

is shown in the black curve in Fig. 6.3. It is worth mentioning that this reduction

method incorporates the sampling of HILP events, which enhances its suitability for

addressing resilience planning problems.

6.4.3 Resilience Planning

Table. 6.2 compares the expected load shed and CVaR for various planning strategies,

budget, and risk aversion. For the base case, scenarios obtained from the scenario se-

lection method are considered to calculate the expected load shed and CVaR. In this

case, no operational decisions are carried out. For the DCOPF + re-dispatch case,

generator dispatch decisions are obtained by solving the DCOPF problem without

damage scenarios. Then, the dispatch decisions are fixed as the first stage dispatch

decisions in the optimization model with no other planning decisions. The optimiza-

tion model is then solved to consider re-dispatch decisions corresponding to each

scenario. For the resilient re-dispatch case, the first-stage dispatch decisions are also

217



1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49

wind speed (m/s)

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

lo
ad

 s
h

ed
 (

G
W

)

representative scenarios

Figure 6.3 Loss distribution of overall scenarios for each wind speed.

obtained from the optimization model, contrary to the prior cases, where the first-

stage generator dispatch decisions were fixed. The remaining cases consider resilient

re-dispatch of generators along with hardening, upgrade, and DG decisions. In these

cases, the maximum number of investments for each decision is fixed to 10. It can

be observed that CVaR is minimum when considering all investment decisions for

λ = 0.95, CmaxT = $ 3 bil, which is an improvement of 68.32% from the baseline case.

However, the expected load loss is minimal when considering all investment decisions

for λ = 0, CmaxT = $ 3 bil, which is an improvement of 81.79% from the baseline

case. There is a slight trade-off observed in the expected load shed when the risk

aversion increases, irrespective of budget. This is normal as the optimization model

focuses on investing more to minimize the impact of HILP events, which can lower

the performance slightly during expected conditions.

218



DCOPF + redispatch

(a) P̂D
i = 3384.6 MW, % load shed = 39.58%

resilient re-dispatch

(b) P̂D
i = 3344.6 MW, % load shed = 39.18%

 = 0 and max
T : $0.5 bn

(c) P̂D
i = 2970.9 MW, % load shed = 34.74%

 = 0.95 and max
T : $0.5 bn

(d) P̂D
i = 2843.1 MW, % load shed = 33.25%

 = 0 and max
T : $3 bn

(e) P̂D
i = 1961.55 MW, % load shed = 22.94%

 = 0.95 and max
T : $3 bn

(f) P̂D
i = 1550.2 MW, % load shed = 18.13%

out-of-service
in-service

harden 138kV
harden 230 kV

upgrade 138kV
upgrade 230 kV

upgrade+harden 138kV
upgrade+harden 230 kV

load shed
DG

Figure 6.4 Comparison of total and % load shed for various planning strate-
gies.

219



Table 6.2 Expected load shed and CVaR for various planning strategies,
risk aversion, and budget.

λ Cmax
T Planning Strategy

E(F(x, E) CVaR0.95(F(x, E)

Value (MW) Change (%) Value (MW) Change (%)

- - DCOPF (base case) 318.68 - 4588.07 -

- - DCOPF + re-dispatch 162.14 49.12 3028.22 34

- - resilient re-dispatch 158.87 52.34 2966.17 35.35

0 $0.5 bil Nh, Nu, NDG = 10 119.78 62.41 2634.85 42.57

0.95 $0.5 bil Nh, Nu, NDG = 10 128.23 59.76 2544.01 44.55

0 $3 bil Nh, Nu, NDG = 10 50.01 81.79 1612.12 64.86

0.95 $3 bil Nh, Nu, NDG = 10 77.68 75.62 1453.48 68.32

The justification above is further clarified by Fig. 6.4, which shows the optimiza-

tion decisions for a HILP scenario where v = 41 m/s and pξ = 0.000672. Although

multiple lines are out-of-service in this particular scenario, the system contains several

generators that can serve the load in the respective buses. However, the generators

are constrained by their ramp rates and dispatch set points, which is the first-stage

decision. The DCOPF + re-dispatch case is assumed as the base case here. The

resilient re-dispatch model has minimal improvement over the former model in terms

of load-shed minimization for this scenario. It is to be noted, however, that these

decisions were made considering the entire range of scenarios, and considering all

scenarios, the resilient re-dispatch model has an improvement of over 3% in expected

load shed minimization as compared to DCOPF + redispatch model, as shown in

Table 6.2. However, it is evident that the resilient re-dispatch model does not per-

form well in HILP conditions. For the rest of the cases, the overall planning decisions

change drastically depending upon the budget and objective. For this HILP scenario,
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Figure 6.5 Variation of expected load shed and CVaR of load shed for
varying planning portfolios risk-neutral decisions.

the minimal load shed condition is achieved by the risk-averse model with $3 billion

investment. Hence, this is an important conclusion that it is essential to minimize

CVaR when we want to minimize load shed for HILP scenarios. Interestingly, risk-

averse models tend to invest more in hardening 230 kV lines since these lines have

higher power-carrying capability and can serve more loads in case of failure of other

lines.

Fig. 6.5 and Fig. 6.6 presents a variation of expected and CVaR of load shed for
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Figure 6.6 Variation of expected load shed and CVaR of load shed for
varying planning portfolios risk-averse decisions.

various planning portfolios. The circle size represents the expected load shed for each

combination, whereas the color of the circles represents CVaR. The maximum cap on

each investment decision varies within [0, 1, 5, 10], where 0 represents the case when

no other planning decisions, other than generator dispatch decisions, are considered

i.e., resilient re-dispatch case. For a constant budget, increasing Nu has minimal

impact in minimizing both the CVaR and expected load shed, whereas increasing

Nh has the maximum impact in all conditions. The improvement when increasing
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Figure 6.7 Budget distribution for multiple planning decisions.

NDG is less than the line hardening but better than the capacity upgrade. When

considering capacity upgrades only, the improvement is minimal, even if the budget

is increased. In fact, increasing Nu in combination with other investments shows a

slight increment in risk for risk-neutral cases. However, the proper combination of

line upgrade, hardening, and DG can effectively minimize the expected load shed and

CVaR. Consistent with the prior results, CVaR is minimum when λ = 0.95, CmaxT =

$ 3 bil whereas the expected load shed is minimum when λ = 0.95, CmaxT = $ 3 bil.

The planning decisions corresponding to the Nu, Ne, NDG = 10 are taken, and the

overall budget distribution for each case is shown in Fig. 6.7. Interestingly, for lower

budget cases until CmaxT = $1 billion, the risk-averse model puts a significant amount

of budget in line hardening compared to other decisions. For CmaxT = $3 billion, a

considerable amount of the budget is shifted towards DGs. For the risk-neutral case,
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the budget proportion is almost the same for the first three budgets. However, when

CmaxT = $3 billion, the risk-neutral model increases the investment in line hardening.

For almost all cases, the capacity upgrade is least adopted and is only considered once

the budget for other investments has been fulfilled and the remaining budget can no

longer make those investments for a given objective.

6.5 Summary

This chapter presented a resilience-driven proactive generation dispatch and multi-

resource investment planning model using a two-stage stochastic optimization frame-

work. The proposed model can identify the optimal generation dispatch, lines to

harden, upgrade, and DG siting and sizing decisions, which can assist in minimizing

the expected load shed and CVaR of the load shed when extreme weather scenarios

are realized. The resilient re-dispatch model allows the generator to achieve a certain

set point from which they can modulate within the ramp rate constraints to mini-

mize the load shedding for a range of scenarios effectively. Detailed simulations and

analysis verified that the proposed method behaves considerably well compared to

DCOPF-based methods, which do not have resilience considerations. Furthermore,

risk-averse decisions for the same investment budget can significantly reduce load

shedding in HILP scenarios compared to other cases. It was also observed that line

hardening is the most effective, and line capacity upgrade is the least effective method

to minimize the load shed when considered as two independent investments. However,

it was also observed that an effective planning strategy can enhance the power grid’s

resilience against extreme weather events.
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CHAPTER 7

SCALABLE PLANNING FRAMEWORK FOR RESILIENCE

PLANNING IN POWER DISTRIBUTION SYSTEMS

7.1 Introduction

This chapter introduces a scalable resilience planning framework. As discussed in

the previous chapter, a two-stage risk-averse framework is proposed. This chapter

aims to test the scalability of the planning model in terms of model complexity and

scenarios. Hence, all performance experiments are conducted with random line outage

scenarios for expected load loss minimization. We use distributed generators (DGs)

with grid-forming capabilities and line-hardening decisions for planning decisions.

