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ABSTRACT

Electric utilities, government agencies, and the public have been concerned about

the risks associated with natural disasters and extreme weather events because

of their significant impacts on the security, reliability, and resilience of infrastruc-

ture systems including power systems. Out of the various components of power

systems, the distribution systems have been impacted more because of their char-

acteristics (e.g., presence of scattered and critical loads). Therefore, it is important

to develop an approach to enhance the security, reliability, and resilience of distri-

bution systems.

Movable energy resources (MERs), as the name suggests, are movable and flex-

ible resources. Movable in the sense that they can be dispatched quickly from

staggering locations to power outage locations, and flexible because they can be

designed to various sizes and can be quickly integrated into the distribution grid

after the occurrence of a natural disaster. These resources can be designed to sup-

ply up to a few mega-watts of loads. When there is an island due to an outage

and no other means of power distribution service restoration strategies are feasi-

ble, MERs can be dispatched to power outage locations to supply at least local and

isolated critical loads. However, the effectiveness of the use of MERs is highly de-

pendent on its optimal placement, which needs to be performed very fast after the

occurrence of natural disasters. Moreover, the optimal size and number of MERs

also play a significant role in post-disaster critical load recovery.

Game theory-based approaches and learning-driven techniques have the po-

tential to assess complex interactions and behaviors of distribution system resources.

Cooperative game theoretic approaches based on the Shapley value have the abil-

ity to uniquely assign payoff among players of the game taking into account their

marginal contributions; and out of various learning driven approaches, reinforce-
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ment learning-based approaches have the capabilities to learn from experiences

during online operations of power systems. Cooperative game theory- and rein-

forcement learning- based approaches are, therefore, investigated in this research

work to enhance distribution system resilience.

This dissertation is mainly divided into three interdependent tasks for the re-

silience enhancement of distribution systems through the deployment of MERs.

The first task is determination of optimal total size and number of MERs. This task

is a long-term planning problem, generally performed annually, and it is a neces-

sary step to ensure the availability of sufficient resources when needed. The graph

theory and combinatorial enumeration technique are leveraged in this task to de-

termine optimal total size and number of MERs. The second task is pre-positioning

of MERs. This task is a relatively short-term planning problem, generally per-

formed in a few days or a week-ahead manner before the occurrence of extreme

events based on weather forecast and monitoring data. The cooperative game the-

ory has been employed for pre-positioning of MERs in this dissertation. The final

task is post-disaster routing of MERs. This task is an operational problem, which is

performed after the occurrence of extreme events. Post-disaster routing of MERs

is implemented if disasters cannot be predicted (i.e., pre-positioning of MERs is

not applicable) or if MERs are managed to be deployed after an event not prior to

a predicted event. The deep reinforcement learning-based model is leveraged in

this dissertation for post-disaster routing of MERs.

In summary, the thesis presented here is that, the combination of planning- and operation-

based resilience strategies for the optimal sizing, siting, and routing of movable energy

resources will enhance the resilience of electric distribution systems.
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CHAPTER 1

INTRODUCTION

The foundation of contemporary living is electrical power systems. All of the tech-

nological tools that people and organizations rely on to thrive in a society are made

possible by power systems. Power systems constitute the core of all that mankind

has accomplished and will endeavor to accomplish. The electricity infrastructure

is one of the most critical infrastructures in any country. The electricity infrastruc-

ture is crucial to many other sectors, including banking, public health, national

security, manufacturing, transportation, and information technology. Moreover,

the Presidential Policy Directive (PPD) on Critical Infrastructure Security and Re-

silience [28] has identified electricity as one of the sixteen critical infrastructures.

Since most the critical infrastructures identified by the PPD depend on the avail-

ability of electricity, the electricity sector is more critical compared to the others.

The electrical power system, also referred to as power grid, is a critical infras-

tructure comprised of generation facilities, transmission and distribution systems

that generate and distribute power to end-use customers in order for them to ac-

complish and sustain standard features and functions, along with the storage and

transport of fuel necessary for the system. Since generation facilities are typically

located far from end users, step-up transformers are used to increase the voltage

level to a level that is suitable for transmission via transmission systems. Distribu-

tion systems are then used to scale down the transmitted power to a lower voltage

level before distributing it to the end-user consumers.
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1.1 Motivation

The frequency of extreme events, both natural (e.g., hurricanes, wildfires, earth-

quakes, and windstorms) and man-made (e.g., cyber and physical attacks), has

increased significantly over the recent decades [10]. In the United States, there

has been a noticeable rise in the frequency of outages caused by weather-related

extreme events between 1992 and 2012, according to research done by the U.S. En-

ergy Information Administration [54]. Figure 1.1 shows the frequency of weather-

related billion-dollar extreme events that have occurred in the United States from

1980 to 2021 based on the data collected by National Oceanic and Atmospheric Ad-

ministration [93]. There were 20 weather related catastrophic events in the United

States in 2021 alone, each with costs surpassing $1 billion. These events have

caused damages to major power system equipment and subsequently system-

wide prolonged power outages. Failures of power distribution system compo-

nents (contribute to about 90% outages in the United States [21]) are major causes

of outages to a significant number of customers [20]. Catastrophic weather events

and subsequent outages have jeopardized the electric utilities’ objective of provid-

ing reliable and resilient electricity service to its customers [51].

Resilience enhancement strategies have gained significant interest during the

last decade due to the high reliance on electricity access and availability, especially

during and after disruptive events [30]. To reduce the negative impacts of disrup-

tive events, fast and efficient restoration strategies provide a potential pathway for

enhanced resilience in power systems operations [56, 45]. Restorative strategies

aim to return the system to normal or semi-normal operations and performance

through recovering failed components or executing redundant solutions. In this

context, appropriate power distribution service restoration (PDSR) strategies need
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Figure 1.1: Frequency of weather-related extreme events in the United States

to be developed to minimize the consequences of these events to the end-use cus-

tomers. The main objective of PDSR is to minimize load curtailments and outage

duration through an optimized use of available resources. Smart grid technolo-

gies including adaptable microgrid formation, network reconfiguration (NR), re-

pair crew dispatch, distributed generations (DGs), energy storage, movable energy

resources (MERs), and combination of above have proven to be the most effective

PDSR strategies, which are leveraged in this dissertation.

MERs are mobile and versatile resources that can be redeployed quickly from

staggering locations to power outage locations. They are versatile in the notion

that they can be built to variable size and quickly integrated into the distribution

grid after a disaster [14]. These resources can be designed to supply up to a few

megawatts of load. When part of a distribution system is islanded due to equip-
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ment failures or damages, MERs can be deployed to supply local and isolated

critical loads if no other resources are available [33]. Several studies, for exam-

ple [57, 98, 73, 102], have investigated the feasibility of MERs for PDSR. How-

ever, most of these studies mainly focus on coordinating and deploying MERs

with other PDSR strategies for service restoration without determining the size of

MERs to the spectrum of the potential contingencies. Moreover, the analytical and

population-based methodologies used to solve the MER scheduling problem in the

existing literature have the following shortcomings. Analytical PDSR techniques’

accuracy and effectiveness depend on how accurate the underlying models are,

and accurate models can be challenging and computationally expensive to scale

up. Also, mathematical models often involve several approximations and need for

knowledge of the entire system. Population-based algorithms, on the other hand,

require a significant amount of processing because of the vast search space, specif-

ically as system sizes increase. Therefore, an approach that is quick, accurate, and

highly scalable is required, which is the main focus of this dissertation.

1.2 Objectives

The main goal of this dissertation is to develop strategies to deploy MERs for dis-

tribution system resilience enhancement. Both planning and operational resilience

enhancement strategies should be used to deploy MERs in distribution systems.

The goal of the dissertation can be achieved through the following objectives:

• Determine the optimal size and number of MERs by considering a large num-

ber of multiple line outage scenarios.

• Determine the locations for pre-positioning of MERs based on weather fore-
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cast and monitoring data.

• Propose an operational strategy for routing of MERs after the occurrence of

extreme events.

The thesis of this dissertation can be stated as follows: the combination of planning-

and operation-based resilience strategies for the optimal sizing, siting, and routing of mov-

able energy resources will enhance the resilience of electric distribution systems.

1.3 Overview of the Proposed Methodology

The methodology proposed in this dissertation consists of three main tasks as

shown in Figure 1.2. The first task is the determination of the optimal total size

and number of MERs as a long-term planning problem. The forecast/historical

outage data serve as input to this task. Additionally, a techno-economic analysis

based on the outage cost and the investment cost of MERs is performed to de-

termine the optimal total size of MERs. The second task is the pre-positioning of

MERs. Weather forecast and monitoring data along with the output data from the

first task serve as inputs to determine pre-positioning locations of MERs. The sec-

ond task also outputs individual sizes of MERs. The final task is the post-disaster

routing of MERs, which is performed as an operational problem after the occur-

rence of extreme events. The line outage data should be given as input to the

post-disaster routing model. Since a deep reinforcement learning is leveraged for

the design of the post-disaster routing model, forecast/historical outage data are

used for training the model. The output of this model is final MER deployment

locations.
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Figure 1.2: Overall Framework of the Proposed Methodology

1.4 Contributions

The main contributions of this dissertation include developing:

• A graph theory and combinatorial enumeration-based approach to deter-

mine the optimal total size and number of MERs.

• A framework for pre-positioning of MERs as a proactive measure for en-

hanced distribution system resilience.

• A graph theoretic approach to determine the total amount of curtailed critical

loads. The graph theory is used to create microgrids energized with MERs

and the critical load curtailments of all microgrids and isolated parts of the

distribution network are added to find the total critical load curtailment.
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• An MER deployment cost function calculated for each location based on the

weighted combination of the expected load curtailment and the optimal dis-

tance. The MER deployment cost function serves a criterion to determine

candidate locations for MER deployment.

• A cooperative game theoretic framework to find the individual sizes of MERs

at each candidate location. The cooperative game theoretic approaches have

the ability to uniquely assign payoffs among players of the game.

• A deep reinforcement learning-based strategy for routing of MERs after the

occurrence of extreme events.

1.5 Organization

Rest of the dissertation is organized as follows.

• Chapter 2 presents background studies and the review of literature relevant

to this dissertation. The review of various resilience enhancement strategies,

game theory applications in power systems, and reinforcement learning ap-

plications in power systems is presented in this chapter.

• Chapter 3 presents mathematical concepts leveraged in this dissertation. This

chapter introduces graph theory, presents graph theoretic models of distri-

bution and road networks, and explains mathematical foundations of coali-

tional game theory and deep Q-learning.

• Chapter 4 presents the methodologies proposed to enhance distribution sys-

tem resilience. The presented methodologies include determination of op-
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timal total size and number of MERs, pre-positioning of MERs, and post-

disaster routing of MERs.

• Chapter 5 presents case studies, results, and discussion in relation to the pro-

posed approaches. Several case studies are performed on the 33-node system

and IEEE 123-node system.

• Chapter 6 provides summary and concluding remarks of this dissertation.

This chapter also provides future research directions in relation to the pro-

posed methodologies.
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CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

This chapter provides a background and literature review on resilience enhance-

ment strategies as well as applications of game theoretic and reinforcement learn-

ing approaches in power systems studies. The recent advancements in both planning-

and operation-based resilience enhancement strategies are highlighted in this chap-

ter. Additionally, this chapter provides a review of existing optimization methods

for resilience enhancement.

2.1 Resilience Enhancement Strategies

Resilience enhancement strategies for the electric power supply have gained sig-

nificant interest during the last decade due to the high reliance on electricity ac-

cess and availability and the sharp increase in the frequency and intensity of ex-

treme weather events. The resilience of the power distribution systems can be

enhanced in several ways. Resilience enhancement strategies have been broadly

categorized into planning-based and operation-based strategies [12]. Operation-

based strategies formulate optimization problems to efficiently deploy existing re-

sources against extreme events and the subsequent outages caused by them, while

planning-based strategies place their primary emphasis on developing plans for

expanding electricity infrastructures to strengthen them against potential extreme

events in the future.
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2.1.1 Planning-based Strategies

Planning-based strategies focus on prioritizing the choice of right investment in

the electricity infrastructure so as to provide reliable and resilient power supply to

end-use customers. Some of the planning-based resilience enhancement strategies

include installation of underground cables, energy storage planning, etc. An op-

timization problem based on linear programming has been formulated in [74] for

energy storage planning to enhance resilience against earthquakes, where a new

metric has also been developed to quantify the distribution network resilience tak-

ing into consideration uncertainties associated with extreme events. The fragility

curve has been used in [74] to describe the potential for earthquakes, evaluate

how they can affect distribution systems, and calculate the likelihood that certain

network components won’t be available in the event of particularly strong earth-

quakes. The study [74] has introduced a mathematical model that systematically

describes seismic risks and accounts for the vulnerability of various distribution

system components to earthquakes. The impacts of earthquake loads on towers

(or poles) and overhead line segments, as well as the equipment unavailability

owing to both indirect and direct impacts, have been assessed.

A resilience-oriented planning strategy has been proposed in [52] for optimal

configuration of urban multi-energy systems, where impacts from supply, net-

work, demand sides in multi-energy systems have been comprehensively ana-

lyzed. In order to allow effective resilience-oriented planning of power generation

sources in multi-energy systems, a comprehensive energy storage model has been

developed. A linear modeling approach has been used to characterize the effects

of energy redistribution at the generation side and combined heat and power at

the load side [52]. To enable effective integrated planning of many energy sys-
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tems, conventional energy storage components, such as batteries and combined

heat and power, have been represented into centralized storage technology [52].

A progressive hedging approach based on a two-stage optimization has been

proposed in [58] to enhance power system resilience with energy storage systems,

where the first stage optimization investment decision and the second stage min-

imizes expected load curtailment. The study has outlined the optimization prob-

lem from the perspective of the distribution system operator in order to choose

whether to make investments in movable energy storage devices. The optimiza-

tion problem developed in the study has taken each scenario into account by using

a two-stage stochastic mixed-integer second order conic program (MISOCP). The

trade-off between the financial worth of mobile energy storage devices during reg-

ular operations for various activities and their capacity to increase resiliency bene-

fits in the event of extreme events has been achieved by the optimization problem

formulated in the study.

In [70], a stochastic mixed integer linear program has been proposed to mini-

mize energy cost and maximize resiliency benefits through the utilization of local

energy resources (solar and storage). The uncertainties associated with the extreme

events have been taken into consideration in [70] while developing the proposed

optimization framework. The goal of the study [70] has been to investigate the

building’s energy resilience considering a combination of probable failures and

uncertainty. An energy management system has been designed to study and exam-

ine a nexus between resilience and uncertainty. The collection of potential outages

as well as the collection of parametric uncertainties were modeled and simulated.

Modeling and research were done on a typical solar-plus-storage-powered build-

ing. Three objective functions—resilience cost, energy cost, and resilience and en-
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ergy costs combined— were established and contrasted to get an accurate picture

of the resilience.

In a technical report [95] prepared by Pacific Northwest National Laboratory

(PNNL), planning considerations of resilience enhancement using energy storage

systems have been analyzed, where conceptual frameworks for resource planning

and microgrid planning have also been developed. The report has contrasted

the traditional system-wide reliability and cost optimization goals of conventional

utility resources planning activities by stating that these activities make them un-

suitable for identifying the specific, localized demands related to resilience. Ad-

ditionally, the report has also stated that the traditional planning resources have

not been developed to assess the locational advantages of resources deployed to

enhance resilience and assist the distribution grid. The report has asserted that

a more detailed methodology to planning is needed to pinpoint the areas where

resilience enhancement is required and to assess the investment alternatives that

can offer combined resiliency and economic benefits to the community.

2.1.2 Operation-based Strategies

Operation-based resilience strategies provide quick remedies to minimize the ef-

fects of extreme events on the power system [12]. Some of the operational re-

silience strategies include distribution network reconfiguration, microgrid forma-

tion, and utilization of movable energy resources. In [64], a unified two-stage

reconfiguration strategy has been proposed for resilience enhancement of distri-

bution systems, where the first stage (i.e., pre-event stage) prepares the system

for a set of fault scenarios and the second stage (i.e., post-event stage) performs
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network reconfiguration to minimize critical load curtailment. Moreover, a new

mathematical expression has been proposed in [64] to ensure radiality of the dis-

tribution network, and a scenario decomposition algorithm has been implemented

for decomposition of the optimization problem into several subproblems. One

of the major findings of the study was that the presented approach could effec-

tively minimize the loss of load expectation (LOLE) of distribution systems un-

der extreme events, leading to distribution system resilience enhancement [64].

The study has also compared the proposed approach with the single-stage ap-

proach of post-disaster network reconfiguration performed through allocation of

remote-controlled switches.

The optimization methodologies (including analytical and population-based

techniques) for network reconfiguration have been reviewed in [8]. The paper has

evaluated the significance of key nodes and edges (or lines) for distribution net-

work reconfiguration during abrupt disturbances in distribution systems using

metrics and criteria based on network theory, along with their benefits and draw-

backs. The objective functions and constraints of different types of optimization

problems have also been described. Overall, optimization approaches have been

examined, along with benefits and drawbacks for solving the problem of distribu-

tion network reconfiguration.

A method for radiality constraint formulation has been proposed in [60], which

can be very useful while performing distribution network reconfiguration. The

method proposed in [60] was validated using a graph theoretic approach. Due

to the use of integer variables, the paper has also investigated the tightness and

compactness of the problem under study. The postulated radiality requirements

have been implemented explicitly to post-disaster microgrid formation for dis-
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tribution system resilience enhancement. The paper has stated that the devel-

oped microgrid formation framework was preferable to the models in the exist-

ing literature because it provided for more flexible merging and/or separation of

the sub-networks. The proposed approach was tested on two distribution test sys-

tems.

The data obtained from distribution phasor measurement units (D-PMUs) have

been utilized in [76] to perform pre-event distribution network reconfiguration.

Moreover, the work presented in [76] has also analyzed impacts of data anoma-

lies in D-PMU for resiliency-based distribution network reconfiguration. The ob-

jective of the study was to provide a quantitative and unsupervised data-driven

approach for assessing the quality of D-PMU data as well as to create a method-

ology for regulated islanding and proactive distribution network reconfiguration

based on resilience. Since quicker, scenario-based, intelligent algorithms would be

needed due to increased grid resiliency needs brought on by the frequent occur-

rence of extreme events, the paper has proposed an approach that can be imple-

mented to maximize the critical load recovery.

An approach based on microgrid formation has been proposed in [53] to en-

hance power system resilience, where extreme event modeling, resilience evalu-

ation methods, and resilience enhancement strategies have also been presented.

Due to the capability of microgrids to form islands and support the integration

of renewable energy resources, they have been viewed as a potential strategy to

manage the significant power outage caused by extreme events. In this study, a

three-stage approach has been proposed to analyze distribution system resilience.

The first stage presented the broader contexts of power grid resilience, including

extreme event modeling, resilience assessment techniques, and resilience enhance-
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ment strategies. The second stage analyzed the application of microgrid forma-

tion as a tool for resilience enhancement and looked at the formation of dynamic,

networked, and static microgrids as well as the resilience of multi-energy micro-

grid networks. The third stage was an analysis of the techniques used by micro-

grids to improve their resilience amid significant outage situations.

A mixed integer linear program has been proposed in [47] for microgrid forma-

tion with distributed energy resources for distribution system resilience enhance-

ment, where impacts of uncertainties associated with renewable energy resources

and loads have also been investigated. The operations and management of sev-

eral advanced power grid technologies, including distributed energy resources,

demand response schemes, and energy storage devices, has been explored in the

paper. Investigations have also been done on the substantial effects of renewable

distributed energy resources, demands, and their unpredictability on the resilience

of distribution systems. Additionally, the necessary emergency operating budgets

for repairing a distribution system after the occurrence of extreme events have

been established. Moreover, the impact of demand response initiatives on enhanc-

ing the operations of the distribution system during the recovery phase has been

studied.

In order to establish self-sufficient islanded grids and isolate affected areas of

the cyber-physical power system with the goal of minimizing load curtailment,

a defensive islanding technique has been presented in [2]. In order to increase a

power system’s resilience against a hypothetical extreme event, the defensive is-

landing technique was proposed to divide the system into multiple smaller grids.

For the best protective islanding, a clustering strategy based on the hierarchy-

based spectral clustering has been used in the paper. The proposed technique
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incorporated the stress conditions and vulnerability of power system components

as a result of failures brought on by cyberspace. The effects of cyber incidents on

the functioning of the power system elements have been mapped using a graph

theory-based technique. The effectiveness of the proposed clustering solutions has

been assessed using the amount of curtailed loads and radiality requirements.

2.2 Optimization Methods for Resilience Enhancement

Resilience enhancement of the power system may be viewed as an optimization

problem. The choice of a suitable optimization method, therefore, plays a signif-

icant role during the implementation of any resilience strategies. Despite the ex-

istence of a number of widely used optimization techniques for operations and

control of power system, the uncertainty associated with the occurrence of ex-

treme events and the interaction of various power system components and re-

sources need the adoption of more advanced optimization techniques. Choos-

ing the most appropriate action plan during extreme events necessitates coordi-

nation and cooperation among various electricity infrastructures and resources

to enhance system resilience. This section describes the applicability of various

existing optimization approaches along with cooperative game theory and rein-

forcement learning, which are leveraged in this dissertation.

2.2.1 Existing Optimization Methods

The existing literature has identified a number of optimization methods for en-

hancing the resilience of the power system. The existing optimization methods
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employed for resilience enhancement include analytical methods such as linear

programming, mixed-integer linear programming, mixed-integer nonlinear pro-

gramming, and mixed-integer second-order cone programming; and population-

based methods such as genetic algorithm and particle swarm optimization [12].

A proactive scheme based on mixed-integer linear programming has been de-

veloped in [96] to improve system resilience during an extreme event. A Markov

process was used to simulate the stochastic sequential transition of states induced

by the propagation of catastrophic incidents. In order to assess transition proba-

bilities, failure rates of system components were taken into account. A recursive

utility function with a present cost and a future cost, as well as operation and inter-

temporal requirements, was developed for each system state. Finally, the proactive

scheme was developed by applying the linear scalarization approach to convert

the recursive utility function into mixed integer linear programming.

A topology search technique based on mixed-integer second-order cone pro-

gramming has been developed in [106] to achieve the coordinated restoration of

various energy sources and critical loads. An outage recovery model was devel-

oped following topology search technique in order to maximize the resilience in-

dex. The paper converted the objective function of the outage recovery model into

a mixed integer second-order cone programming that could be solved easily us-

ing commercially available software. The proposed outage recovery model was

solved to determine the optimum recovery plan for improving the resilience of

distribution system.

A distribution system resilience enhancement strategy based on mixed-integer

second-order cone programming for the optimum scheduling of portable de-icing

equipment on congested road network has been proposed in [100]. The portable
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de-icing equipment were treated as emergency vehicles and a de-icing schedule

was developed. Distribution network reconfiguration and the dispatch of dis-

tributed energy resources were also considered in the scheduling. A robust model

operating in two phases was devised to handle the implications of ice storm pre-

diction inaccuracies on both road network and power distribution network.

An approach for power system resilience enhancement based on a population-

based search technique has been proposed [65]. Pre-event and post-event strate-

gies for improving system resilience were examined in relation to the extreme

events and a conceptual framework was developed. The conceptual framework has

been linked with a power system dynamic model to provide unique resiliency im-

provement solutions. With dual goals of lowering resilience enhancement cost

and enhancing system resilience, a multi-objective optimization problem was for-

mulated. The multi-objective optimization problem was then solved using the ef-

ficient non-dominated sorting genetic algorithm (NSGA-II).

A two-stage strategy based on a population-based search technique has been

proposed in [88] to reduce the impact of hurricanes on distribution networks. A

dynamical hurricane model was built, with a moving trajectory and variable wind

speed. The two-stage strategy presented in the paper comprised of pre-disaster

hardening stage and post-disaster network reconfiguration stage. In order to ef-

fectively implement the hardening plan, load priority was assessed during the

pre-disaster phase. A microgrid formation strategy was then implemented for

enhanced resilience. The effect of line congestion was taken into account while

quantifying the total amount of curtailed loads. The proposed model was solved

using particle swarm optimization to enhance computing performance.
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2.2.2 Optimization Methods Used in this Dissertation

The analytical and population-based intelligent search techniques utilized for re-

silience enhancement, described in the previous subsection, have the following

shortcomings. The accuracy and efficacy of analytical-based approaches are de-

pendent on the accuracy of the models utilized, with accurate models imposing

scalability challenges [1, 49]. Furthermore, mathematical models are typically de-

rived using many approximations and require entire system information. Due to

the enormous search space, population-based approaches, on the other hand, are

computationally intensive, especially as system sizes increase [31, 44]. Therefore,

cooperative game theory- and reinforcement learning-based approaches are inves-

tigated in this research work to enhance distribution system resilience.

Cooperative Game Theory

Game theory-based approaches provide a set of mathematical tools to assess com-

plex interactions and rational behaviors of economic agents in a mutually inter-

active setting [24]. Specifically, cooperative game theory-based approaches have

attracted considerable attention of power system researchers because of their abil-

ity to uniquely assign payoff among players of the game taking into account their

marginal contributions [38]. Game theory-based approaches (both cooperative and

non-cooperative) have been successfully applied in various fields of power sys-

tems. These applications include power system planning, economics, operations

and control. Game theory-based approaches have been used for comparing vari-

ous methods of loss allocation in power systems in [62], for charging coordination

of plug-in hybrid electric vehicles in [92], and for economic dispatch in [103].
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A cooperative game theory-based approach has been implemented in [85] for

loss reduction allocation of distributed generators using the Shapley values (a so-

lution concept in cooperative game theory). This paper has presented a new loca-

tional marginal pricing (LMP) strategy for distribution systems with substantial

integration of distributed generation in a competitive energy market. The ob-

jective of the LMP technique presented in the paper was to reward distributed

generators for their contribution to lower power loss in distribution systems re-

sulting from the participation of all distributed generators in providing demand.

Additionally, an iteration-based algorithm has been integrated with the proposed

approach. In contrast to the existing LMP-based methodologies, the method pre-

sented in the paper was supposed to offer distribution companies an effective tool

for estimating the system state.

The concept of Shapley value has been utilized in [78] to determine the criti-

cal components of the system for reliability-centered maintenance. The paper has

stated that the prevention of potential disruptions and the provision of the nec-

essary electricity for end-use customers of distribution networks were two major

functions of the generation side of power systems. Since generator failures may

have severe or minimal effects depending on the location of generators and net-

work structure, the paper has considered both of these factors during reliability-

centered maintenance. In addition to attempting a fair distribution of outage im-

plications to the participating units in the case of N−k contingencies, the study has

been primarily focused with the proposal of an index that could be used to sort

out the generators based on their outage impacts on power system reliability. The

proposed approach has employed Shapley value to rank generators based on how

their failure will affect the reliability of the system. The proposed approach can

be used to identify the critical generators of the system, after which the reliability-
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centered maintenance can be successfully carried out.

A cooperative game theory-based approach has been proposed in [35] for un-

der frequency load shedding control, where a real-time digital simulator has been

utilized to compute rate of change of frequency (RoCoF). In order to efficiently

and accurately calculate the locations and amounts of loads that need to be shed in

order to regulate under frequency load shedding, this paper has provided a two-

stage strategy based on cooperative game theory. Using the initial RoCoF referred

to the equivalent inertial center, the total amount of loads to be shed, also known as

the deficit in generation or the disturbance power, was calculated in the first step.

In the second step, load shedding amounts and locations were determined using

the Shapley value. The Western Electricity Coordinating Council (WECC) 9-bus

3-machine system has been used to implement the proposed approach, and real-

time digital simulators were used for simulation. The findings demonstrated that

the proposed under-frequency load shedding technique can successfully restore

the system to its pre-disturbance state.

A cooperative game theory-based approach for computing participation factors

of distributed slack buses has been proposed in [40], where the proposed approach

has been compared with a conventional approach to compute participation factors

of distributed slack bus generators to demonstrate the effectiveness of the pro-

posed approach. The approach proposed in the paper was based on two-stages.

In the first stage, the worth (or value) of individual participating generators and

their coalitions were computed. In the second stage, the Shapley value was used

to calculate the participation factors of individual participating generators. The

participation factors were then used to distribute the mismatch power among dif-

ferent generators. The effectiveness of the proposed approach was demonstrated
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through case studies on the IEEE 14-bus, IEEE 30-bus, and IEEE 57-bus systems.