7.1.1 Motivation

In power engineering, the resource planning framework is divided into two categories

— long-term investment planning and short-term operational planning. Due to both

frameworks’ stochastic nature, planning models are significantly challenging to solve

with the increase in the number of scenarios. Although there have been modeling

improvements in the past, planning models for a size comparable with utility-scale

feeders are still unsolvable [1]. Hence, there is a need for a scalable framework for grid

planners to identify reasonable planning solutions in polynomial time. Moreover, the

complexity of the planning models, both due to model complexity and a high number

of scenarios, makes it increasingly difficult to obtain the planning solutions, let alone

assess their quality. This chapter discusses using a dual-decomposition approach to

scale the resilience planning model. For simplicity, we verify the proposed approach
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to the distribution systems model. However, the model is generic and applies to

transmission studies as well.

7.1.2 Related Literature and Gaps

Existing distribution systems resilience planning models suffer from the curse of di-

mensionality, where a marginal number of scenarios can increase the problem size

significantly [2]. Furthermore, most planning models are validated on smaller test

cases with several assumptions, making such models less accurate for real-world prob-

lems [3]. A few other works have developed frameworks for large-scale problems but

these works either compromise on the solution quality [4] or make several assumptions

to solve the problem [5]. Some of the scalability issues are readily solved via modeling

innovations [1], whereas other works follow an approach of scenario reduction [6] or

the use of advanced computing resources [7]. Nevertheless, there is a significant gap

in existing works that can address the issue of scalability in power systems planning.

7.1.3 Contribution

This chapter proposes a framework for large-scale planning problems in power systems

using dual decomposition techniques and high-performance computing architectures.

Specifically, the progressive hedging (PH) algorithm and its extensions are leveraged

to decompose the two-stage planning problem into scenario-based sub-problems by

relaxing the non-anticipativity constraints. The framework is tested on a realistic

9500-node distribution system for several scenarios. In this chapter, we develop a two-

stage stochastic programming model with grid-forming DERs and hardening decisions

for a 9500-node system. The problem is further decomposed into several sub-problems
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based on the number of damage scenarios in the model. The proposed approach can

solve a relatively complex stochastic optimization problem in significantly reduced

time and with reasonable accuracy compared to the extensive form version of the

problem.

7.2 Scalable Framework for Power Systems Planning

7.2.1 Dual-decomposition with Progressive Hedging

The compact version of a general two-stage stochastic programming model is exten-

sively discussed in Chapter 4 and can be written as

min cTx+ E(Q(x, E)) (7.1)

s.t.Ax ≥ b (7.2)

x ∈ R× Z (7.3)

Generally, these problems are solved as a single significant problem known as the

extensive form (EF) of the overall stochastic programming problem. Hence, it is

computationally challenging to build and solve such models for problems with many

scenarios, a large system model, or both. The problem complexity is due to the

non-anticipative nature of first-stage variables, x. In [8], a dual-decomposition tech-

nique known as Progressive Hedging (PH) decomposes each scenario by relaxing the

problem’s non-anticipation and introducing the objective’s dual variable and penalty

function. The non-anticipativity relaxation makes each scenario-based subproblem

independent, which is naturally parallelizable, as shown in Fig. 7.1. PH has been

proven to solve stochastic problems of any number of stages and with optimality in-
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volving continuous decisions. However, for problems with mixed-integers or binary

variables, PH has successfully been used as an excellent heuristic to get to a reasonable

approximation of the overall solution [9].

The following equation defines the overall objective of the PH algorithm:

xk+1
ξ , Q(xξ, ξ)

k+1 = argminxξ,Q(xξ,ξ)

(
cTx+Q(x, E + (τ kξ )

Txξ + ρk∥xξ − x̄k∥22
)

(7.4)

where τ is the dual weight variable, ρ is the penalty factor, and x̄ is the average

value of first-stage decisions obtained through a consensus. A common way to get the

consensus is through x̄ =
∑

ξ p
ξxkξ , i.e., get the average of first-stage decisions in each

scenario. Here, k is the number of iterations, and the first-stage decisions and duals

are iteratively updated until convergence. The convergence of the PH algorithm is

determined either by the maximum number of iterations k or through the normalized

term difference coefficient metric as given by:

∑
ξ∈E

pξ∥xk+1
ξ −x̄k+1∥22
x̄k+1

|E|
≤ ϵt (7.5)

Fig. 7.2 shows the summarized version of the PH algorithm. In every iteration, the

dual weight variable is updated based on the first-stage decisions and penalty factor

ρ.

7.2.2 Progressive Hedging Extensions

PH is a heuristic approach, especially for stochastic mixed-integer problems. Hence,

the solution quality and solve time significantly depend on the parameters that guide

the algorithm’s convergence. The methods to accelerate the convergence of the PH
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Figure 7.1 Scenario decomposition and non-anticipativity relaxation

Figure 7.2 Progressive Hedging Algorithm
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Figure 7.3 Two scenario bundles with two scenarios each

algorithm and improve the solve time are discussed in [9]. We briefly discuss some of

those innovations that apply to our planning problem.

Scenario Bundling

The concept of scenario bundling is to bundle some of the independent scenario sub-

problems and solve the extensive for each bundle. Each bundle then acts as one

sub-problem for the PH algorithm. Fig. 7.3 represent an example of two scenario

bundles each with two independent scenarios. Bundling scenarios can significantly

improve the quality of the solution. However, the solve time can increase significantly

depending on the number of bundles or scenarios per bundle since we are solving

extensive forms for each bundle [10, 11, 12]. In this work, we randomly bundle an

equal number of scenarios in different bundles.

Variable Fixing and Slamming

During early PH iterations, certain decision variables can converge to a fixed value

for all scenarios and do not change in subsequent iterations [9]. A lag parameter

µ is introduced as a user parameter that defines the variable fixing strategy if the
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decision variables remain unchanged for µ number of PH iterations. Furthermore, an

aggressive approach of variable slamming can be taken for mixed integer problems,

which can suffer cyclic behavior due to integer decisions. Some decision variables can

be fixed to their nearest lower or upper bound to avoid cyclic behavior. Additionally,

when most decisions have been fixed, PH can still take longer to reach convergence.

Hence, the remaining variables are slammed to get the current solution. These ap-

proaches can drastically minimize the overall solve time with a slight compromise on

the solution quality [9, 13].

Penalty Factor

The penalty factor, ρ is the most important parameter to accelerate the convergence

of PH algorithm [9, 12]. A usual approach is to select a fixed value of ρ for all

variables in entire PH iterations. However, several other approaches exist to select

the penalty factor’s value as suggested in [9]. The lower value of ρ facilitates slower

convergence with better solution accuracy, whereas the higher value of ρ does the

opposite. Hence, it is important to identify a proper value of ρ that can improve the

convergence time and solution quality of the overall problem. One approach other

than the fixed value approach is to select ρ proportional to the cost of the first stage

decisions. With this approach, the value of ρ will differ for each first-stage decision.

Existing works have shown that this method of ρ selection has significantly improved

the solution quality of problems solved via PH [12]. However, some problems suffer

from premature convergence and do not behave well with such approaches [9]. Hence,

ρ selection is problem-specific and should be carefully selected to improve the solution

time and quality.
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Lagrangian Lower Bound

The PH algorithm is a heuristic approach and can only provide the primal solution.

Often, the accuracy of primal solutions can only be assessed if they can be compared

with other solutions of the problem obtained through alternative approaches. A

general way to do that is to solve the extensive form of the overall problem and

compare the primal solution of the PH with the current solution of the extensive

form problem. However, such a method can only provide a range of solution regions,

not its bounds. In [12], the dual bound of the PH problem is mathematically derived

such that the dual weight variable τ(ξ) ∈ Rn satisfies
∑

ξ∈E pξτ(ξ) = 0. Obtaining

explicit bounds on the stochastic problem will help assess the solution quality. Let

Dξ(τ(ξ)) represent the objective term without penalty function such that,

Dξ(τ(ξ)) := min(x,Q(x,ξ)

(
cTx+Q(x, ξ) + τ(ξ)Tx

)
(7.6)

then the lower bound (upper for maximization problem) is given by,

D(τ) :=
∑
ξ∈E

pξDξ(τ(ξ)) ≤ z∗ (7.7)

PH as heuristic for Extensive Form

As a heuristic, the PH algorithm can only improve the solution convergence as much.