The results showed that the cost of generation and power losses are reduced in the

case of systems with distributed slack buses compared to that with a single slack

bus.

A cooperative game-theoretic approach has been proposed in [34] for sizing

and siting of distributed energy resources, where the k-means method has been

used to perform scenario reduction before determining candidate locations for the

placement of distributed energy resources. This paper has proposed a two-stage

approach to effectively determine optimal locations and sizes of DERs. In the first

stage, a certain number of candidate locations of DERs were selected based on the

equivalent locational marginal costs (LMCs) per unit active power at each bus and

the worths (or values) of individual candidate locations and their coalitions are

computed. The equivalent LMCs were determined using the weighted average of

LMCs for reduced load scenario sets. In the second stage, the Shapley value was

used to determine the optimal locations and sizes of DERs. Case studies on IEEE

14-bus and 30-bus systems showed that the total cost of generation was reduced

after DER placement using the proposed approach as compared to the state-of-the-

art approaches.

In [38], a cooperative game theory-based approach has been used to determine

change in active power set points of distributed energy resources in active dis-

tribution systems for secondary frequency regulation. The paper has presented a

two-stage strategy for secondary frequency regulation in distribution systems con-

sisting of distributed energy resources (DERs). In the first stage, the value or worth

of each DER and their coalitions were determined using initial rates of change of

frequency (RoCoF) for each DER/coalition. In the second stage, the Shapley value
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was used to determine changes in active power set points of DERs. The proposed

method was implemented on several distribution systems including a modified

IEEE 13-node system and modified 33-node distribution system.

Reinforcement Learning

Learning-driven works have been used in solving several power system problems

[67]. In fact, the learning-driven works have become an integral part of the power

system simulation and modeling with the integration of advanced communica-

tion capabilities and resulting generation of a massive amount of data; increased

integration of stochastic resources; and increased system complexities and uncer-

tainties in mathematics-based power system models [18, 16, 17, 15, 68]. Learning-

driven approaches can assist the power system operators and planners for deci-

sion making and control through their intrinsic generalization capabilities [22, 23].

Out of various learning-driven approaches, reinforcement learning (RL)-based ap-

proaches have the capabilities to learn from experiences during online operations

of power systems. RL has been used in solving several power system problems

including power system optimization, operational control, and resilience enhance-

ment, to name a few.

A Lagrangian-based deep reinforcement learning (DRL) approach has been

proposed in [101] to solve real-time optimal power flow. The deep deterministic

policy gradient has been used to build and optimize a DRL agent to determine real-

time optimal power flow set-points. The objective and constraints of the problem

have been formulated by the action-value function of the DRL model. The deter-

ministic gradient has been calculated analytically rather than utilizing the critic

network. The IEEE 118-bus system has been used to test the proposed DRL model.
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It has been shown in the paper that the proposed approach can achieve global

optimum with high accuracy in real-time when compared to state-of-the-art ap-

proaches.

A multi-agent deep RL-based approach has been proposed in [90] for Volt/VAr

control, where on-load tap changers and capacitors are utilized in the first stage

and reactive powers of photovoltaic inverters are regulated in the second stage

to mitigate voltage fluctuations. The real-time Volt/VAr control for preventing

rapid voltage violations while reducing network power loss has been proposed in

this paper as a two-stage DRL-based approach. After solving the optimal power

flow, transformer tap changers and capacitor banks have been hourly scheduled in

the first stage. The optimization problem has been solved by formulating a mixed-

integer second-order cone program. A trained control strategy was deployed in the

second stage based on local measurements and the reactive power of photovoltaic

inverters are dynamically regulated to reduce rapid voltage fluctuation.

A graph convolutional network-based deep RL has been proposed in [50] for

voltage stability control under power system topology changes. Due to the in-

corporation of the graph convolutional network, the DRL proposed in the paper

has been used to map topological and spatial relationships in nodal characteristics

more effectively. The proposed model was tested on the IEEE 39-bus system and

the results showed that it outperformed the basic DRL scheme in terms of conver-

gence and testing performance.

Reinforcement learning has also been used for power distribution system re-

silience enhancement under extreme weather events [107]. The distributed genera-

tor (DG) scheduling task has been defined in this study as a discontinuous Markov

decision process (MDP) [107]. The probabilities of component outages also were
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taken into account. The best rescheduling plan to increase a distribution system’s

resilience has been identified using a model-free optimization methodology based

on DRL. To manage high-dimensional continuous control actions, deep neural net-

works (DNN) were used to capture significant random state space characteristics

and create multivariate Gaussian distributions. The IEEE 9-bus, IEEE 39-bus, and

IEEE 123-bus systems were used to evaluate and contrast a traditional RL algo-

rithm and two other DRL algorithms, and the results showed how well the pro-

posed methodology performed in case of both radial and networked topologies.

A decentralized multi-agent based RL has been used for energy management

of microgrids in [83]. To support thermal and electric loads at the lower level of the

energy management system, the microgrid has been supposed to consist of wind

turbine generators and photovoltaic systems, diesel generators, batteries, and com-

bined heat and power producing units in the paper. All consumers and distributed

energy resources have been modeled as non-cooperative agents that use RL to tai-

lor their actions and operating expenses. According to this approach, agents were

able to engage with one another remotely and determine the optimal course of ac-

tion in a dynamic environment. A resource management agent was at the top level

of the energy management system and it was responsible for collecting data from

agents at lower levels and organizing the microgrid thermal and electric energy

market in accordance with specified objectives.

To control the virtual inertia of grid connected-inverter, an adaptive critic design-

based RL has been proposed in [81]. In order to effectively control grid-connected

virtual synchronous generators, a heuristic dynamic programming (HDP) approach

has been presented in the study to address the various concerns with conven-

tional virtual synchronous generators. The adoption of neural networks for HDP
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in the paper demonstrated the capability of the proposed method to adapt to any

impedance angle. The proposed HDP controller consisted of two subnetworks:

(a) the action network, which optimally regulated the system, and (b) the critic

network, which was used to assess the performance of the action network. Results

from simulations and experiments demonstrated that under a variety of scenar-

ios, the HDP-based technique outperformed the traditional virtual synchronous

generators based on PI-controllers.

A multi-agent deep reinforcement learning framework has been proposed in

[98] for scheduling of mobile energy storage systems to enhance power system

operational resilience. The scheduling and routing of mobile energy storage sys-

tems has been reformulated as a Markov decision process in this paper using a

multi-agent DRL model with deep Q-networks. The proposed model was able

to capture a blended policy that included both continuous and discrete actions.

The environment has been designed as a transportation network coupled with a

linear AC optimal power flow algorithm, and the intrinsic uncertainties related to

renewable distributed energy resources, uncertain demands, and line failures have

been integrated into the proposed RL approach using a training process. The per-

formance of the proposed methodology was assessed using numerous case studies

that included both 6-node and 33-node distribution test systems.

A multi-agent deep reinforcement learning framework has been proposed in

[87] for the energy management of buildings with renewable energy integration.

In this study, a value-decomposition network was proposed to address the coop-

erative optimization of several agents, while a deep Q-network was employed to

optimize each agent. Additionally, prioritized experience replay and viable action

filtration mechanisms were included to take into account the regulated character-
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istics of building energy systems and to speed convergence and ensure stability of

the methodology used to those systems. Based on the outcome of the simulation,

it was concluded that the proposed multi-agent cooperative methodology was

capable of implementing simultaneous control of numerous distinct devices and

achieving multi-objective cooperative optimization of building energy systems.
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CHAPTER 3

MATHEMATICAL MODELING

The main objective of this dissertation is to propose planning- and operation-based

resilience strategies through the deployment of movable energy resources (MERs).

In order to meet the main objective, some of the mathematical methods including

graph theory, game theory, and reinforcement learning have been leveraged in this

dissertation. This chapter presents the aforementioned mathematical foundations

that are relevant to the methodologies proposed in this dissertation.

3.1 Graph Theory

In mathematics, graph theory refers to the study, modeling, and analysis of graphs.

A graph is a framework built up of a collection of objects where some object pairs

are conceptually “connected”. The objects are represented by mathematical con-

structs known as vertices (sometimes known as nodes or points), and each pair of

connected vertices is known as an edge (also referred to as link or line) [94]. A

graph is typically shown diagrammatically as a collection of dots or circles repre-

senting the vertices and lines or curves representing the edges. The edges could

be either directed or undirected. Mathematically, a graph is represented as a pair

G = (N, E), where N is a set whose objects are called nodes, and E is a set of con-

nected nodes, whose objects are called edges.

The number of nodes in a graph determines its size. In a graph, a path is a

way that can be taken along edges and via nodes. A path’s edges and nodes are

all linked to one another. A cycle, also known as a circuit, is a path that starts and
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finishes at the same node. The length of a path or cycle is the number of its edges.

If every pair of nodes has a path connecting them, the graph is called a connected

graph [7]. A tree is a connected graph that has no cycles. Equation (3.1) is satisfied

in a tree graph with N nodes and E edges:

N = E − 1 (3.1)

3.2 Graph Theoretic Modeling of Distribution Network

This section presents the graph theoretic modeling of the distribution network to

address the MER sizing and routing problem being investigated for enhanced dis-

tribution system resilience. A distribution network forms a meshed network when

all the switches (sectionalizing and tie-switches) are closed, and can be represented

as an undirected graph G = (N,E), where N is a set of nodes (or vertices) and E is a

set of edges (or branches). Since distribution networks are composed of nodes and

lines similar to vertices and edges of a graph, all the properties of graphs can be

applied in case of distribution networks whenever they are modeled as graphs.

3.2.1 Spanning Tree

In an undirected graph G = (N,E), a spanning tree is a subset of G which is a tree

and contains all G’s vertices [39]. A connected graph can have many spanning

trees, each of which has the same number of edges and vertices. Suppose each of

the undirected graph G’s edges has a specific value (or weights). The edge weights

vary depending on the problem. The sum of all edge weights of a spanning tree is

minimized when establishing the minimum cost spanning tree. Fig 3.1(a) shows a
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spanning tree of a hypothetical 12-node system. The spanning tree shown in the

figure consists of all system nodes (i.e., 12) and 11 closed branches (edges).

1

2 3 4 5

9

10 11

6 7 8

12

Node
Open branch
Closed branch

1

2

3 4 5

9

10 11

6 7 8

12 ST-1

ST-2

ST-3

(a) (b)

Figure 3.1: (a) A spanning tree; and (b) a spanning forest of a hypothetical 12-node
system

3.2.2 Spanning Forest

In graph theory, a forest is a disconnected union of trees. A spanning forest is a

forest that covers all vertices of the undirected graph G and consists of a set of

disconnected spanning trees [46]. When all spanning trees are connected, each

vertex of the undirected graph G is included in one of the spanning trees [82]. On

the other hand, when a disconnected graph has many connected components, a

spanning forest is formed and it contains a spanning tree of each component [4].

Figure 3.1(b) shows the spanning forest formed as a result of disconnection of two

additional branches (2–3 and 3–10) in the spanning tree presented in Figure 3.1(a).

The spanning forest shown in Figure 3.1(b) consists of three spanning trees (ST-1,

ST-2, and ST-3).
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3.2.3 Kruskal’s Spanning Forest Search Algorithm

Kruskal’s algorithm [55] is used to search for the optimal spanning forest. Kruskal’s

spanning forest search algorithm (KSFSA) starts by constructing a forest F with

each graph vertex acting as a single tree based on the given undirected graph.

Since KSFSA is a greedy algorithm, it goes on connecting the next least-weight

edge that avoids loop or cycle to the forest F at each iteration. The resulting for-

est F after the last iteration is the optimal spanning forest. Figure 3.2 shows the

flowchart of KSFSA.

Construct a forest F (a collection of trees) with 

each graph vertex acting as a single tree 

Read an undirected graph 

Start

Is E empty and F spanning?

Construct a set E that contains all of the 

graph's edges

Delete an edge with the least weight 

from E

If the deleted edge links two different trees, add it 

to forest F to merge the two trees into one.

Stop

Yes

No

Figure 3.2: Flowchart of Kruskal’s spanning forest search algorithm
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3.3 Graph Theoretic Modeling of Road Network—Dijkstra’s short-

est path algorithm

The pre-positioning and the optimal routing of MERs based on the optimal dis-

tance are considered in this dissertation in addition to the minimization of the

amount of curtailed critical loads. Therefore, it is essential to model the trans-

portation road network. A road network refers to a collection of linked points and

lines that depict a network of roads in a certain area. The road network may be

modeled using the graph theory since it consists of linked points and lines that

resemble vertices and edges in a graph.

In this dissertation, the meshed configuration of the road network is modeled

as an undirected graph Gr = (Nr,Er), where Nr is a set of nodes and Er is a set

of road edges. The weight of each road edge is determined by its length. The

Dijkstra’s shortest path algorithm (DSPA) is used in this dissertation to determine the

optimal path for MER routing.

Since multiple routes from the initial location of MERs to the final location may

be possible, determining the best route can significantly minimize the MER de-

ployment cost function. In this work, DSPA is used to find the shortest (optimal)

path between two different nodes of a road network graph. DSPA uses the least

edge weight to calculate the shortest path from the initial location to the destina-

tion [5]. DSPA can only be applied in case of the graph with non-negative edge

weights [25]. DSPA is appropriate for this study since the length of each road edge

(which is non-negative) is used to calculate edge weights.
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3.4 Cooperative Game Theory

In game theory, a game can be categorized as either a (a) cooperative game or

(b) a non-cooperative game. In non-cooperative games, there is no coalition be-

tween players while in cooperative game theory there is a cooperation or coalition

between players. In cooperative (or coalitional) games, each player can form al-

liances with other players to maximize his payoff. Since coalitions among players

are formed to increase their individual payoffs, a coalition must always result in

equal or greater payoffs than individual player’s payoffs [40].

The purpose of MERs is to improve the resilience of the distribution system,

and they are intended to act cooperatively and in unison to achieve this goal. Ad-

ditionally, there is no competition among MERs because a single electric company

oversees all of them. The cooperative game theory, therefore, has relevance to the

problem under study.

A coalitional game is defined by assigning a value to each of the coalitions.

Formally, a coalitional game is composed of the following two components:

• A finite player set N , known as the grand coalition.

• A characteristic function V(S ) : 2N → R that assigns a worth to each coalition.

Assume V(ϕ) = 0. Here, 2N is the set of possible coalitions.

The characteristic function, representing the worth or value of each coalition,

is defined in every coalitional game. The characteristic function of a coalition is

the aggregated worth of all coalition members. Solution paradigms such as the

Shapley value, the core, the Nucleolus, and the Nash-bargaining solution are used
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to allocate the overall payout or incentive among individual players of a coalitional

game.

3.4.1 Core of a Coalitional Game

In game theory, the core is the set of possible payoff vectors to the players, for

which no player or coalition has the motivation to form another coalitions. The

core is a set of payout assignments that ensures no player or player group has

a motivation to quit N to establish a new coalition. Mathematically, the core is

defined as follows [86].

C =

α :
∑
j∈N

α j = V(N) and
∑
j∈S

α j ≥ V(S ),∀S ⊂ N

 (3.2)

The condition
∑

j∈N α j = V(N) is called “efficiency” and the condition
∑

j∈S α j ≥

V(S ) is called “stability”. There is no certainty that the cores of coalitional games

be nonempty. In many cases, the core is in fact empty, making it impossible to

stabilize the grand coalition [80]. Moreover, the core doesn’t always give a unique

solution and in many cases, the payoff distribution based on the core can be unfair

to some players [80]. Shapley value or some alternate solution concept may be

applied in these circumstances.

It is evident from the definition of the core that both the efficiency and stability

criteria must be satisfied for the existence of the core. Since we are assuming that

all MERs participate in the game and that it is always necessary to establish a

grand coalition, there is no requirement that MERs satisfy stability criteria for all

coalitions while pre-positioning. The concept of the core is, therefore, not relevant

to the problem under investigation.
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3.4.2 Nucleolus

The nucleolus is another important concept in coalitional game theory introduced

by Schmeidler [84] in 1969. It is founded on the idea of reducing the dissatisfaction

of coalition(s) starting with the most dissatisfied coalition(s) [84]. The excess of a

coalition is the difference between the sum of actual payoffs received by players

in the coalition and the worth or value of the coalition. Nucleolus is defined as a

payoff distribution vector x such that the excess (given by (3.3)) of any potential

coalition cannot be lowered without raising any other higher excess.

eS (x) = V(S ) −
∑
j∈S

x j, (3.3)

where
∑

j∈S x j denotes the actual value of total payoff received by the players of

coalition S and V(S ) denotes the worth or value of coalition S .

If the core is not empty, the nucleolus should lie in the core as well, guarantee-

ing the grand coalition’s stability [84]. However, obtaining the nucleolus might not

be simple because of numerical issues [66]. Additionally, none of the monotonicity

requirements are guaranteed [66]. Moreover, the payoff distribution based on the

concept of the nucleolus can be unstable if the core doesn’t exist. Therefore, when

adopting nucleolus, it might still be essential to ensure that the core isn’t empty.

In relation to the pre-positioning of MERs, the grand coalition is always formed

since all MERs should participate in the game. Also, it is not necessary to ensure

coalitional rationality (or stability). Therefore, the concept of nucleolus is not ap-

plicable to the problem under study.
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3.4.3 Shapley Value

The Shapley value is one of the solution concepts of coalitional game theory. The

Shapley value assigns a unique payoff vector that is efficient, symmetric, and satis-

fies monotonicity. The Shapley value allocates the payoffs in such a way that is fair

for cooperative solutions. The Shapley value is an approach to allocate the overall

earnings to individual players when all participants participate in the game. The

Shapley value of a coalitional game is expressed as follows [26].

ψ j(V) =
∑

S∈2N , j∈S

(|S | − 1)!(n − |S |)!
n!

[V(S ) − V(S \{ j})] (3.4)

where n = |N| is the total number of players; S is a coalition that is a subset of N ;

S \{ j}) is the coalition S minus player j; and 2N is the set of possible coalitions.

The Shapley value has a number of important properties or axioms, which are

listed below [43]:

• Efficiency: The efficiency property states that the sum of the Shapley values

of all players is equal to the worth of the grand coalition, so that the total

gain is allocated among the players. Mathematically, the efficiency property

is stated as follows. ∑
j∈N

ψ j(V) = V(N) (3.5)

• Individual Rationality: This property states that the Shapley value of each

player should be greater than or equal to his individual worth. Mathemati-

cally, the individual rationality property is stated as follows.

ψ j(V) ≥ V({ j}),∀ j ∈ N (3.6)

• Symmetry: This property states that the players contributing the same amount

in every coalition should have the same Shapley values. For two players i and
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j satisfying V(S ∪ {i}) = V(S ∪ { j}) for each coalition S without i and j,

ψi(V) = ψ j(V) (3.7)

• Dumminess: For player i satisfying V(S ) = V(S ∪ {i}) for each coalition S with-

out i,

ψi(V) = 0 (3.8)

• Linearity: For two characteristic functions V1 and V2 of a coalitional game,

ψ(V1 + V2) = ψ(V1) + ψ(V2) (3.9)

Regarding the pre-positioning of MERs, it is important to underline how each

player contributed to determining how the total payoff is distributed. The Shapley

value ensures fair payoff distribution without the need to fulfill coalitional ratio-

nality. Shapley value is, therefore, used in this dissertation as it fits the problem

under study.

3.5 Deep Q Learning

A reinforcement learning (RL) is a branch of machine learning which consists of

four main integrands: policy, reward, value functions, and environment model

[63]. An agent decides what action to take based on the policy. The policy estab-

lishes a relationship between states and actions. When the agent performs a task,

it is rewarded (or penalized). The value function determines the expected value of

cumulative reward when an agent follows a policy.

There are a variety of algorithms for RL. A number of factors influence the

choice of an algorithm, such as the nature of states (continuous or discrete), the
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action-space (continuous or discrete), and so on [41]. The action-space for the MER

routing problem under consideration is discrete, making Q-Learning an appropri-

ate option for the task. Basic Q-Learning, on the other hand, necessitates large

look-up tables to store state-action values. As an action-value function approxima-

tor, a deep neural network (DNN) is employed to avoid the usage of large look-up

tables [32]. The addition of DNN to the basic Q-Learning framework transforms

it into a Deep Q Network (DQN) [31]. In Q-Learning, we seek to model the Q

function, or, to put it another way, we predict the projected rewards for each ac-

tion for a particular state. A function that accepts a state-action pair and yields the

action-value is referred to as the Q function in this context. The update rule for

action-value function in Q-learning is defined as follows [104].

Q(S t, At)← Q(S t, At) + α × [Rt+1 + γ ×max
a

Q(S t+1, At+1) − Q(S t, At)] (3.10)

where At and S t are the action and state of an agent at the tth iteration; Q(S t, At) is the

action-value function at the tth iteration; Q(S t+1, At+1) is the action-value function at

the (t + 1)th iteration; α is the learning rate; and γ is the reward discount factor.

Instead of updating the action-value function iteratively, the DNN is trained

and the action-value function’s parameters are optimized to minimize the mean-

squared error (MSE) loss function (i.e., regression loss function), which is expressed

as follows [22].

L(θ) = E[(Q(S t, At|θ) − yt)2], (3.11)

where E denotes expectation operator; θ denotes the parameter of action-value

function Q(S t, At); and yt denotes the target action-value function, which is defined

as follows.

yt = R(S t, At) − γ × Q(S t, At; ϕ). (3.12)

In (3.12), R(S t, At) denotes the reward function at the tth iteration; ϕ denotes the
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parameter of the target DQN; and Q(S t, At; ϕ) denotes the action-value function of

the target DQN.

When a nonlinear function approximator, like a neural network, is employed

to represent the Q-function, RL becomes unstable or divergent. The causal links

in the series of observations, the possibility that tiny changes to Q may drastically

alter the agent’s behavior and the distribution of the data, and the relationships

between predicted and target Q values all contribute to this instability. The tech-

nique is applicable to many different applications and areas of stochastic search

[69]. Experience replay, a bioinspired process that chooses from a random sample

of previous actions rather than the most recent action, is employed in Q-learning

[3]. As a result, causality in the observational order is eliminated, and fluctuations

in the data distribution are smoothed [71].
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CHAPTER 4

PROPOSED METHODOLOGIES

This dissertation has proposed various planning- and operation-based strategies

for distribution system resilience enhancement by deploying movable energy re-

sources (MERs). The proposed methodologies include determination of optimal

total size and number of MERs, pre-positioning of MERs, and post-disaster rout-

ing of MERs. This chapter presents the details of the aforementioned methodolo-

gies proposed in this dissertation. The cooperative game theory-based on Shapley

value is used for the pre-positioning of MERs because of the capability of Shapley

value to allocate the total capacity among MERs considering their marginal contri-

butions. Moreover, the existing analytical and population-based approaches must

repeat the entire analysis and computation when the system operating states (e.g.,

loads at each node, on/off status of system branches, etc.) change because the op-

timal locations of MERs after an extreme event are dependent on system operating

states. Conversely, deep reinforcement learning (DRL)-based model adopted in

this dissertation can quickly determine optimal or near-optimal locations despite

changes in system states if they are adequately trained with a variety of scenarios.

4.1 Determination of Optimal Size and Number of Movable En-

ergy Resources

This section presents an approach based on graph theory and combinatorial enu-

meration [105] for sizing of MERs. High wind speed caused by hurricanes or tor-

nadoes is taken as an example of weather-related extreme events. A set of multiple
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line outage scenarios is generated based on forecasted wind speed. Generated sce-

narios are then reduced using the fuzzy k-means method. The reduced scenarios

are used to determine expected load curtailments (ELCs) when MERs are deployed

at various locations for all combinations of total size and number of MERs. The

minimum ELCs for each set of MERs are used to construct a minimum ELC matrix,

which is utilized to determine optimal size and number of MERs [42]. In addition,

a techno-economic analysis is performed using power outage cost and investment

cost of MERs to determine an optimal total size of MERs in a distribution system.

4.1.1 Extreme Event Modeling and Scenario Generation

In this dissertation, the weather-related fragility curve is used to model the im-

pacts of extreme events on a system and generate multiple line outage scenarios. A

fragility curve is applied to characterize the performance and vulnerabilities of dif-

ferent system components confronting uncertain weather-related extreme events.

The failure probabilities of each component are obtained by mapping the weather

forecast and monitoring data to the fragility curve [13]. We have taken the multi-

ple line outages caused by high wind speeds as an example of a weather-related

extreme event in this study. Mathematically, the probability of line outages caused

by high wind speeds can be represented as follows [77].

Pl(w) =


Pl, if w < wcrl

Pl hw(w), if wcrl ≤ w < wcpse

1, if w ≥ wcpse

(4.1)

where Pl is the probability of line failure as a function of wind speed w; Pl is the

failure probability at normal weather condition; Pl hw is the probability of line fail-

ure at high wind; wcrl is the critical wind speed (i.e., the speed above which the
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distribution lines start experiencing failure); and wcpse is the speed above which the

distribution lines completely collapse.

It is worth noting here that one of the main differences in reliability- and resilience-

related studies is how the outage scenarios are generated and utilized in the anal-

ysis. In reliability-related studies, a wide variety of outage scenarios with out-

age duration ranging from a few seconds to several days are generated and the

expected values of load curtailment or any other relevant indices are calculated.

However, the scenarios are limited to high-impact low-probability (HILP) events

in case of the resilience-related studies. This dissertation, therefore, focuses only

on HILP events when generating and utilizing the outage data for analysis.

4.1.2 Scenario Reduction Using Fuzzy k-means Method

The accuracy of an approach is always improved when a large number of line

outage scenarios is used. However, solving the problem with a large number of

scenarios takes a long time. The generated line outage scenarios are, therefore,

reduced using the fuzzy k-means method in this work to make the proposed ap-

proach computationally tractable. The fuzzy k-means clustering, also referred to

as soft clustering, is a type of clustering or scenario reduction in which each sce-

nario can be a member of multiple reduced scenarios [11]. There is fuzziness or

overlap between different clusters in case of the fuzzy k-means method.

Consider an original set of scenarios X = {x1, ..., xr} and M = {µ1, ..., µK} be the

set of reduced scenarios (cluster centroids). If the degree of membership of any

data point xi from Xwith the jth cluster of scenarios is defined by a weight u ji, then

the cluster centroid of the jth reduced scenario is obtained by taking the weighted
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mean of all original scenarios, mathematically expressed as follows.

µ j =

r∑
i=1

um
ji × xi

r∑
i=1

um
ji

, (4.2)

where m is the hyperparameter that determines fuzziness of the clusters.

To obtain the final values of cluster centroids, the objective function (4.3) is

iteratively minimized [79].

min
r∑

i=1

K∑
j=1

um
ji||xi − µ j||

2, (4.3)

where

u ji =
1

K∑
k=1

(
||xi−µ j ||

||xi−µk ||

) 2
m−1

(4.4)

In order to evaluate the effectiveness of scenario reduction, the fuzzy k-means

method is compared with k-means and k-medians methods in terms of Silhouette

(SL) index, Davies-Bouldin (DB) index, and Calinski-Harabasz (CH) index.

The SL index evaluates an original scenario’s cohesiveness with its own cluster

in comparison to other clusters. The range of the SL index is from 1 to +1, and a

larger value implies a good fit to the scenario’s own cluster and a poor fit to other

clusters. The SL index is mathematically defined as follows [97].

S L =
1
r

r∑
i=1

(
bi − ai

max{ai, bi}

)
, (4.5)

where ai denotes the average distance between the ith scenario and other scenar-

ios in the same cluster (i.e., cohesiveness) and bi denotes the minimum distance

between the ith scenario and other scenarios of other clusters (i.e., separation).

The DB index utilizes the intrinsic properties and features of the dataset to val-

idate the effectiveness of the clustering. The DB index compares each cluster’s
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mean similarity to that of its closest neighbor, where similarity is defined as the ra-

tio of intra-cluster to between inter-cluster distances [27]. Therefore, clusters that

are more evenly spaced apart will be assigned higher scores. With a minimum

value of 0, better clustering is indicated by lower numbers. Mathematically, the

DB index is defined as follows [27].