The solution is obtained in the first few iterations, and the further iterations are just

fine-tuning the algorithm to reach a better solution. However, in certain instances, the

problem does not improve further and fails to reach convergence. In such situations,

PH can be used as an initial heuristic to reach a solution, and the results can then
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be used as a warm start solution to solve the overall problem using the extensive

form. This way, the final bounds of the problem can be obtained quickly through a

branch-and-bound algorithm for the resulting MILP model.

7.3 Results and Analysis

This section discusses the results and analysis of the proposed framework for scalable

planning in power distribution systems. Since this Chapter highlights the planning

framework’s scalability, we simplify the scenario generation and reduction approach

with randomly generated fault scenarios to mimic the threat model. Furthermore, the

planning model discussed in Chapter 5 is leveraged with line hardening, DER siting,

and sizing decisions. The second stage of the problem is modeled using LinDis-

tRestoration package [14]. The overall problem is solved using the PySP package in

Pyomo using Gurobi [15, 16, 17]. The PH algorithm is solved in parallel in WSU’s

Kamiak high-performance computing environment with up to 55 cores using Python

Remote Objects (PYRO) [18]. The extensive form of the problem is solved in the

Intel Xeon Gold 6230 @2.10 GHz Workstation with 32 GB RAM and 20 physical

cores. All of the physical cores are utilized for branch-and-bound through Gurobi.

7.3.1 9500-Node Model

The 9500-node test system is the modified version of the IEEE-8500-node test sys-

tem [19]. It is a comprehensive, futuristic utility-sized system with three feeders

connected to a 69 kV sub-transmission line. The overall system supplies a total load

of 12236.73 kW, consisting of 7 tie-switches and 101 sectionalizing switches. Fur-

thermore, eight utility-scale DERs can be operated in an islanded mode. Fig. 7.4
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Figure 7.4 9500-node test system.

represents the schematic of the 9500-node system.

In this work, we consider all the tie-switches as candidate tie-switch locations and

assume that all the existing DERs are candidate locations to site the DERs. For their

sizing, each DER can be sized to a maximum of the provided capacity of the DERs

in [19]. Furthermore, we do not consider the backup DGs in this work; every branch

is a potential candidate for line hardening. The maximum number of DER sites and

lines available for hardening is limited to two and five, respectively. All the secondary
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Table 7.1 Comparison of model complexities with the number of scenarios.

Scenarios Number of Constraints
Number of Variables

Continuous Binary Total

5 522581 14600 82485 97085

10 1045161 283750 164970 448720

20 2090321 559250 329940 889190

50 5225801 1385750 824850 2210600

lines are referred back to their primary, and hence, the system contains 2745 nodes

and 2773 branches, where some of the nodes are three phases. For each scenario, the

maximum damage is also limited to 5% of the overall system.

7.3.2 Analysis of Model Complexities

As discussed earlier, the increase in the number of scenarios can significantly increase

the complexity of the stochastic model. Table. 7.1 shows the number of constraints

and variables in the stochastic model with the number of scenarios. Just with five

scenarios, the model has over half a million constraints and about 100k variables. The

size increases exponentially with over 5.2 million constraints and 2.2 million variables

when the number of scenarios increases to 50.

Fig. 7.5 represents the factor of increase in the number of scenarios in the horizon-

tal axis, and the increase in the factor of constraints and variables is represented by

the vertical axis, where the base number is represented for cases with five scenarios.

It can be seen that although the increase in the number of constraints is almost linear,

the number of variables increases exponentially with the increase in the number of
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Figure 7.5 Increase in model complexity with the increase in the number of
scenarios. The base with factor 1 is represented by 5 scenarios.

scenarios.

7.3.3 Scalability of Planning Models

Table. 7.2 shows the results of EF and PH algorithms to solve the planning model with

varying numbers of scenarios for each algorithm. For PH, each experiment was run

with 20 core machines, and the number of threads available for branch and bound was

limited to 2. The EF of the problem was solved in less than an hour for five scenarios,

but the solving time increased significantly for a higher number of scenarios. For 20

scenarios, the problem was solved optimally in around 10 hours. However, with 50

scenarios, the problem was not solved in over 53 hours and still had a mip gap of

about 17%. For the PH algorithm, the maximum number of iterations was set to
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Table 7.2 Solve time and solution for EF and solution with relative gap and
parameters for PH algorithm.

Scenario Method Objective Time (hrs) Rel Gap (%) Rho iterations converged

5

EF 5499.038 0.113 - - - Yes

PH 5126.08 0.744 6.78 10 100 No

PH 5366.408 0.005 2.41 10 1 No

20 EF 3622.9 10.708 - - - Yes

PH 3363.47 1.390 7.16 1 100 No

50 EF 2887.1 (UB) 53 17 - - No

EF 2460.8 (LB) 53 17 - - No

PH 2136.2 2.478 26.01 (UB) 1 100 No

PH 2095.65 1.904 27.41 (UB) 0.1 100 No

PH 2104.38 3.989 27.11 (UB) 10 100 No

PH 2136.2 2.478 13.19 (LB) 1 100 No

100 for convergence, and the term-difference convergence metric threshold was set to

1e-6. The PH algorithm took less than an hour for five scenarios case. However, the

objective was very close to the optimal objective obtained through EF in the first

iteration. PH finds a reasonably good solution in the first few iterations and fine-

tunes the model in the subsequent iterations. For all experiments, the PH algorithm

terminated due to the end of a maximum number of iterations. The solve time is

significantly less than EF for the higher number of scenarios. For 20 iterations, PH

solves the problem 7.6 times faster than EF with a relative gap of 7.16%. For the

problem with 50 scenarios, the best solution is given by PH with ρ = 1 with a relative

gap of 26% with the upper bound and 13.19% with the lower bound with a speedup

of about 25 times. All the PH experiments are performed with the base model of PH,
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with the number of compute cores limited to 20.

7.3.4 PH Extensions

The extensions discussed above are now applied to the PH algorithm. Furthermore,

we increase the number of cores to 55 for each experiment with PH. The first extension

is scenario bundling. We create 25 bundles, each with 2 randomly grouped scenarios,

and solve the problem with PH. Each bundle, however, will have an extensive form

problem to solve with 2 scenarios each. The value of ρ is set to a constant value of 1.

The objective improved to 2163.95 kW with a solve time of 9.89 hours. We did not

decrease the number of bundles as with just 2 scenarios per bundle, the solve time is

increasing significantly.

Next, we use an adaptive rho converger so that the selected rho value minimizes

the primal and dual residuals. We fix the variables with a lag factor of 5 and slam

the variables if a cycle is detected after 30 iterations. Finally, after obtaining the PH

solution, we use it as a warm start with fixed variables for the EF problem, which

can then solve the problem using branch and bound. The objective was improved

to 2244.19 kW, and the PH algorithm terminated in 74 iterations. However, the EF

problem did not further improve the objective. Fig. 7.6 a. shows the normalized

term-difference convergence metric and Fig. 7.6 b. shows the primal-dual residual

convergence metric.

Finally, using a heuristic approach, we determine a variable value of ρ for each

iteration based on their first-stage solution. Then, the value is fixed for subsequent

iterations. We also obtain Lagrangian lower bounds to assess the quality of the

solution. Fig. 7.7 shows the upper and lower bounds of the problem. The horizontal
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Figure 7.6 a) Normalized term-difference convergence metric b) Primal-dual
residual convergence metric.

axis until 100 shows the number of PH iterations, and beyond 100, we solve the

problem using EF with warm start solutions from PH. The PH algorithm solved in

1297.57 seconds with an objective of 2317.34 kW, and after solving the problem with

EF, we reached a gap of 2444.37 kW with an additional 90 seconds. The problem’s

relative gap with the extensive form’s lower bound solution is 0.66%. Hence, the

heuristic approach to obtain the value of ρ performed best for DG siting, sizing, and

line hardening decisions in the 9500-node model.

243



Figure 7.7 Convergence bounds and mip gap for PH and post PH operation.
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7.4 Summary

This chapter presented a framework for resilience planning in large-scale distribution

system models. The stochastic models suffer from the curse of dimensionality with the

increase in the number of scenarios. However, a wider range of scenarios increases

the robustness of the planning models compared to decisions made with a small

number of scenarios. It was observed that a minimal increase in the number of

scenarios could significantly affect the solving time of stochastic models. In most

cases, EF fails to solve the problem within polynomials. This work shows that the dual

decomposition algorithm, PH, can be an effective strategy to improve the scalability

of the planning model with minimal effect on solution quality with careful model and

algorithm considerations. With careful parameters, PH solved the model 25 times

faster than EF with reasonable solution quality. However, it is also important to note

that PH is a heuristic algorithm, and there is no one-size-fits-all model configuration

applicable to any application. Hence, planners should carefully assess several methods

before reaching a conclusion regarding resilience investments.
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CHAPTER 8

EXTREME WEATHER EVENTS-INDUCED OUTAGES

AND THEIR SOCIOECONOMIC IMPACT

8.1 Introduction

This chapter introduces a spatiotemporal impact assessment framework of hurricanes

and storm surges on the electric power grid and proposes an integrated community

vulnerability index due to the induced power outages. The quasi-static state of the

hurricanes is modeled using statistical methods, whereas a probabilistic storm surge

model is adopted to assess the compound effect of these two events. The social vulner-

ability is combined with the outage vulnerability to obtain the integrated vulnerability

index. The proposed framework is tested on a synthetic Texas system with histori-

cal hurricane scenarios. It was observed that the vulnerability of the community is

shifted towards the coastal region due to the impact of weather events.

8.1.1 Motivation

Hurricanes, one of the most severe conditions of tropical storms with wind speed

exceeding 75 miles per hour (mph), are reported to be the primary cause of power

outages due to extreme weather events resulting in an economic loss of over $1.5 tril-

lion in the US alone [1]. For example, Hurricane Ida is estimated to have cost $16 to

24 billion in flooding damage in the Northeastern US. About 1.2 million customers

were left without power – it took almost 15 days to restore the electric power entirely.

These events are categorized as high impact, low probability (HILP) or black swan

events. However, the frequency of the events carrying the highest impacts has dras-
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tically increased, costing around $22 billion in climate-related disasters in 2020 alone

in the USA [2]. Thus, with the growing intensity and frequency of extreme weather

events, there is a critical need to characterize and quantify the impacts of these HILP

events on the electric power grid.

Although long-range weather prediction models have improved in recent years,

they have not been adequately utilized to evaluate climate impacts on the power

grid. For example, there have been significant efforts to forecast the hurricane’s

tracks, where the forecast error for the tracking has reduced from 300 nautical miles

(nm) in 1990 to about 100 nm in 2016 [3]. A weather-grid impact model provides a

much-needed capability to the grid planners in adapting the existing grid to become

a resilient grid [4, 5]. Without a weather-grid impact model, planning for long-term

grid resilience may not be well-informed or effective. Thus, there is a critical need

to develop an appropriate weather-impact model for the power grid by adequately

modeling the associated spatiotemporal properties of the extreme weather event.

Unfortunately, the communities at the forefront of these natural disasters are often

the most vulnerable. Outages that are 8+ hours - often caused by these high-impact,

low-probability (HILP) events - are experienced mostly by highly vulnerable commu-

nities [6]. During Hurricane Harvey in 2007, it was found that households with a lower

socioeconomic status faced more extensive flooding than those of higher incomes [7].

Additionally, the Federal Emergency Management Administration (FEMA) has been

criticized for having regressive policies regarding restoration allocation after major

power outages [8]. Hence, it is essential to analyze the impact of such extreme events

on both on the power grid and the socioeconomic status of the community as a result

of power outages.
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8.1.2 Related Literature and Gaps

A large body of existing work studies the effects of hurricanes on the power grid, as

reviewed below. A majority of the existing work considers hurricanes as a function

of the wind speed; however, other dynamics associated with the hurricanes that are

crucial to analyze their impacts on the power grid are ignored [9, 10]. A grid resilience

model considering hurricane-induced damages and integrated renewable resources is

presented in [11]. However, the approach is not generic as it considers a single case

study on Hurricane Harvey. In [12], a data-driven outage prediction method is pro-

posed, which uses a decision boundary method to identify the operational state of

grid components. However, the authors do not report any analysis to quantify the

damages or impacts on the grid. Authors in [13] present a framework to analyze

energy storage’s impacts on improving distribution systems’ resilience against hur-

ricanes. However, since the hurricane’s radius is greater than an entire distribution

grid at any instant time, such analysis would not be meaningful for a distribution

grid alone. Finally, [14] introduces a community and customer-based perspective on

improving the power grid’s resilience against hurricanes; however, the spatiotemporal

effects of hurricanes are not modeled.

The existing literature lacks in adequately modeling the spatio-temporal impacts

of dynamic hurricane events and their impacts on the large power grid. The impact

assessment model should capture different uncertainties associated with the stochastic

nature of the event and their impacts on the individual power grid components and

the power system as a whole. With these considerations, this paper aims to develop

a probabilistic weather-impact assessment framework that appropriately models the

stochastic nature of hurricanes and their time-varying impacts on the large-scale
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power grid. First, we present an approach to generate dynamic hurricane scenarios

considering different hurricane tracks that are mapped onto a transmission grid with

geospatial information. The hurricane parameters are sampled from actual hurricanes

that have previously occurred in the USA. Next, we develop a probabilistic weather-

impact assessment model using Monte-Carlo simulations considering a large number

of hurricanes with different tracks and at different time steps. The damage levels are

mapped with the respective fragility curves of the transmission lines to visualize the

spatiotemporal effects of the event. Finally, a spatiotemporal loss metric is proposed

to quantify the impacts of probabilistic hurricane scenarios on the power grid.

Additionally, none of these works model the impact of storm surges on the power

grid. In [15], a power system impact assessment framework is presented to identify

potential mitigation strategies and enhance resilience against floods. A stochastic op-

timization framework for substation hardening against storm surge is presented in [16].

[17] evaluated the impacts of tropical cyclones and heatwaves on the power grid. The

existing work, however, lacks the spatiotemporal impacts analysis of hurricanes char-

acterizing the compound effects of high-speed wind and flooding. Other studies have

analyzed power system impact from hurricane-flood events [15, 18]. There is minimal

literature that combines community impact evaluation with power system impact.

Energy equity metrics are still underdeveloped [19], despite it being well-documented

that inequities are apparent in outages from HILP events.In [20] analysis regarding the

infrastructure losses due to Hurricane Harvey is investigated and identifies impacted

communities. However, the work is based on critical infrastructural information, af-

fecting the extension of the work to other regions.
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8.1.3 Contribution

8.2 Extreme Weather Events and Impact Model

8.2.1 Hurricane Wind Field Model

The damage created by the hurricane is due to high-intensity wind speed, spread

around the region of its eye, that changes along its path as it moves inland from the

location of its landfall [21]. With hurricane eye as the reference, the static gradient

wind field model of the hurricane is defined using three variables — maximum sus-

tained wind speed of the hurricane (vmax) in knots, the distance to vmax from the

hurricane eye (Rvmax) in nautical miles (nmi), and the radius of the hurricane from

the hurricane eye (Rs) in nmi [22]. The static model represents the wind field model

of a hurricane at a particular instance of time as shown in Fig. 8.1. A piecewise

mathematical function of the gradient wind field model shown in Fig. 8.1 can be

represented using (1) [23].

v(x) =


K × vmax(1− exp[−Ψx]) 0 ≤ x < Rvmax

vmax exp [−Λ (x−Rvmax)] Rvmax ≤ x ≤ Rs

0 x > Rs

Ψ =
1

Rvmax

ln

(
K

K − 1

)
, K > 1; Λ =

ln β

Rs −Rvmax

(8.1)

where, x is the distance from the hurricane eye , K is a constant depending on the

nature of the hurricane, β is the factor by which the maximum sustained wind speed

decreases at the boundary of the hurricane, Rs. It is also assumed that the hurricane

has no effect outside of its boundary.

The dynamic behavior of a hurricane can be incorporated by simulating the static
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Figure 8.1 Distribution of wind field of a hurricane at a fixed time.

model at several discrete time intervals. Having this dynamic wind field allows us

to track the severity of a hurricane as it moves along its path after landfall. The

hurricane has minimum wind speed and maximum pressure at the location of the eye

given by [22]:

∆P 0,ζ
h =

√
2.636 + 0.0394899ϕ0,ζ − ln(R0,ζ

vmaxh
)

5.086× 10−4
(8.2)

where, ϕ0,ζ is the latitude of the location of landfall for track ζ, and ∆P 0,ζ
h is the

pressure of the hurricane eye at time step t = 0 for hurricane h and track ζ. Here, it
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is assumed that the landfall always occurs at time step t = 0 for each ζ. Thus, for

each hurricane h, the pressure at the eye location for each time step t and track ζ can

then be calculated as:

∆P t,ζ
h = ∆P 0,ζ

h e−αt (8.3)

Here, (8.3) represents the hurricane decay model with land decay parameter α. Using

the above equations and for each t, new values of {Rt,ζ
vmax , R

t,ζ
s , vt,ζmax}h are obtained

for each hurricane scenario, h, based on their values in the previous time step and the

known coordinates of the forecasted hurricane tracks obtained for each ζ. Using these

new values, a static wind field is generated for each t and ζ, resulting in a dynamic

wind field model [23].