DB =
1
K

K∑
j=1

max
i, j

S j + S i

M ji
, (4.6)

where S j is a measure of intra-cluster distance of the jth cluster and M ji is a measure

of inter-cluster distance between clusters j and i.

The CH index is an index that evaluates the degree of dispersion between dif-

ferent clusters. The CH index refers to the ratio of inter-cluster dispersion to intra-

cluster dispersion [75]. It is also referred to as the variance ratio index. The larger

value of CH index indicates better clustering. Mathematically, the CH index is

expressed as follows [75].

CH =
BK × (r − K)
WK × (K − 1)

, (4.7)

where BK denotes inter-cluster covariance and WK denotes intra-cluster covariance.

4.1.3 Computing Expected Load Curtailment (ELC)

The expected load curtailment (ELC) refers to the expected value of the amount of

the curtailed critical loads. Since the amounts of curtailed critical loads are differ-

ent for different outage scenarios, the ELC is calculated to get an expected value of

load curtailment out of all reduced line outage scenarios.

The ELC for the ith combination of MER locations is determined using the
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amount of curtailed critical load for each reduced line outage scenario as follows.

ELCi =

K∑
j=1

Pr( j) × LCi( j), (4.8)

where K is the total number of reduced scenarios; Pr( j) is the probability of the

jth reduced scenario; and LCi( j) is the critical load curtailment of the jth reduced

scenario for MER deployment location i, which is calculated as follows.

LCi( j) =
N∑

m=1

ωm∆Pmi( j), (4.9)

where ∆Pmi( j) is the load curtailment at node m of the jth reduced scenario for

MER deployment location i; ωm is the critical load factor at node m; and N is the

total number of nodes in the system. While computing the critical load curtail-

ment, the nodal power balance constraints and radiality constraint should always

be satisfied.

The proposed methodology to determine optimal size and location of MERs

can be summarized in the following steps.

1. Collect system data, including generation data, line data, load data, etc.

2. Generate a set of multiple line outage scenarios based on weather forecasting

and monitoring data.

3. Generate a set of reduced scenarios along with their probabilities using a

scenario reduction technique.

4. Enumerate all combinations of total size and number of MERs, based on a

certain level of granularity.

5. For each combination of total size and number of MERs, determine ELCs

corresponding to each combination of MER deployment locations.
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6. Determine minimum ELC for each combination of total size and number of

MERs.

7. Construct a matrix of minimum ELCs based on a combination of total size

and number of MERs.

8. Calculate the derivative of the minimum ELC matrix with respect to the num-

ber of MERs, then convert the derivative matrix into a vector by averaging

over total sizes of MERs. Note that the optimal number of MERs is the num-

ber corresponding to the entry of the vector whose sign changes from nega-

tive to positive.

9. Calculate the second derivative of the minimum ELC matrix with respect to

size of MERs. Convert the second derivative matrix into a vector by aver-

aging over numbers of MERs. Here, the optimal size of MERs is the size

corresponding to the maximum entry of the vector.

The flowchart of the proposed approach to construct the minimum ELC matrix

is shown in Figure 4.1.

4.1.4 Techno-Economic Analysis for Optimum Total Size of MERs

Based on the optimum number of MERs, a techno-economic analysis is performed

to determine the optimum total size of MERs for a distribution system. While

performing the techno-economic analysis, the total of two types of costs, i.e., power

outage cost and investment cost is computed to select the optimum total size of

MERs. The power outage cost Coutage is calculated for each total MER size based on

(4.10).

Coutage = ELCmin × toutage × VoLL, (4.10)
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Figure 4.1: Flowchart of the proposed approach to construct the minimum ELC
matrix

where ELCmin is the minimum expected load curtailment for a particular total MER

size PMER−tot; toutage is the duration of power outage; and VoLL is the value of lost

load (VoLL).

For the calculation of the investment cost of MERs, the levelized cost of elec-

tricity (LCOE) of MER is considered in addition to backup time requirement and

the total size of MERs. The investment cost of MERs Cinvestment is calculated for total

MER size based on (4.11).

Cinvestment = PMER−tot × LCOEMER × tbackup, (4.11)

where LCOEMER is LCOE of the backup generator considered for MERs; and tbackup
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is the backup duration requirement.

The Levelized Cost of Electricity (LCOE), also referred to as the levelized cost

of energy, is the net present worth of electricity generated by a power plant or

an electricity generated averaged over its lifetime [59]. It is commonly used for

investment decision making and comparing different sources of electricity. It is the

ratio of the discounted total cost of constructing and operating a power plant over

the course of its lifetime to the discounted value of the actual energy that can be

produced over the lifetime of the power plant. The LCOE can alternatively be

thought of as the lowest price that the energy should be sold for the power plant

to break even during its lifetime [59]. Mathematically, the LCOE can be calculated

as follows [19].

LCOE =

T∑
t=0

Ct
(1+r)t

T∑
t=0

Et
(1+r)t

, (4.12)

where Ct denotes net expenditure that includes capital cost, operations and main-

tenance cost (O&M), and fuel costs (if applicable) in year t; Et denotes the actual

energy generated in year t; T denotes total assumed lifetime; and r denotes dis-

count rate.

4.2 Pre-positioning of Movable Energy Resources

This section presents an approach based on graph theory and coalitional game the-

ory for pre-positioning of MERs. Similar to the previous section, high wind speed

caused by hurricanes or tornadoes is taken as an example of weather-related ex-

treme events. A set of line outage scenarios is generated based on forecasted wind

speed. Generated scenarios are then reduced using the fuzzy k-means method.
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The reduced scenarios are used to determine expected load curtailments when

MERs are placed at each node. The MER deployment cost function of each node

is determined using expected load curtailment and the optimal distance of MER

deployment location calculated using Dijkstra’s shortest path algorithm. A certain

number of candidate locations of MERs is selected based on the MER deployment

cost function. The candidate locations thus selected are treated as players of a

game. Since the players are allowed to form coalitions among themselves to max-

imize the expected critical load recovery, the game is a coalitional game. Shapley

value, one of the solution concepts of coalitional game theory, is then used to de-

termine sizes of MERs at each candidate location. It is to be noted that the task

of pre-positioning of MERs depends on the total size and number of MERs deter-

mined from the first task.

4.2.1 Selection of Candidate MER Locations

For the selection of candidate MER locations, the MER deployment cost function

is used, which is calculated based on the expected load curtailment (ELC) of each

location and the optimal distance of MER deployment location from the initial

MER location. The ELC corresponding to the ith location is determined using the

amount of curtailed critical load for each reduced line outage scenario as follows.

ELCi =

K∑
j=1

Pr( j) × LCi( j), (4.13)

where K is the total number of reduced scenarios; Pr( j) is the probability of the

jth reduced scenario; and LCi( j) is the critical load curtailment of the jth reduced

scenario for MER deployment location i, which is calculated as follows.

LCi( j) =
N∑

m=1

ωm∆Pmi( j), (4.14)
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where ∆Pmi( j) is the load curtailment at node m of the jth reduced scenario for

MER deployment location i; ωm is the critical load factor at node m; and N is the

total number of nodes in the system.

While computing the critical load curtailment, the nodal power balance con-

straints and radiality constraint should always be satisfied, which are described

below.

(a) Node power balance constraints: The power balance constraint at each node of

the system can be expressed as follows.

∑
r∈Ωg(r)

Pg,r +
∑

l∈ΩL(r)

Pl,r = PD,r (4.15)

where Ωg(r) is the set of sources (including MER) connected to node r; ΩL(r) is the

set of lines connected to node r; Pg,r is the power injected from source r; PD,r is the

load at node r; and Pl,r is the line power flow from node l to node r.

(b) Radiality constraint: A distribution system must always meet the radiality

requirement. Therefore, each potential configuration should be radial (i.e., the ra-

diality constraint should be met for each spanning tree of the network). Each span-

ning tree of the network is represented by a sub-graph Gs = (Ns,Es), where Ns is a

set of nodes (or vertices) and Es is a set of edges (or branches) in the sub-graph. For

the sub-graph, a node-branch incidence matrix should be constructed. If ns = |Ns|

denotes the number of nodes and es = |Es| denotes the number of edges of a partic-

ular spanning tree, then the node-branch incidence matrix A ∈ Rns×es is the matrix

with element ai j calculated based on (4.16). If the node-branch incidence matrix A
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is full ranked, then the radiality constraint is satisfied.

ai j =



+1 if branch j starts at node i

−1 if branch j ends at node i

0 otherwise

(4.16)

The second component of the MER deployment cost function is the optimal

distance of MER deployment location from the initial MER location, which is de-

termined using the DSPA. The MER deployment cost function of the ith location is

expressed as follows.

Ci = β1 × ELCi + β2 × di, (4.17)

where ELCi is the expected load curtailment corresponding to the ith location; di is

the optimal distance of MER deployment location i from the initial MER location;

and β1 and β2 are weighting coefficients which sum to unity.

A certain number of candidate MER locations is selected based on least MER

deployment cost functions.

4.2.2 Computation of Characteristic Functions of the Coalitional

Game Model

A coalitional game model is formulated considering candidate MER locations as

players of the game. The list of all possible coalitions of candidate MER locations

is generated. For example, if three candidate MER locations (L1, L2, and L3) are

selected, the set of all possible coalitions, denoted by 2N , is as follows.
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2N = {ϕ, {L1}, {L2}, {L3}, {L1, L2}, {L1, L3}, {L2, L3}, {L1, L2, L3}},

where ϕ denotes an empty set.

For each set of coalitions, the expected critical load recovery (ECLR) is com-

puted by taking the difference of ELCs before and after MER placement. The ECLR

serves as the characteristic function of each coalition.

4.2.3 Determination of MER Sizes at Candidate Locations

After computation of characteristic functions of all possible sets of coalitions, Shap-

ley values of each candidate MER location are determined using (3.4). Based on

the Shapley values, the capacity distribution factor (CDF) of the candidate MER

location, i, is determined as follows.

CDFi =
ψi∑n

k=1 ψk
, (4.18)

where ψi is the Shapley value of the ith location; and n is the number of candidate

MER locations.

Now, the total size of MERs is distributed among different candidate MER lo-

cations based on CDF as follows.

PMER−i = CDFi × PMER−tot (4.19)

where PMER−i is the size of MER at the ith candidate location; and PMER−tot is the total

MER size.

The proposed approach or the solution algorithm for pre-positioning of MERs

can be summarized as follows.
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1. Collect system data including generation data, line data, load data, etc., which

serve as input to the proposed model.

2. Generate a set of line outage scenarios based on weather forecasting and

monitoring data.

3. Generate a set of reduced scenarios along with their probabilities using a

scenario reduction technique.

4. Determine expected load curtailments corresponding to each location after

MER placement.

5. Select a certain number of candidate MER locations based on expected load

curtailments.

6. Generate the list of all possible coalitions of candidate MER locations. For

example, if three candidate MER locations (L1, L2, and L3) are selected, the

set of all possible coalitions, denoted by 2N , is as follows.

2N = {ϕ, {L1}, {L2}, {L3}, {L1, L2}, {L1, L3}, {L2, L3}, {L1, L2, L3}},

where ϕ denotes an empty set.

7. For each set of coalitions, compute expected load curtailments before and

after MER placement and compute the difference which serves as the charac-

teristic function.

8. After the evaluation of all possible sets of coalitions, compute Shapley value

of each candidate MER location using (3.4).

9. Based on the Shapley values, compute the capacity distribution factor (CDF)

of each candidate MER location and determine the sizes of each MER.

The flowchart of the proposed approach for pre-positioning of MERs is shown

in Figure 4.2.
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Figure 4.2: Flowchart of the proposed approach for the pre-positioning of MERs
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4.3 Post-Disaster Routing of Movable Energy Resources

After the occurrence of an extreme event, MERs can be an effective way to re-

store critical loads to enhance power system resilience when no other forms of

energy sources are available. Since the optimal locations of MERs after an ex-

treme event are dependent on system operating states (e.g., loads at each node,

on/off status of system branches, etc.), existing analytical and population-based

approaches must repeat the entire analysis and computation when the system op-

erating states change. Conversely, deep reinforcement learning (DRL)-based ap-

proaches can quickly determine optimal or near-optimal locations despite changes

in system states if they are adequately trained with a variety of scenarios [48]. The

optimal deployment of MERs to improve power system resilience is proposed us-

ing a Deep Q-Learning-based approach. If they are available, MERs can also be

used to supplement other types of resources. Following an extreme event, the pro-

posed approach operates in two stages. The distribution network is modeled as a

graph in the first stage, and Kruskal’s spanning forest search algorithm (KSFSA) is

used to reconfigure the network using tie-switches. The optimal or near-optimal

locations of MERs are determined in the second stage to maximize critical load

recovery. To ensure realistic representation of distribution system operations, sys-

tem constraints including radiality and power balance constraints are considered.

In the training phase of the proposed framework, Q values are predicted using

forward propagation of a deep neural network (DNN). Actions are selected using

the Epsilon-Greedy algorithm. When actions are passed through the training envi-

ronment, the DRL agent gets rewarded (or penalized) based on its performance.

Target Q values are calculated based on the reward. The mean squared error

(MSE), which is the most commonly employed loss function for regression, is com-
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puted using the predicted and target Q values. Errors are then back-propagated

to update the weights of DNN. The trained DRL agent is then used to find the

optimal or near-optimal locations for MER deployment. It is to be noted that the

task of post-disaster routing of MERs depends on the individual MER sizes and

pre-positioning locations determined from the second task (i.e., pre-positioning of

MERs).

4.3.1 Problem Formulation

This subsection presents the objective function and the constraints of the problem

under consideration.

Objective Function

As a result of an extreme event, some or all parts of the system may lose power

supply. Under such a circumstance, tie-switches should be used to reconfigure

the network, and MERs should be deployed to enhance the distribution system’s

resilience. Therefore, the objective of the after-event MER routing problem under

consideration is to minimize the critical load curtailment of the system since it

can capture the severity of the multiple line outages and is directly affected by the

topology or configuration and MER deployment locations in a distribution system.

Mathematically, the objective function of the critical load curtailment minimization

is expressed as follows.

Min
N∑

i=1

ωi∆Pi, (4.20)

where ∆Pi is the load curtailment at node i; ωi is the critical load factor at node i;

and N is the total number of nodes in the system.
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Constraints

The problem under consideration is subjected to various constraints including

nodal power balance constraints and radiality constraint.