8.2.2 Storm Surge Model

In this work, we use SLOSH (Sea, Lake, and Overland Surge from Hurricanes) model

to generate probabilistic storm surge scenarios. SLOSH is a numerical storm surge

model that provides surge heights around the coastal regions from historical or hy-

pothetical hurricanes based on parameters such as atmospheric pressure, hurricane

tracks, forward speed, and so forth [24]. It was developed by National Oceanic and

Atmospheric Administration (NOAA) and is currently being used by several federal

agencies, including the national hurricane center (NHC) and the federal emergency

management agency (FEMA), for flood advisories and evacuation. Furthermore, NHC

provides a SLOSH Display Package (SDP) tool in which users can generate flooding

scenarios based on the direction, forward speed, and intensity of the hurricane fol-

lowed by the sea tide level [25]. The provided surge heights are above the elevation
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referenced in the North American Vertical Datum of 1988 (NAV88). The tool also has

an added functionality to subtract land elevations so that the surge level is referenced

above the ground level. Details on the SDP tool and other surge-related products

from NOAA can be found at [25].

SDP contains several coastal basins on which surge scenarios can be created. Fur-

thermore, SDP provides two different surge analyses based on hurricane simulations:

Maximum Envelope of Water (MEOW) and Maximum of the MEOWs (MOM). The

MEOWs reflect the worst-case snapshots of the storm surge for hurricanes of partic-

ular intensity and forward direction but with different landfall locations. This work

uses MEOW for storm surge scenarios to identify potential flooding locations. The

MEOW scenarios from SDP provide the inundation level for each defined grid in a

basin. Let XS be the geographical coordinate of a substation S. Then, we define

X B
S,h as the inundation level, h, for substation S situated at X for basin B. Since the

inundation level is spatially distributed, the expected value of inundation around 0.5

miles of XS is assumed to be X B
S,h.

8.2.3 Power Systems Impact Model

The hurricane model described above will have a spatiotemporal effect on the power

grid. That is, each of the spatially distributed power grid components will experience

different wind speeds at time instances. To capture spatiotemporal effects, we modify

the hurricane impact model presented in [23] by introducing additional time and track

variables. Accordingly, the wind speed experienced by the transmission line l, at

discrete time-interval t and track ζ is given by (4).
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Γt,ζl,h =


vt,ζmaxh dt,ζmin(l, h) ≤ Rt,ζ

vmaxh
≤ dt,ζmax(l, h)

max

 vt,ζ (γ1)

vt,ζ (γ2)

 otherwise

γ1 = dt,ζmin(l, h) | {Rt,ζ
s , R

t,ζ
vmax , v

t,ζ
max}h

γ2 = dt,ζmax(l, h) | {Rt,ζ
s , R

t,ζ
vmax , v

t,ζ
max}h

(8.4)

where, Γt,ζl,h is the maximum wind speed experienced by line l for the hurricane scenario,

h, in track ζ and at time step t. dt,ζmin(.) and dt,ζmax(.) represent the minimum and

maximum distance of l from the eye of the hurricane h for track ζ at time step t.

vt,ζ(.) is calculated using (8.1). For simplicity, the lines connected between any two

buses are assumed to be straight lines and the wind speed across the entire section

of a single transmission line is assumed to be the same.

8.2.4 Power Systems Impact Model

Fragility curves are proposed to assess the impact of extreme weather events on the

power grid [26]. The component fragility models provide the probability of failure of a

component as a function of hazard intensity. In this work, we use the fragility of line

segments, as a combined fragility of line and tower, as a function of vmax experienced

by the line segment in a power grid. The value of vtmax experienced by each line

segment is obtained by a method discussed in [27]. The structure and strength of

lines and towers differ by voltage level in a transmission grid. Hence, we modify the

fragility of each line segment based on its voltage level, V .
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Pt,ζout(lV) =



0 Γt,ζlV < vlVcri

Γt,ζlV − vlVcri

vlVcol − vlVcri
vlVcri ≤ Γt,ζlV < vlVcol

1 Γt,ζlV ≥ vlVcol

(8.5)

where, Pt,ζout(lV) is the outage probability of line l with voltage level V for hurricane ζ

at time step t, and Γt,ζlV is the maximum sustained wind speed experienced by lV due

to ζ at t. Here, vlVcri is the wind speed beyond which a branch is affected, and vlVcol is

the wind speed above which a branch collapses. The values of vlVcri and vlVcol differ for

each lV . If δt,ζl ∈ {0, 1} denotes the line status of line l at time t for hurricane in track

ζ, then δt+1,ζ
l ≤ δt,ζl . This ensures that if a line l experiences an outage at time t, it

remains out of service for the remaining duration of the hurricane.

The substation failure probability depends on the corresponding inundation level.

The storm surge impact on the substation is determined using the following Weibull

stretched exponential function [27].

PS
out(X B

S,DS
) = 1− exp

−(X B
S,DS

a

)b
 (8.6)

where PS
out(X B

S,DS
) is the probability of experiencing the inundation level around 0.5

miles of S having inundation of DS for any B. The fragility model includes two

constants a ∈ R+ and b > 2 with known values. Suppose a substation experiences an

outage due to flooding. In that case, the transmission lines linked to that substation,

inward or outward, are also considered out-of-service for the rest of the storm period.

If δt,ζl,S ∈ {0, 1} denotes the line status of line l connected to substation S at time t

for hurricane in track ζ, then δt+1,ζ
l,S ≤ δt,ζl,S . This ensures that if a line l experiences
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an outage at time t due to a storm surge, it remains out of service for the remaining

event duration. Let LtTotal = LtW ∪ LtF be a set of lines that are out of service due

to the combined effect of hurricane wind and flood damage at every time step t.

Here, LtW and LtF refer to the set of outage lines due to hurricane wind damage and

flood-induced substation outages, respectively.

Due to the disruption of branches, several buses are islanded from the grid either

without generators (offline buses) or with generators that can fully or partially meet

the demand of the islanded grid. Islands with more generation than load require

generation curtailment, while those with loads higher than generation require load

curtailment. The load shed from each bus is based on priorities set by the operators

on load criticality. If the information on load criticality is missing, then the load

in each bus will be curtailed by a uniform percentage, reflected by the load deficit

relative to the total load demand on the corresponding island.

8.2.5 Community Impact Assessment

In order to assess the impact on the community, it is essential to know the geographical

distribution of load losses due to hurricanes. The synthetic test cases identify the

buses and substations based on zip codes [28]. This work correlates bus load loss

with zip code locations. Multiple substations may exist in cities with greater load

density. The losses at the zip code level are aggregated into city load loss by summing

the losses from all zip codes belonging to the same city. Furthermore, a county-level

analysis is proposed to alleviate the concern of loads being served from the buses

in one city to the neighboring cities. After identifying cities and their associated

load loss, cities within the same county, as indicated by United States Postal Service
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data [29], are aggregated to find the county-level load loss. Cities that reside in

multiple counties have their load distributed based on the percentage of the city’s

population residing in each county. Let PD
C be the total load demand in each county

(C) and the load loss in C at each time step t due to corresponding ζ is represented by

P̂ t,ζ
C . If T ζ is the total time step of each ζ, then the corresponding load loss associated

with every C is obtained as,

P̂ζ
C = max{P̂ t,ζ

C } ∀t ∈ T ζ (8.7)

8.3 Vulnerability Assessment

8.3.1 Power System Vulnerability

In this work, we assess the power system’s vulnerability, which is the vulnerability of

the branches and substations due to hurricanes and storm surge scenarios. Although

hurricane tracks are obtained from IBTrACS, the storm surge scenarios are proba-

bilistic, considering several similar hurricane scenarios. Due to a lack of surge data

for hurricanes with lower intensity, we assume that such scenarios do not trigger any

surge and the impact is due to the hurricane alone. The spatiotemporal outage prob-

abilities of branches and substations are obtained for all the hurricanes and storm

surges. The maximum outage probability experienced by each branch for each hurri-

cane is observed to determine the vulnerability of these components. For substations,

we observe the maximum outage probability averaged over all basins.

When the hurricane moves inland, Γt,ζl is obtained for each l and X B
S,h is obtained

for each S from the MEOW maps. It is assumed that all substations at the coast

are elevated at 3 ft from the ground level. Fig. 8.2 shows the wind field of Hurricane
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Figure 8.2 a) Wind field of Hurricane Harvey and b) Substation flooding
scenario, above ground level, for Texas basins.
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Harvey and MEOW maps on five different basins on the footprint of Texas. For

each ζ, B, and t, MCS is performed for several trials. For each trial, Pt,ζout(l) and

PS
out(X B

S,h) is compared with a uniform random number, r ∼ U(0, 1), to identify

LtH ∪ LtS . As discussed before, MEOW maps are time-independent. However, we

define an activation flag St,ζB,h ∈ {0, 1} such that St,ζB,h = 1 makes the substation S

inundated with depth h above the ground elevation for hurricane track ζ, SLOSH

basin B, and time t. In this work, we do not model any drainage system; hence, it

is assumed that the inundation level is the same for future time steps t + 1. The

objective is to identify the time stamp when the substation gets flooded to analyze

the compound spatiotemporal impact of two different hazards at that time step.

The information, LtH ∪ LtS , is then sent to the power grid simulator to remove the

respective branches from the system. Finally, the loss for the particular t is observed

as the total load disconnected from the main grid. The MCS trial is conducted until

the loss converges to some value.

We assume that the inundation scenarios for each B and each hurricane tracks ζ

are equally likely. If Nζ is the total number of tracks under consideration and NB is

the total number of basins, then the system level load loss at each time step t is given

by (8.8)

losst =
1

Nζ ×NB

Nζ∑
ζ=1

∑
B

losst,ζB (8.8)

Finally, the vulnerability percentile rank is computed for each branch and sub-

station to obtain the branch vulnerability index (BVI) and substation vulnerability

index (SSVI) once the outage data is mapped to the county-level data.
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Figure 8.3 CDC’s social vulnerability index

8.3.2 Community Vulnerability

To observe the community vulnerability due to the impact of hurricanes and storm

surges on the power grid, we obtain the value of P̂ζ
C and normalize the load loss using

PD
C to get the vulnerability of the community in each C for each ζ. We then define

expected vulnerability of each C based on all ζ as P̂C = Eζ
(

P̂ζC
PDC

)
and term the outage

vulnerability index (OVI) as

OV I = percentile.rank
(
P̂C

)
(8.9)

Although OVI defines the propagating impact of hurricanes and storm surges on
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the community through their grid impact, it does not incorporate a socioeconomic

impact. To address this concern, we leverage the Centers for Disease Control and

Prevention (CDC)’s Social Vulnerability Index (SVI) for socioeconomic analysis [30],

see Fig. 8.3. The SVI metric aggregates vulnerability based on four major themes:

socioeconomic status, racial/ethnic minority, household characteristics, and hous-

ing/transportation type. These themes are then normalized and ranked by percentile

into an encompassing index, SVI, that ranges between 0 and 1 (1 being the high-

est vulnerability). SVI has been widely adopted in relating infrastructure losses due

to HILP events to their associated socioeconomic vulnerabilities [31]. Further doc-

umentation on SVI can be found at [30]. Each of SVI’s four themes are comprised

of socioeconomic variables in sum of percentile Si, where i denotes each theme. All

four themes are summed together to create S, then finally percentile-ranked again to

achieve the Social Vulnerability Index seen in (8.10).

SV I = percentile.rank(
4∑
i=1

Si) (8.10)

The social and outage vulnerability metrics are compounded to create a new

measurement, the Integrated Community Vulnerability Index (ICVI), a modified SVI

that accounts for power system losses. The percentage of county population without

power is treated as a 5th theme to SVI; therefore, it is min-max normalized and added

to the min-max normalized Si, then percentile ranked between 0 and 1. This adjusts

the original SVI with sensitivity to the outage analysis obtained.

ICV I = percentile.rank(∥
4∑
i=1

Si∥+ ∥P̂C∥) (8.11)

Finally, with (8.11), we can simultaneously analyze the socioeconomic and power
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Figure 8.4 Overall framework of assessing hurricane and storm surge-
induced power system vulnerabilities and their socioeconomic impact.

system impacts.

8.4 Simulation Framework

To observe the overall vulnerability due to the impact of hurricanes and storm surges

on the power grid, the parameters for historical hurricanes are obtained from IB-

TrACS, and storm surge scenarios are generated based on the hurricane parameters

in SDP. The time-varying outage probability for each of the power system compo-

nents is obtained using (8.5) and (8.6). Several MCSs are conducted to obtain the P̂ζ
C

based on the methods described in Section 8.2. Finally, the community-level vulnera-

bility due to the impact of extreme weather events on the power grid is quantified as

ICVI, using (8.11). This section details the overall simulation framework, as shown

in Fig. 8.4.

Initially, historical hurricanes that made landfall in the Texas coastal area from

2000 to 2018 were obtained using IBTrACS. There were a few hurricanes that did not

affect the region of interest. Hence, we set a boundary region and filter the hurricanes

that impact the boundary region at any point during its occurrence. Within the

investigation region, 97 storms were identified within the Gulf of Mexico region, of

which 26 showed activity within the boundary region. Furthermore, there were a few

hurricanes with missing information on Rvmax and Rs. In such cases, the parameters
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were estimated from their kernel density estimates as described in [32]. As per NHC’s

guidelines, all storms are labeled from category -1 to 5 on the Saffir-Simpson hurricane

wind scale, where categories -1 and 0 refer to tropical depression and tropical storm,

respectively.

SDP can only provide the storm surge information for category 1 and higher.

Hence, we identify 11 storms out of 26 that trigger storm surges on the coast and are

considered to have an inundation impact in this study. MEOW data are generated

from SDP for each of these 11 historic hurricanes at five basins of Texas — namely

Corpus, Galveston, Laguna, Matagorda, and Sabine. Each basin’s inundation level

depends on the category, landfall direction, hurricane’s translational speed, and mean

to high tide conditions.

The wind and storm surge scenarios are then integrated into the geographical

footprint of Texas with a synthetic ERCOT 2000-bus system [28]. The power grid

model comprises 1250 substations and 1918 transmission lines operating at different

voltage levels: 115kV, 161kV, 230kV, and 500kV, with a total load of 67.11 GW and

a generation capacity of 96.29 GW. The load substations are clustered based on geo-

graphical and average load consumption, and the buses have additional information

on the zip code or the city name in Texas, which we leverage to map the load associ-

ated with each county. The value of P̂ζ
C is computed using MCS conducted on each ζ

and B. As discussed, only 11 out of 26 hurricanes instigate storm surges. Hence, we

only consider obtaining LtW for the remaining 15 hurricanes. Since storm surges are

static models, we use a surge activation flag that gets triggered once the hurricane is

within 6 hours from landfall. We only consider the impact of storm surge beyond this

time frame for any ζ with additional surge impact. It is assumed that substations
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Table 8.1 voltage level-based critical and collapse sustained wind speed
values for each line segment for fragility analysis

Voltage level (kV) vlVcri (m/s) vlVcol (m/s)

115 25 55

161 30 60

230 35 65

500 45 75

in the coastal regions are elevated at a height of 3 meters as an additional planning

measure. MCS provides several outage scenarios corresponding to branch and substa-

tion outages. For each MC scenario, DC optimal power flow is conducted to obtain

the load loss associated with that scenario at each t, and the loss is then mapped

back to the county using the method described in Chapter 8.2. The community-level

vulnerability is quantified as ICVI. Initially, OVI is calculated to assess the outage

vulnerability due to hurricanes and storm surges using (8.9). We then blend outage

likelihood with SVI to compute ICVI based on (8.11).

8.5 Results and Analysis

In this work, the hurricanes are extracted from IBTRaCS and analyzed using CLIMate

ADAptation (CLIMADA) package [33]. The synthetic 2000-bus ERCOT system [28]

is modeled in MATPOWER, which is further utilized for DC power flow. The fragility

model discussed in (8.5) is based on the voltage level of the branches. Table. 8.1

presents the values of vlVcri and vlVcol used in this work. These values are arbitrarily

selected for simulation and can be modified based on data availability.
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8.5.1 Hurricane and Storm Surges Impact Assessment

8.5.2 Vulnerability Assessment

From the IBTrACS, the hurricane’s initial location is in the North Atlantic Ocean,

which is observed at “2017− 08− 16 06 : 00 : 00′′ and hence creates no impact on the

power grid. Thus, the simulation for the impact assessment begins at the 100th time

step, i.e., at the advisory of “2017−08−24 12 : 00 : 00′′. To avoid any confusion, this

timestamp is referred to as t = 0 hours for the rest of the paper. Fig. ?? a) shows

the outage probability of a set of transmission lines due to the original Hurricane

Harvey track. It can be observed that with the moving nature and intensity of the

hurricane, the outage probability of each line changes. The probability is maximum

when the line experiences wind speed closer to vcol and gradually decreases as the

hurricane decays while moving inland. Fig. ?? b) represents the outage probability of

substations for five different Texas basins. It is seen that the substation’s vulnerability

depends on the location and basin.