(a) Node power balance constraints: The power balance constraints at each node

of the system can be expressed as follows.∑
j∈Ωg( j)

Pg, j +
∑

l∈ΩL( j)

Pl, j = PD, j (4.21)

where Ωg( j) is the set of sources (including MER) connected to node j; ΩL( j) is the

set of lines connected to node j; Pg, j is the power injected from source j; PD, j is the

load at node j; and Pl, j is the line power flow from node l to node j.

(b) Radiality constraint: A distribution system must always meet the radiality

requirement. Therefore, each potential configuration should be radial (i.e., the

radiality constraint should be met for each spanning tree of the network). Each

spanning tree of the network is represented by a sub-graph Gs = (Ns,Es), where

Ns is a set of nodes (or vertices) and Es is a set of edges (or branches) in the sub-

graph. For the sub-graph, a node-branch incidence matrix should be constructed.

If n = |Ns| denotes the number of nodes and e = |Es| denotes the number of edges

of a particular spanning tree, then the node-branch incidence matrix A ∈ Rn×e is the

matrix with element ai j calculated as follows [36].

ai j =



+1 if branch j starts at node i

−1 if branch j ends at node i

0 otherwise

(4.22)

If the node-branch incidence matrix A is full ranked, then the radiality con-

straint is satisfied.
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4.3.2 States, Actions, and Reward Function

The choice of states, actions, and the reward function plays a critical role for the

proper training of a reinforcement learning (RL) agent. States, actions, and reward

function must be, therefore, chosen with careful consideration. For the MER rout-

ing problem under consideration, the state S t consists of on/off status of each edge

of the network and the amount of curtailed critical load at time step t.

S t = {si,t|i ∈ ΩE, LCt}, (4.23)

where LCt is the amount of curtailed critical load at time step t; ΩE is the set of net-

work edges; and si,t denotes the status of network edge i at time step t determined

as follows.

si,t =


1 if network edge i is closed

0 if network edge i is open
,∀i ∈ ΩE (4.24)

The action is a vector of MER deployment locations. The system state given

by (4.23) consists of two different types of variables. The exogenous variable si,t is

independent of actions whereas the endogenous variable LCt affected by actions,

i.e., MER deployment locations.

The RL agent is given a high positive reward when it reaches the optimal point

and is not given any reward if the amount of curtailed critical loads decreases. This

motivates the agent to reach the optimal point faster instead of proceeding slowly.

However, the RL agent is penalized by giving negative reward when the amount

of curtailed critical loads remains constant or increases between two consecutive
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Figure 4.3: Training architecture of the proposed DRL model

time steps. The total reward at time step t is computed as follows.

Rt =



100 if LCRL
t = LCmin

0 if LCRL
t < LCRL

t−1

−5 if LCRL
t = LCRL

t−1

−10 if LCRL
t > LCRL

t−1

, (4.25)

where LCRL
t and LCRL

t−1 are critical load curtailments, respectively, at time steps t

and t − 1 as a result of the action taken by the RL agent; and LCmin is the minimum

critical load curtailment for the particular line outage scenario.
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4.3.3 Training Attributes

The experience replay memory-based training of DQN is performed for a certain

number of episodes (nep). The parameters θ of the main DQN are initialized with

some random values and the parameters ϕ of the target DQN are set equal to that

of the main DQN. Each episode starts by initializing the system with a random

state, which is a vector of on/off status of the network branches (or edges) after re-

configuration and the amount of load curtailment. In each time step, the predicted

Q values corresponding to each action is computed based on forward propagation

of DNN. For the selection of actions, the Epsilon-Greedy (exploration-exploitation)

algorithm [91] is used. The value of exploration rate, ε, is initialized at εmax = 1.

The exploration rate is kept constant (i.e., 1) up to 10% of the total episodes, is de-

creased at a constant rate from 10% to 80% of the total episodes, and is again kept

constant to a minimum value εmin = 0.001 for the last 20% of episodes. This ensures

that the DQN sufficiently explores in the initial phase of training and exploits (i.e.,

searches in the most prospective regions) during the last episodes of the training.

The exploration rate ε j at the jth episode can be expressed as follows.

ε j =



εmax if j ≤ 0.1nep

ε j−1 − ∆ε if 0.1nep < j < 0.8nep

εmin if j ≥ 0.8nep

, (4.26)

where

∆ε =
εmax − εmin

0.7 × nep
(4.27)

The target Q value of the DQN is computed using (3.12). The experience re-

play memory is appended with transition (S t, At,Rt+1(S t, At)). MSE losses for each

time step t are computed based on (3.11) using the predicted Q-value of the main
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DQN and target Q-values. The parameters of the main DQN are updated by back-

propagating these MSE losses. After a certain number of iterations, the parameters

of the target DQN are periodically updated. Figure 4.3 shows the training architec-

ture of the proposed DRL model. Algorithm 1 provides the procedure of training

the proposed DRL-based MER routing problem [37].

Algorithm 1: Training of the proposed DRL-based MER routing problem
Input : System data including line data, load data, on/off status of

branches, etc.
Initialize experience replay memory M

Initialize parameters θ of main DQN with random values
Set target DQN parameters ϕ equal to main DQN parameters, i.e., ϕ← θ
for episode← 1 to nep do

Initialize the system with a random state (here, a vector of line/branch
status and the amount of curtailed critical loads)

for t ← 1 to T do
Generate action-value function Q based on current state
Calculate the reward function Rt+1(S t, At) after passing the state and
action-value function through reward generator

Append the experience replay memory M with transition
(S t, At,Rt+1(S t, At))

if length(M)> batch size then
Randomly select a minibatch
Calculate DQN Loss Function based on main Q-function and
target Q-function

Perform back-propagation to update parameters θ of main DQN
Periodically update parameters ϕ of target DQN

Output : MER deployment locations
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CHAPTER 5

CASE STUDIES, RESULTS, AND DISCUSSION

This chapter provides the implementation and validation of the proposed method-

ologies through extensive case studies on two modified distribution test systems,

i.e., the 33-node system and the IEEE 123-node system. The numerical valida-

tion of the minimum ELC matrix-based technical criterion for selecting the op-

timal number of MERs in case of both test systems is provided. Additionally, the

techno-economic analysis to determine the optimal total size of MERs is described.

Moreover, the pre-positioning of MERs in case of both test systems is numerically

validated and compared with an equal distribution-based (EDB) approach. Fi-

nally, the training, testing, and comparison of the post-disaster routing of MERs

are provided with several case studies.

5.1 Systems Descriptions

To demonstrate the effectiveness of the proposed approach, the 33-node system

and the modified IEEE 123-node system are used for numerical simulations.

The 33-node distribution test system is a radial distribution system with 33

nodes, 32 branches, and 5 tie-lines (37 branches) [9]. As shown in Figure 5.1, all

branches (including tie-lines) are numbered from 1 to 37. The system’s overall

load is 3.71 MW. The deployment of four MERs each of size 300 kW is considered.

The locations and amounts of critical loads considered for the 33-node system are

shown in Table A.1 of Appendix A. The road network data considered for the 33-

node system are shown in Table A.3 of Appendix A. The road network considered
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Figure 5.1: 33-node distribution test system
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for the 33-node system is shown in Figure 5.2.

The modified IEEE 123-node system shown in the figure consists of 123 nodes

and 126 branches. Out of 126 branches, two of them (94-54 and 151-300) are

equipped with tie-switches. All branches and loads are assumed to be balanced.

The deployment of five MERs each of size 160 kW is considered. The locations

and amounts of critical loads considered for the system are shown in Table A.2

of Appendix A. The road network data for the system is shown in Table A.4 of

Appendix A. It is assumed that the critical loads in both test systems have been
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Figure 5.3: Modified IEEE 123-node system

determined after adjusting for already installed backup power generators.

5.2 Determination of Optimal Total Size and Number of MERs

This section presents the case studies, results, and discussion in case of both the

33-node and IEEE 123-node systems in relation to determination of optimal total

size and number of MERs.
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Table 5.1: Comparison of Scenario Reduction for the 33-node System

Index/Method k-means k-medians Fuzzy k-means
SL index 0.0257 0.0119 0.0292
DB index 2.869 3.116 2.833
CH index 19.507 16.947 20.211

5.2.1 Implementation and results in case of the 33-node system

For the implementation of the proposed approach to determine optimal total size

and number of MERs in case of the 33-node system, multiple line outage scenarios

are generated by considering a high wind speed event as an example of a weather-

related extreme event. The critical wind speed of 30 m/s, and the collapse speed

of 55 m/s, are assumed for the fragility model 4.1 under consideration [77]. The

failure probability of 0.01 is considered at normal weather conditions. The failure

probability starts increasing after 30 m/s and varies linearly up to 55 m/s. The

wind fragility curve for distribution lines is shown in Figure 5.4. In this modeling,

10,000 random outage scenarios are generated, and the fuzzy k-means method is

used to reduce the generated scenarios into 200 reduced outage scenarios for wind

speeds of 38 m/s. The fuzzy k-means method results in 200 reduced line outage

scenarios, along with their probabilities. The effectiveness of the fuzzy k-means

method is compared with other clustering methods such as k-means [61] and k-

medians [72] methods. Three indices, i.e., Silhouette (SL) index, Davies-Bouldin

(DB) index, and Calinski-Harabasz (CH) index are used to compare the fuzzy k-

means method with other clustering methods. Table 5.1 shows the values of the

indices for all three clustering methods. The comparison result shows that the

fuzzy k-means is better than other methods in terms of all three indices.

The combinatorial enumeration technique is used to compute all combinations

of total size and number of MERs. The total sizes of MERs ranging from 500 kW
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Figure 5.4: Wind fragility curve for distribution lines

to 1900 kW are taken at a granularity level of 100 kW. For each total MER size, the

number of MERs ranging from 1 to 10 are taken. For combinations consisting of a

single MER, its size is equal to the total MER size. For combinations with multiple

MERs, the individual sizes of MERs are assumed to be equal to the total MER size

divided by the number of MERs. For each combination of total MER size and the

number of MERs, there are multiple locational combinations. For each locational

combination of MERs, the expected load curtailment (ELC) is determined by con-

sidering critical load curtailments corresponding to each of the 200 reduced line

outage scenarios and their probabilities.

Figure 5.5 shows the case for a reduced scenario where outages of lines 3, 6, 15,

19, 25, 30, and 32 occur. In this scenario, the distribution network is reconfigured

by closing tie-switches 33, 36, and 37, using KSFSA. The tie-switches 34 and 35

are open to maintain radial configuration. When MERs with 300 kW size each are

deployed at nodes 6, 11, 15, and 22, two microgrids (MG-1 and MG-2) and two

isolates (IL-1 and IL-2) are formed. The two isolates are devoid of power supply.

The total critical loads of IL-1 and IL-2 are 0 kW and 75 kW, respectively. Therefore,
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the total critical load curtailment for this reduced scenario is 75 kW. When the

procedure shown in Figure 4.1 is followed, the minimum ELC matrix is formed, as

shown in Table 5.2.

Table 5.2: Minimum ELC matrix for 33-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

500 306.63 297.86 293.24 291.22 290.51 289.60 289.26 289.17 289.38 290.09
600 275.97 263.23 257.22 255.61 254.33 253.82 252.98 252.63 252.51 252.25
700 247.68 229.53 223.51 219.46 218.46 218.11 217.19 216.65 216.27 216.00
800 221.30 196.57 189.77 183.76 183.92 182.20 181.79 181.04 180.41 180.45
900 196.88 166.57 157.10 151.90 150.23 147.76 146.95 146.80 145.39 146.49
1000 176.25 141.16 128.77 124.48 120.32 117.26 116.22 115.21 114.68 117.17
1100 158.80 118.70 103.93 99.65 94.37 89.47 89.55 87.06 88.48 91.40
1200 147.33 102.81 85.69 78.97 74.50 67.69 68.56 65.30 67.05 70.96
1300 142.56 94.28 75.96 65.85 62.16 54.72 54.79 53.26 56.29 59.18
1400 142.56 91.29 72.55 59.02 56.00 50.57 49.41 49.46 52.28 54.57
1500 142.56 88.88 70.33 54.76 52.31 47.84 46.26 46.86 48.99 51.52
1600 142.56 86.92 69.04 52.02 49.79 46.56 44.13 45.15 46.93 49.53
1700 142.56 85.25 67.87 50.23 48.06 45.40 42.93 44.26 45.40 47.77
1800 142.56 83.86 65.91 49.17 46.88 44.68 42.37 43.26 44.36 46.21
1900 142.56 82.86 64.55 48.61 45.85 44.17 41.99 42.52 43.68 44.90

In general, when the total MER size or the number of MERs increases, the mini-
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mum ELC continues to decrease, as shown in Table 2. However, the rate of change

of minimum ELCs is not the same when the total MER size or the number of MERs

increases. Due to this reason, the derivatives of the matrix are computed to analyze

the rate of change of minimum ELCs.

Table 5.3: The first derivative of the Minimum ELC matrix w.r.t. number of MERs
for 33-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

500 -8.78 -6.70 -3.32 -1.36 -0.81 -0.63 -0.22 0.06 0.46 0.71
600 -12.73 -9.37 -3.81 -1.45 -0.90 -0.67 -0.59 -0.24 -0.19 -0.25
700 -18.15 -12.08 -5.04 -2.53 -0.68 -0.64 -0.73 -0.46 -0.33 -0.26
800 -24.73 -15.76 -6.40 -2.92 -0.78 -1.07 -0.58 -0.69 -0.29 0.04
900 -30.31 -19.89 -7.34 -3.44 -2.07 -1.64 -0.48 -0.78 -0.16 1.10
1000 -35.09 -23.74 -8.34 -4.22 -3.61 -2.05 -1.02 -0.77 0.98 2.49
1100 -40.10 -27.44 -9.53 -4.78 -5.09 -2.41 -1.21 -0.53 2.17 2.92
1200 -44.52 -30.82 -11.92 -5.60 -5.64 -2.97 -1.20 -0.75 2.83 3.91
1300 -48.28 -33.30 -14.21 -6.90 -5.56 -3.69 -0.73 0.75 2.96 2.88
1400 -51.27 -35.00 -16.14 -8.28 -4.22 -3.29 -0.55 1.43 2.55 2.29
1500 -53.68 -36.12 -17.06 -9.01 -3.46 -3.03 -0.49 1.37 2.33 2.53
1600 -55.64 -36.76 -17.45 -9.63 -2.73 -2.83 -0.71 1.40 2.19 2.60
1700 -57.31 -37.34 -17.51 -9.91 -2.42 -2.56 -0.57 1.24 1.76 2.38
1800 -58.70 -38.32 -17.35 -9.51 -2.25 -2.26 -0.71 1.00 1.48 1.85
1900 -59.70 -39.01 -17.13 -9.35 -2.22 -1.93 -0.83 0.84 1.19 1.22

Average
over total
MER sizes

-39.93 -26.78 -11.50 -5.92 -2.83 -2.11 -0.71 0.26 1.33 1.76

Table 5.3 shows the first derivative of the minimum ELC matrix with respect to

the number of MERs. In general, the first derivative of minimum ELC continues

to increase as the number of MERs increases. This implies that the rate of decrease

in minimum ELCs is lower for higher numbers of MERs and it is not efficient to

increase the number of MERs. The last row of Table 5.3 shows the vector of the

average (over total sizes of MERs) of the first derivatives of the minimum ELCs.