It was found that 800 Monte Carlo trials are enough to achieve convergence for

any simulation case [32]. Hence, for each ζ, B, and t, 800 Monte Carlo trials are

conducted. Fig. 8.6 shows the comparison of losses when considering the impact of

the hurricane alone with the compound effect of the hurricane and the coastal flood

for ζ = 1. It can be observed that considering substation flooding scenarios incur an

additional loss of 250 MW by t = 50 hours due to substation outages.

Fig. 8.7 represents the spatiotemporal loss for the compound impact of hurricane

and storm surge. The dashed curves represent the loss for all basins for each track,

whereas the solid blue curve represents losst obtained from (8.8). The loss is not
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Figure 8.5 a) Line outage probability for selected lines Harvey’s track. b)
Substation outage probability for all storm surge scenarios.

incurred until t = 12 for any ζ under consideration, and the increase is significant

once the hurricane moves inland, followed by the compounded impact of storm surge.
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Figure 8.6 Overall loss comparison between the impact of hurricane alone
and the compound impact of the hurricane and coastal flood for ζ = 1.

The loss increases from loss12 = 9.4072 MW to loss22 = 5536.1 MW before saturating

at loss40 = 6761.97 MW as the intensity of the extreme events decreases.

Fig. 8.8 represents the branch and substation vulnerability index for all ζ and

B. Since hurricanes and storm surges have the highest impact on the coastlines, the

most vulnerable components lie around the coastal regions. The vulnerability of inner

coastal regions depends on the fragility of the branches. It is to be noted that branch

and substation vulnerabilities, in Fig. 8.8, are based on outage probability rather than

the load loss they incur in the system if they are damaged.

Fig. 8.9 shows a bar chart illustrating the overall load loss across the system

attributed to historical hurricanes with their respective category. It can be seen that

hurricanes Rita, Ike, and Harvey, with respective indices of 12, 4, and 26, exhibit

substantial impact on the system, resulting in losses of 10.2 GW, 14.67 GW, and

15.2 GW. These are the three most formidable hurricane events ever recorded in

Texas [34]. Interestingly, it is observed that some hurricanes with lower categories

exhibit more significant effects, such as Hurricane Allison (index=3), than those with
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Figure 8.7 Time-varying loss for each hurricane track. The loss at each time
step also includes the expected value of loss over entire flood basins.
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Figure 8.8 Vulnerability indices based on the percentile rank of the average
outage probability of a) branches and b) substations for all hurricanes.

272



Figure 8.9 Bar chart depicting an overall load loss in the study area caused
by historical hurricanes

higher categories, such as Hurricane Ivan (index=9). This discrepancy is attributed

to the fact that hurricane Allison, despite its 0 category, generates heavy flooding

over coastal Texas. In contrast, by the time Hurricane Ivan reached Texas, it had

significantly weakened, leading to a reduced load loss, while its substantial impact

was observed in a location other than Texas.

Fig. 8.10a shows the OVI obtained using (8.9). It is evident that communities

with higher outage vulnerability from hurricanes and storm surges are predominantly

situated along the coastline. However, because of the grid’s architecture, communi-
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Figure 8.10 a) Outage Vulnerability Index (OVI) and b) Integrated Com-
munity Vulnerability Index (ICVI) around the ERCOT region.
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ties farther from the coastline can still affect a hurricane-induced outage, as seen in

Fig. 8.10. The compounded effect of their social vulnerability amplifies this impact,

highlighting the need for infrastructure improvement in these regions. This can be

useful knowledge for transmission planners when determining vulnerable components

to future climate events. In Fig. 8.10b, the ICVI can be compared to results of SVI

in Fig. 8.3 and OVI in Fig. 8.10a. ICVI reflects the socioeconomic disparities from

SVI and highlights communities disproportionately impacted by hurricane and storm

surge-induced outage events. There is a shift in vulnerability towards the coastline in

ICVI compared to SVI. This gives important insights to grid operators on allocating

resources during future hurricane events because we know communities of different

vulnerabilities respond differently to outages. A limitation in this analysis is that

some counties with very low populations do not have outage data as they are served

from different regions; also, counties not within ERCOT territory are not analyzed.

However, most of these counties are in regions further from the coastline and less

likely to be affected.

8.6 Summary

This chapter presents the compounded spatiotemporal impact assessment of hurri-

canes and storm surges on the power grid and the induced socioeconomic vulnera-

bilities. A spatiotemporal loss metric is identified based on a probabilistic model.

Simulations showed that storm surges could flood the coastal substations to incur an

additional loss in the system. The hurricane intensity decays and the overall loss sat-

urates at some point, after which system restoration is required to restore the power

to unserved parts of the grid. This chapter also introduces a community vulnerability
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metric that integrates the CDC’s SVI with the outage factor derived from the impact

assessment results. Simulation results show that a hurricane of a higher category does

not necessarily entail higher impacts on the system; the landfall location and associ-

ated storm surge also influence it. The communities farther from the coast are not

immediately perceived as high-risk due to their distance from the coast and often get

less attention in storm management strategies. However, the community could have

higher socioeconomic vulnerability exacerbated by the outage vulnerability. Hence,

ICVI provides a holistic assessment of vulnerable communities by incorporating the

effect of extreme weather events and their impact on power outages and associated

communities. The proposed methodology can assist planners in identifying the vul-

nerable system components and vulnerable communities, enabling strategic planning

to minimize outages or expedite the restoration while considering energy equity as

an additional dimension. In the future, we aim to observe the impact of changing

climate on the extreme event scenarios, how other HILP events impact disadvantaged

communities, and evaluate the underlying assumption that load and population are

highly correlated.
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CHAPTER 9

CONCLUSIONS AND FUTURE WORK

The power grid is one of the most essential infrastructures in any country, as other

critical infrastructures are highly dependent on it. Extreme weather events have

significantly increased in frequency and intensity, creating a serious concern for the

security and resilience of the power grid. This dissertation provides an in-depth insight

into the resilience assessment and planning of electric power grids against extreme

weather events through mathematical modeling and optimization techniques.

9.1 Summary of Contributions

This dissertation primarily focuses on resilience assessment, planning, and enhance-

ment of electric power systems against extreme weather events using mathematical

modeling techniques and optimization. Broadly, the contributions are categorized as

(i) highlight the need for resilience assessment and planning, resilience metric, re-

silience analysis process, and interdependence with other critical infrastructures in

electric power systems; (ii) develop a holistic resilience quantification approach that

incorporates both the performance and attribute-based resilience metrics followed by

multi-criteria decision-making process to quantify the resilience; (iii) formulate risk-

based planning model to enhance the resilience of power distribution systems against

extreme weather events; (iv) formulate multi-resource resilience planning model for

power distribution and conduct decision trade-off analyses; (v) develop risk-based

planning model against extreme weather events for bulk power systems; (vi) decom-

pose the large-scale planning model to alleviate computational complexity and solve
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time of planning models; (vii) propose a spatiotemporal impact and vulnerability

assessment framework for hurricane and storm surge-induced vulnerabilities for bulk

power systems and socioeconomic conditions of the customers.

9.1.1 Resilience Assessment and Planning for Power Distribution

The first contribution is to comprehensively describe the resilience assessment and

planning process in power distribution systems. Resilience Assessment and analysis

is a holistic approach, and towards this goal, we detail the process and character-

ize resilience along with several attributes and performance-based resilience metrics.

Secondly, an important contribution of this work is also to characterize the need for

resilience assessment with other critical infrastructures.

9.1.2 Risk-based Planning Framework of Electric Power Systems

The second contribution is developing a risk-based planning framework for power

distribution and bulk power systems using a two-stage stochastic programming model.

For the distribution system, we model the problem as a three-phase unbalanced power

flow. The proposed risk-based planning model allows utility planners to exercise

their risk appetites when planning. Secondly, we also provide a comprehensive trade-

off analysis on various planning decisions and system data requirements that can

directly or indirectly affect the planning solutions. The scenarios are generated using

Monte-Carlo simulations and reduced using a stratified sampling approach. The

proposed approaches are validated on a modified IEEE-123 bus system with DG siting

and sizing, line hardening, and tie-switch placement decisions. We demonstrate the

proposed model on the RTS-GMLC test case for the bulk power system with DG
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siting sizing, line capacity upgrade, and line hardening decisions.

9.1.3 Large-Scale Planning using Dual Decomposition Approach

The third contribution is expanding the planning framework for large-scale mod-

els. Stochastic programming models are inherently difficult to solve with the in-

crease in the number of scenarios or size of the system model. We propose a dual

decomposition-based progressive hedging (PH) framework to decompose the planning

model into scenario-based sub-problems so that each problem can be solved indepen-

dently. With more scenarios, the proposed approach can leverage more compute

cores through high-performance computing environments. The proposed framework

is validated on a 9500-node test system with three feeders and numerous switches

for facilitating reconfiguration. Through experiments, we showed that the PH-based

stochastic planning model solves 25 times faster than traditional approaches with

reasonable solution quality.

9.1.4 Spatiotemporal Impact Assessment of Hurricanes and Storm Surges

Finally, we developed a spatiotemporal hurricane and storm surges impact assessment

framework in bulk power systems. We further extend the work to assess the socioeco-

nomic vulnerabilities of the communities affected by power outages due to hurricanes

and storm surges. The hurricane is modeled using a statistical model, whereas storm

surges are obtained through NOAA’s SLOSH models. The proposed framework is

tested on geographical footprint of Texas with synthetic ERCOT grid. We obtain

several outage scenarios for each time step using Monte Carlo simulations. and assess

the time-varying outages for each county in Texas. For vulnerability assessment, we
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leverage the CDC’s social vulnerability index (SVI) and obtain an integrated commu-

nity vulnerability index (ICVI) by combining the vulnerability due to power outages.

Results show that the vulnerability of specific communities worsens when integrating

outages within SVI, and the vulnerabilities shift towards the coast where the impact

of hurricanes and storm surges is significant.

9.2 Future Research Directions

The current work aims to scale the resilience planning framework to solve large-scale

optimization models regarding resources, networks, and scenarios under considera-

tion. As discussed in our existing work, the scenarios are time and space-varying;

hence, such details must be incorporated into the planning model for better accuracy.

Additionally, solving the extensive form of the problem is suffered by the curse of

dimensionality. Hence, off-the-shelf solvers are more likely to crash or provide high

optimality gap solutions when a high dimensional extensive form of the model is fed

to the solvers. Thus, solving a large-scale stochastic optimization problem has several

challenges and is an active area of research that motivates us in our future work. In

addition, operational planning strategies like defensive islanding would be studied to

better prepare for the upcoming hurricane storms. Such a proactive islanding method

can prevent the propagation of cascading failure effects in the power system.

9.2.1 Modeling Critical Infrastructures Interdependence

As discussed in Chapter. 2.4 power distribution systems and bulk power systems are

interdependent with other critical infrastructures such as natural gas, water, cyber

security, and so forth. This dissertation does not include the interdependency in the
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resilience metric or planning. It is essential to accurately model these interdependen-

cies to represent a single or aggregated system’s resilience. For example, a certain

region might have a high dependency on natural gas-fired generators, and a shortage

of natural gas can pose a risk of outages. Hence, it is essential to plan other backup

resources or create another generation mix in the region to minimize the impact due

to the shortage of natural gas.

9.2.2 Multi-stage Planning

The core planning model presented in this dissertation is based on a two-stage stochas-

tic programming model where the first-stage decisions are the planning or investment

decisions, whereas the second-stage decisions are the recourse. However, additional

complexities cannot be represented via a two-stage model. For example, the invested

DG in the first stage depends on other resources, such as fuel in the second stage,

whose uncertainty is not considered in the planning model. When fuel uncertainties

are considered, the model expands to three stages or even multiple stages, where

the fuel uncertainty is then incorporated into the second stage. Additionally, energy

storage systems introduce charging uncertainties in the model and can be extended

to even multi-stage multi-period optimization [1].

9.2.3 Defensive Islanding and Restoration of Electric Power Systems

Against Extreme Weather Events

Extreme weather events, such as hurricanes and storm surges, can have devastating

impacts on the power grid and can result in cascading failures of the resources if not

handled properly. During an upcoming storm, it is typically challenging to address the
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operational decisions considering the timescale of the events and resources required.

However, it is possible to minimize the impact of these events if the grid is split into

multiple self-sustaining islands ahead of the event. Some existing works propose the

idea of defensive islanding [2]. However, the event scenarios in these works are non-

realistic, as the spatiotemporal impact of these events is not considered. Hence, future

directions in this area can explore ways to identify proactive islanding strategies to

minimize the impact of extreme weather events on the grid.

9.2.4 Use of Artificial Intelligence Techniques for Realistic Scenario Gen-

eration

Recently, artificial intelligence (AI) models, especially machine learning (ML) models,

have gained significant popularity. ML models are widely used in forecasting, even

in practical power systems applications [3, 4]. With the rapid proliferation of large

language models, researchers have pivoted their focus on how to leverage ML tools to

solve complex engineering problems, including decision-making under uncertainty [5].

One such application could be using graph neural networks (GNNs) to identify grid

vulnerability by leveraging the graph-driven training feature of GNNs. Once trained,

ML models are incomparable with model-based approaches regarding solving time.

However, the major challenge is that such models are highly data intensive and depend

on high-quality data to train on. Future advancements in ML models can open new

doors for power system applications.
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9.3 Publications and Software Packages

9.3.1 Journals

1. A. Poudyal, S. Poudel, and A. Dubey, “Large-scale Resilience Planning in

Power Distribution Systems against Extreme Weather Events,” IEEE

Transactions on Power Systems (in preparation)

2. A. Poudyal, S. Lamichhanne, J. Campos do Prado, and A. Dubey, “Resilience-

driven Planning of Electric Power Systems Against Extreme Weather

Events,” Sustainable Energy, Grids and Networks (in preparation)

3. A. Poudyal, and A. Dubey, “Multi-resource Trade-offs in Resilience Plan-

ning Decisions for Power Distribution Systems,” IEEE Transactions on

Industry Applications (under review)

4. A. Poudyal, S. Paul, S. Poudel, and A. Dubey, “Resilience assessment and

planning in power distribution systems: Past and future considera-

tions,” Renewable and Sustainable Energy Reviews, Jan. 2024

5. A. Poudyal, S. Poudel, and A. Dubey, “Risk-Based Active Distribution

System Planning for Resilience Against Extreme Weather Events,”

IEEE Transactions on Sustainable Energy, Nov. 2022

9.3.2 Conferences

1. A. Poudyal, S. Lamichhane, C. Wertz, S. Uddin Mahmud, and A. Dubey. “Hur-

ricane and Storm Surges-Induced Power System Vulnerabilities and
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their Socioeconomic Impact,” 2024 IEEE Power & Energy Society General

Meeting, Seattle, WA, Jul. 2024 (accepted)

2. A. Poudyal, and A. Dubey. “Understanding Trade-Offs in Resilience

Planning Decisions for Power Distribution Systems,” 2023 IEEE In-

dustry Applications Society Annual Meeting (IAS), Nashville, TN, Oct. 2023.

3. A. Poudyal, C. Wertz, A. Mi Nguyen, S. Uddin Mahmud, V. Gunturi and A.

Dubey. “Spatiotemporal impact assessment of hurricanes and storm

surges on electric power systems,” 2023 IEEE Power & Energy Society

General Meeting, Orlando, FL, Jul. 2023.

4. A. Poudyal, V. Iyengar, D. Garcia-Camargo, and A. Dubey. “Spatiotemporal

Impact Assessment of Hurricanes on Electric Power Systems,” 2022

IEEE Power & Energy Society General Meeting, Denver, CO, Jul. 2022.

5. A. Poudyal, S. Poudel, and A. Dubey. “A risk-driven probabilistic ap-

proach to quantify resilience in power distribution systems,” 2022

17th international conference on probabilistic methods applied to power systems

(PMAPS), Manchester, UK, Jun. 2022.

9.3.3 Software Packages

1. https://abodh.github.io/LinDistRestoration/

2. https://github.com/abodh/LinDistRestoration

3. https://github.com/abodh/proactive_resilience_planning
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