We have defined the optimal number of MERs as the number corresponding to the
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entry of the vector whose sign changes from negative to positive. Therefore, the

optimal number of MERs for this case is seven.

Table 5.4: The second derivative of the Minimum ELC matrix w.r.t. total size of
MERs for 33-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

Average
over

number
of MERs

500 1.19 0.46 1.15 -0.26 0.16 0.04 0.24 0.28 0.31 0.79 0.44
600 1.67 0.65 1.14 -0.15 0.49 -0.01 0.34 0.37 0.41 0.97 0.59
700 2.04 1.34 0.83 1.05 0.96 0.28 0.46 0.67 0.56 1.14 0.93
800 2.41 2.81 1.61 3.14 1.70 1.67 1.41 1.44 1.59 2.13 1.99
900 3.18 3.77 3.31 3.83 3.09 3.02 3.21 2.53 3.49 3.61 3.30
1000 4.03 4.26 4.48 3.45 4.44 3.85 4.47 3.98 4.52 4.26 4.18
1100 5.46 5.86 6.30 4.61 5.91 5.88 5.66 6.49 6.18 5.71 5.81
1200 6.04 6.71 7.48 6.39 6.83 8.11 7.13 8.52 8.22 7.46 7.29
1300 4.06 4.76 5.59 5.68 5.59 6.97 6.56 6.85 6.22 6.14 5.84
1400 1.19 1.78 2.41 3.24 3.07 3.28 3.47 2.88 2.36 2.84 2.65
1500 0.00 0.44 0.79 1.64 1.40 1.11 1.30 0.95 0.93 0.98 0.95
1600 0.00 0.33 0.09 1.04 0.83 0.53 0.88 0.61 0.69 0.43 0.54
1700 0.00 0.31 -0.22 0.73 0.51 0.31 0.60 0.21 0.47 0.22 0.31
1800 0.00 0.26 0.10 0.43 0.21 0.22 0.25 0.10 0.30 0.17 0.20
1900 0.00 0.19 0.30 0.25 0.07 0.10 0.09 0.13 0.18 0.12 0.14

Table 5.4 shows the second derivative of the minimum ELC matrix with re-

spect to the total size of MERs. The second derivative of minimum ELC increases,

reaches a maximum point, and then decreases as the total size of MERs is in-

creased. The last column of Table 5.4 gives the average (over numbers of MERs)

vector of the second derivatives of minimum ELCs, which is also shown in Fig-

ure 5.6. The average of the second derivative of minimum ECL is maximum when

the total MER size is 1200 kW. Therefore, the optimal size of MERs for the case

under investigation is 1200 kW based on technical criterion.



70

600 800 1000 1200 1400 1600 1800
Total MER size (kW)

0

1

2

3

4

5

6

7

A
ve

ra
ge

 o
f s

ec
on

d 
de

riv
at

iv
e 

of
 m

in
. E

LC

Figure 5.6: Plot of the average of second derivative of minimum ELC versus total
MER size for 33-node system

Results of Techno-Economic Criteria

For techno-economic analysis, the sum of power outage cost (4.10) and investment

cost (4.11) is used to determine the optimum total size of MERs. The value of lost

load, i.e., VoLL in (4.10) is taken as 10 $/kWh [6]. The outage time and backup time

in (4.10) and (4.11) are both set equal to 72 hr based on backup duration suggested

by Federal Emergency Management Agency (FEMA) for a long-term power outage

[29]. The LCOE of MER is calculated using the LCOE calculator [89] developed by

National Renewable Energy Laboratory (NREL). During the calculation of LCOE,

the MER is assumed to be a mobile diesel generator and the calculated value of

LCOEMER used for the analysis is 0.6 $/kWh.

Figure 5.7 shows the plot of total cost as a function of total MER size based on

techno-economic analysis. The investment cost is the increasing function of the

total MER size whereas the power outage cost is the decreasing function of the
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Figure 5.7: Plot of techno-economic analysis for the case of the 33-node system

total MER size. When both the costs are added together, the total cost initially de-

creases, reaches a minimum at the total MER size of 1300 kW, and starts increasing.

Therefore, the optimal total MER size is 1300 kW for the case of the 33-node system

based on techno-economic analysis.

5.2.2 Implementation and results in case of the IEEE 123-node

system

Similar to the previous case study, 10,000 random outage scenarios are generated

for this case and the fuzzy k-means method is used to get 200 reduced scenar-

ios along with their probabilities. Table 5.5 shows the comparison of the fuzzy

k-means method with other scenario reduction methods using three different in-

dices. The comparison result shows that the fuzzy k-means is better than other
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Table 5.5: Comparison of Scenario Reduction for the 123-node System

Index/Method k-means k-medians Fuzzy k-means
SL index -0.006 -0.001 0.010
DB index 4.523 4.919 4.415
CH index 5.851 5.262 6.597

methods for scenario reduction.

Table 5.6: Minimum ELC matrix for IEEE 123-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

500 48.82 48.82 48.17 46.73 45.87 45.29 45.36 45.55 45.69 45.81
600 36.65 36.65 36.65 35.42 34.39 33.70 33.21 33.11 33.29 33.43
700 25.88 25.88 25.88 24.29 23.08 22.28 21.70 21.27 21.10 21.31
800 23.97 23.97 22.24 19.94 18.70 18.12 17.86 17.71 17.67 17.63
900 23.97 23.97 19.94 18.00 17.63 17.57 17.57 17.30 17.01 16.92
1000 23.97 23.39 18.12 17.57 17.57 17.41 16.95 16.86 16.86 16.86
1100 23.97 21.66 17.58 17.57 17.50 16.87 16.86 16.86 16.86 16.86
1200 23.97 19.94 17.57 17.57 16.92 16.86 16.86 16.86 16.86 16.86
1300 23.97 18.42 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86
1400 23.97 17.71 17.57 17.01 16.86 16.86 16.86 16.86 16.86 16.86
1500 23.97 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86 16.86
1600 23.97 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86 16.86
1700 23.97 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86 16.86
1800 23.97 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86 16.86
1900 23.97 17.57 17.57 16.86 16.86 16.86 16.86 16.86 16.86 16.86

Based on the reduced line outage scenarios, the analyses similar to the previous

case study are performed in case of the IEEE 123-node system. After following the

procedure shown in Figure 4.1, the minimum ELC matrix is formed, as shown in

Table 5.6. Similarly, Table 5.7 shows the first derivative of the minimum ELC ma-

trix with respect to the number of MERs. The last row of Table 5.7 shows the vector

of the average (over total sizes of MERs) of the first derivatives of the minimum

ELCs. We have defined the optimal number of MERs as the number corresponding

to the entry of the vector whose sign changes from negative to positive. Therefore,
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Table 5.7: The first derivative of the Minimum ELC matrix w.r.t. number of MERs
for the IEEE 123-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

500 0.00 -0.33 -1.04 -1.15 -0.72 -0.26 0.13 0.17 0.13 0.12
600 0.00 0.00 -0.61 -1.13 -0.86 -0.59 -0.29 0.04 0.16 0.14
700 0.00 0.00 -0.80 -1.40 -1.01 -0.69 -0.50 -0.30 0.02 0.21
800 0.00 -0.87 -2.02 -1.77 -0.91 -0.42 -0.20 -0.10 -0.04 -0.04
900 0.00 -2.02 -2.98 -1.15 -0.22 -0.03 -0.14 -0.28 -0.19 -0.08
1000 -0.58 -2.93 -2.91 -0.27 -0.08 -0.31 -0.27 -0.04 0.00 0.00
1100 -2.31 -3.20 -2.05 -0.04 -0.35 -0.32 0.00 0.00 0.00 0.00
1200 -4.03 -3.20 -1.18 -0.32 -0.35 -0.03 0.00 0.00 0.00 0.00
1300 -5.55 -3.20 -0.42 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00
1400 -6.26 -3.20 -0.35 -0.35 -0.07 0.00 0.00 0.00 0.00 0.00
1500 -6.40 -3.20 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00 0.00
1600 -6.40 -3.20 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00 0.00
1700 -6.40 -3.20 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00 0.00
1800 -6.40 -3.20 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00 0.00
1900 -6.40 -3.20 -0.35 -0.35 0.00 0.00 0.00 0.00 0.00 0.00

Average
over total
MER sizes

-3.38 -2.33 -1.08 -0.65 -0.33 -0.18 -0.09 -0.03 0.01 0.02

the optimal number of MERs for the case of the IEEE 123-node system is eight.

Table 5.8 shows the second derivative of the minimum ELC matrix with respect

to the total size of MERs. The last column of Table 5.8 gives the average (over

numbers of MERs) vector of the second derivatives of minimum ELCs, which is

also shown in Figure 5.8. The average of the second derivative of minimum ECL is

maximum when the total MER size is 700 kW. Therefore, the optimal size of MERs

for the case of the IEEE 123-node system is 700 kW based on technical criterion.
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Figure 5.8: Plot of the average of second derivative of minimum ELC versus total
MER size for the IEEE 123-node system
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Figure 5.9: Plot of techno-economic analysis for the case of the IEEE 123-node sys-
tem
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Table 5.8: The second derivative of the Minimum ELC matrix w.r.t. total size of
MERs for the IEEE 123-node system

Total MER
size (kW)
/Number
of MERs

1 2 3 4 5 6 7 8 9 10

Average
over

number
of MERs

500 0.70 0.70 0.37 0.09 0.09 0.09 0.32 0.29 0.11 0.13 0.29
600 2.92 2.92 2.16 1.78 1.82 1.90 2.24 2.37 2.30 2.24 2.26
700 5.26 5.26 4.09 4.04 4.34 4.58 4.88 5.08 5.12 5.03 4.77
800 3.17 3.02 2.57 3.28 3.64 3.72 3.61 3.64 3.70 3.76 3.41
900 0.48 -0.10 0.90 1.46 1.33 1.00 0.86 0.88 0.99 1.08 0.89
1000 0.00 -0.72 0.89 0.59 0.12 0.04 0.21 0.21 0.20 0.19 0.17
1100 0.00 -0.23 0.59 0.11 -0.13 0.17 0.18 0.11 0.04 0.02 0.08
1200 0.00 0.31 0.14 -0.14 0.15 0.14 0.02 0.00 0.00 0.00 0.06
1300 0.00 0.60 0.00 -0.18 0.16 0.00 0.00 0.00 0.00 0.00 0.06
1400 0.00 0.52 0.00 0.11 0.02 0.00 0.00 0.00 0.00 0.00 0.06
1500 0.00 0.21 0.00 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.04
1600 0.00 0.04 0.00 0.04 0.00 0.00 0.00 0.00 0.00 0.00 0.01
1700 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1800 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
1900 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Results of Techno-Economic Criteria

Figure 5.9 shows the plot of total cost as a function of total MER size based on

techno-economic analysis. The investment cost is the increasing function of the to-

tal MER size whereas the power outage cost is the decreasing function of the total

MER size. When both the costs are added together, the total cost initially decreases,

reaches a minimum at the total MER size of 700 kW, and starts increasing. There-

fore, the optimal total MER size is 700 kW for the case of IEEE 123-node system

based on techno-economic analysis.
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5.3 Pre-positioning of MERs

This section presents the case studies, results, and discussion in case of both the

33-node and IEEE 123-node systems in relation to pre-positioning of MERs.

5.3.1 Implementation and results in case of the 33-node system

For the implementation of the proposed approach, multiple line outage scenar-

ios are generated by considering a high wind speed event as an example of a

weather-related extreme event. The critical wind speed of 30 m/s and the col-

lapse speed of 55 m/s are assumed for the fragility model (4.1) under consideration

[77]. The failure probability of 0.01 is considered at normal weather conditions. In

this work, 10,000 random outage scenarios are generated and a fuzzy k-means

method is used to reduce the generated scenarios into 200 reduced outage scenar-

ios for wind speed of 38 m/s. The fuzzy k-means method outputs 200 reduced

line outage scenarios along with their probabilities. The effectiveness of the fuzzy

k-means method is compared with other clustering methods such as k-means and

k-medians methods. Three indices, i.e., Silhouette (SL) index, Davies-Bouldin (DB)

index, and Calinski-Harabasz (CH) index are used to compare the fuzzy k-means

method with other clustering methods. Table 5.1 shows the values of the indices

for all three clustering methods. The comparison result shows that the fuzzy k-

means is better than other methods in terms of all three indices.

For each reduced line outage scenario, the distribution network reconfigura-

tion is performed using tie-switches present in the network and spanning forest

is formed by deploying MER of size 1300 kW at a location (node). Figure 5.10
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Figure 5.10: An outage case for the 33-node system

shows the case for a reduced scenario where outages of lines 3, 6, 15, 19, 25, 30,

and 32 occur. In this scenario, the distribution network is reconfigured by closing

tie-switches 33, 36, and 37 using KSFSA. The tie-switches 34 and 35 are not closed

to maintain radial configuration. When the MER is deployed at node 20, a micro-

grid (MG-1) and three isolates (IL-1, IL-2, and IL-3) are formed. These isolates are

devoid of power supply. The total critical loads of IL-1, IL-2, and IL-3 are, respec-

tively, 75 kW, 0 kW, and 150 kW. Therefore, when the MER is deployed at node

20, the total critical load curtailment for this reduced scenario is 225 kW. This pro-

cess is repeated for all locations (nodes) and all reduced scenarios. The expected

load curtailment (ELC) corresponding to each location then is determined based

on load curtailment and probability of each reduced scenario.

MERs are assumed to be initially located at the substation node. The optimal

path and distance of each node from the substation node is computed using DSPA.

If only ELC is considered as the criterion for selecting candidate MER location,

nodes 6, 7, 8, 9, 10, 15, and 21 are obtained as candidate MER locations. Similarly,

if only distance from the substation is considered as the criterion for selecting can-

didate MER location, nodes 6, 7, 8, 9, 21, 26, and 27 are obtained as candidate MER
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locations since these nodes are closest to the substation. However, this work uses

MER deployment cost based on both ELC and distance from the substation, which

is computed using (4.17). The values of weighting coefficients β1 and β2 are taken

as 0.9 and 0.1, respectively. The seven locations (nodes 6, 7, 8, 9, 15, 21, and 22)

with least MER deployment costs are selected as candidate MER locations.

To compute the size of each MER, the seven candidate MER locations are treated

as players of the coalitional game. The characteristic function (here, the expected

critical load recovery) is calculated for each set of possible coalitions. The expected

critical load recovery (ECLR) is calculated by taking the difference of ELCs before

and after MER placement. Based on the characteristic functions of all possible sets

of coalitions, Shapley values and CDF of candidate MER locations are determined.

Finally, individual MER sizes are determined using total MER size and CDF of

each candidate MER location. The Shapley values and sizes of MER of each candi-

date location are shown in Table 5.9.

Table 5.9: Shapley Values and Sizes of MERs at Candidate Locations for 33-node
System

Locations (nodes) Shapley values MER sizes (kW)
6 57.89 210
7 54.16 190
8 49.65 180
9 51.08 180

15 51.08 180
21 49.65 180
22 50.04 180
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5.3.2 Implementation and results in case of the IEEE 123-node

system

Similar to the previous case study, 10,000 random outage scenarios are generated

for this case and the fuzzy k-means method is used to get 200 reduced scenar-

ios along with their probabilities. Table 5.5 shows the comparison of the fuzzy

k-means method with other scenario reduction methods using three different in-

dices. The comparison result shows that the fuzzy k-means is better than other

methods for scenario reduction.

For each reduced line outage scenario, the distribution network reconfiguration

is performed using tie-switches and spanning forest is formed by deploying MER

of size 700 kW at each node. The ELC of each location is obtained by repeating the

process for all reduced scenarios.

Similar to the previous case study, DSPA is used to calculate the optimal path

and distance of each node from the substation node. If only ELC is considered as

the criterion for selecting candidate MER locations, the candidate MER locations

would be 66, 77, 86, 97, and 197. If only optimal distance is considered as the cri-

terion for selecting candidate MER locations, the candidate MER locations would

be 1, 2, 3, 7, and 149. However, the MER deployment cost function based on both

ELC and optimal distance, with weighting coefficients of 0.9 and 0.1, respectively,

has been considered in this work. As a result, the five locations (nodes 54, 57, 91,

93, and 94) with least MER deployment cost functions are selected as the candidate

MER locations.

Similar to the previous case study, a coalitional game is formulated and the
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Figure 5.11: Simulation of an outage scenario in case of 33-node system

expected critical load recovery is used as a characteristic function for the game.

Based on the characteristic functions of all possible sets of coalitions, Shapley val-

ues and CDF of candidate MER locations are determined. Finally, MER sizes are

determined using total MER size and CDF of each candidate MER location. Ta-

ble 5.10 shows Shapley values and sizes of MERs at each candidate location for the

123-node system.

Table 5.10: Shapley Values and Sizes of MERs at Candidate Locations for the 123-
node System

Locations (nodes) Shapley values MER sizes (kW)
13 13.62 75
18 14.5 80
42 15.7 85
51 16.31 90
57 16.43 90
93 16.71 90
97 16.93 95
101 16.76 95
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5.3.3 Comparison

For both case studies, sizes of MERs obtained using the proposed approach are

compared with an equal distribution-based (EDB) approach, where the total MER

size is equally distributed at all candidate locations. Figure 5.11 shows the case of

the 33-node system for the outage of lines 1, 2, 5, 7, 11, and 17. After the implemen-

tation of KSFSA, all tie-switches are closed except tie-switch 35. For this scenario,

MERs are placed at the candidate locations calculated based on least MER deploy-

ment cost functions. Two microgrids (MG-1 and MG-2) as shown in Figure 5.11

are formed as a result of reconfiguration. MER sizes are, then, chosen using both

the proposed approach and EDB approach. When MER sizes are chosen using the

EDB approach, the amounts of curtailed critical loads in MG-1 and MG-2 are, re-

spectively, 0 kW and 398.57 kW. This results in total critical load curtailment of

398.57 kW. However, when MER sizes are chosen using the proposed approach,

the amounts of critical loads in MG-1 and MG-2 are, respectively, 0 kW and 370

kW, the total critical load curtailment amounting to 370 kW. Therefore, the total

critical load curtailment is reduced when MER sizes are determined based on the

proposed approach.

Figure 5.12 shows the case of the 123-node system for the outage of lines 3-4,

57-60, 82-83, 91-93, and 101-105. Both tie-switches 94-54 and 151-300 are closed

after the implementation of KSFSA. When MERs are placed at locations 54, 57,

91, 93, and 94, a microgrid MG-1 and two isolates (IL-1 and IL-2) are formed as

shown in Figure 5.12 as a result of reconfiguration. Both of the isolates IL-1 and IL-

2 don’t have critical loads. When MER sizes are chosen using the EDB approach,

the amount of curtailed critical load in MG-1 is 140 kW. However, when MER sizes

are chosen using the proposed approach, the amount of curtailed critical load in
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Figure 5.12: Simulation of an outage scenario in case of the 123-node system

MG-1 is reduced to 125 kW.

Figures 5.11 and 5.12 show the cases for a particular line outage scenario. If

the process is repeated for all reduced line outage scenarios, the expected load

curtailments are obtained for both approaches. Table 5.11 shows the values of

expected load curtailments for both approaches. The comparison result shows

that the expected load curtailments are reduced with the proposed approach for

both case studies.

Table 5.11: Comparison of Expected Load Curtailments

Approaches/Test System 33-node system 123-node system
EDB approach 113.395 kW 83.691 kW

Proposed approach 111.249 kW 83.392 kW
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Table 5.12: Hyper-parameter settings of main and target DQNs

Hyper-parameters 33-node system 123-node system

Number of hidden layers 3 3
Hidden layer neurons 10, 20, 100 10, 10, 20

Learning rate 10−3 10−3

Reward discount factor 0.99 0.99
Output layer activation Linear Linear
Hidden layer activation ReLU ReLU

Optimizer Adam Adam
Replay memory size 20000 20000

Batch size 500 1000
Target update rate 1250 iterations 2500 iterations

5.4 Post-Disaster Routing of MERs

This section presents the case studies, results, and discussion in case of both the 33-

node and IEEE 123-node systems in relation to post-disaster routing of MERs. The

hyper-parameter settings of the main and target DQNs of the proposed framework

for both the 33-node and the IEEE 123-node systems are shown in Table 5.12.

5.4.1 Results in case of the 33-node system

Training of DQN

The training of the DQN for the 33-node system is performed for 20000 episodes.

The parameters θ of the main DQN are initialized with random values and the

parameters ϕ of the target network are set equal to θ. In each episode, the system

is initialized with a random state and an action-value function is generated based

on the current state. The reward function is calculated by passing the state and
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Figure 5.13: Learning curve of the proposed DRL model for the 33-node system

action-value function through the reward generator. Initially, the rewards are very

low but then they increase as the number of episodes increases. Figure 5.13 shows

the actual rewards and the running mean (500-episode window) of actual rewards

as the episode progresses. It can be seen from the figure that as the number of

episodes increases, the running mean of the reward increases and almost saturates

after nearly 17000 episodes. Similarly, Figure 5.14 shows the total iteration counts

during the training of the proposed model. The total iteration count is the num-

ber of iterations taken by the DRL model to reach the optimal point, where the

maximum iteration count is set to thirty. The figure shows that the iteration count

is very high up to 12000 episodes. However, as the training continues, the total

iteration count decreases and becomes almost constant after 17000 episodes.

Testing and Implementation

For the testing and implementation of the trained model, two test cases are devised

with different line outage scenarios. The two test cases are explained below.
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Figure 5.14: Total iteration counts during the training of the proposed DRL model
for the 33-node system
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Figure 5.15: Test Case-I of the 33-node system before implementing the proposed
approach

(a) Test Case-I: In this case, the outage of six lines 4, 12, 14, 16, 18, and 22 is

simulated. Due to the outage of these lines, six isolates (IL-1, IL-2, IL-3, IL-4, IL-5,

and IL-6) are formed as shown in Figure 5.15. These isolates are devoid of power

supply. This results in the total critical load curtailment of 1205 kW.

When the outage data are given as inputs to the proposed DRL model, four tie-



86

1

2

3

4 5 6 7 8 9 10 11

12 13 14

18

17

16

22

23 24

15

19 20 21

26 27 28

29 30

31
32

S/S

25 33

1 2

3

4 5 6 7 8
9 10

11

12 13

14

15

16

17

18

19

20 21

22

23 24

25

26 27 28 29

30

31 32

35

33

3637

34

1,2,…,37: Edges
1,2,…,33: Nodes

: Branch with outage

IL-1

: MER

MG-1

Figure 5.16: Test Case-I of the 33-node system after implementing the proposed
approach

switches (33, 34, 36 and 37) are closed and MERs are placed at nodes 6, 7, 8, 12, 15,

21, and 22. This results in the formation of a microgrid MG-1 and an isolate IL-1, as

shown in Figure 5.16. In MG-1, the total generations exceed the total critical loads,

resulting in no critical load curtailments. The total critical load in IL-1 is zero as

well. Therefore, the total amount of curtailed critical load after reconfiguration and

MER deployment is 0 kW. The proposed approach is able to recover 1205 kW of

critical loads for the given outage scenario.

(b) Test Case-II: In this case, the proposed approach is tested with a more extreme

outage scenario, where outage of the line connected to the substation node (i.e.,

1) is considered in addition to outage of lines 3, 13, 23, 24, and 27, as shown in

Figure 5.17. Because of the outage of the line connected to the substation node,

this results in the power interruption at all system nodes and the total critical load

curtailment in this scenario is 1265 kW.

After the implementation of the proposed DRL approach for this test case, four

tie-switches 33, 34, 36, and 37 are closed and MERs are placed at nodes 8, 9, 10,

11, 13, 14, and 16. A microgrid MG-1 and an isolate IL-1 are formed, as shown
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Figure 5.17: Test Case-II of the 33-node system before implementing the proposed
approach
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Figure 5.18: Test Case-II of the 33-node system after implementing the proposed
approach

in Figure 5.18. In MG-1, the amount of curtailed critical load is 0 kW. The isolate

IL-1 consists of node 24 whose critical load is 0 kW. Therefore, the total amount

of curtailed critical load is 0 kW. The total critical load recovered by the proposed

approach is 1260 kW for the given scenario.
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Figure 5.19: Learning curve of the proposed DRL model for the IEEE 123-node
system

5.4.2 Results in case of the IEEE 123-node System

Training of DQN

Similar to the 33-node system, the proposed DRL-based model is trained for 20000

episodes. Figure 5.19 shows the learning curve of the proposed DRL model. The

figure shows that the total reward is very low in the early episodes of training but

it continuously increases as the episode progresses and becomes almost constant

after 17000 episodes. Similarly, Figure 5.20 shows the total iteration counts during

the training of the proposed DRL-based model. The figure shows that the total

iteration count is very high up to 11000 episodes. However, the total iteration

count decreases as the training progresses and stays in the range of 1 to 5 after

16000 episodes.
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Figure 5.20: Total iteration counts during the training of the proposed DRL model
for the IEEE 123-node system

Testing and Implementation

Similar to the 33-node system, two test cases with different line outage scenarios

are devised for the testing and implementation of the trained DRL model in case

of the IEEE 123-node system. The two test cases are explained as follows.

(a) Test Case-I: In this case, the outage of six lines (34-15, 52-53, 63-64, 67-68, 102-

103, and 108-300) is simulated. Due to the outage, six isolates (IL-1, IL-2, IL-3, IL-4,

IL-5, and IL-6) are formed, as shown in Figure 5.21. The total amount of curtailed

critical load under this scenario is 455 kW.

After the implementation of the proposed approach, a tie-switch 151-300 is

closed and MERs are deployed at nodes 4, 13, 18, 57, 64, 81, 97, and 101, as shown

in Figure 5.22. For this configuration, two microgrids (MG-1 and MG-2) and three

isolates (IL-1, IL-2, and IL-3) are formed as shown in the figure. Since generations

exceed critical loads in both MG-1 and MG-2, they don’t have any curtailed critical
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Figure 5.21: Test Case-I for the IEEE 123-node system before implementing the
proposed approach

loads. The isolate IL-1 has a critical load of 20 kW at node 17, whereas IL-2 and

IL-2 don’t have any critical loads. Therefore, the total amount of curtailed critical

load is 20 kW after implementing the proposed DRL model, recovering 435 kW of

the critical loads.

(b) Test Case-II: In this test case, the outage of six lines (5-6, 50-51, 54-55, 99-100,

110-111, and 1-149) is simulated. As a result of the outage, six isolates (IL-1, IL-2,

IL-3, IL-4, IL-5, and IL-6) are formed, as shown in Figure 5.23. The total amount of

curtailed critical load under this scenario is 815 kW before the implementation of

the proposed approach.

After the implementation of the proposed DRL-based model, a tie-switch 151-
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Figure 5.22: Test Case-I for the IEEE 123-node system after implementing the pro-
posed approach

300 is closed and MERs are deployed at nodes 1, 4, 13, 18, 27, 51, 70, and 101, as

shown in Figure 5.24. For this configuration, a microgrid MG-1 and four isolates

(IL-1, IL-2, IL-3, and IL-4) are formed. In MG-1, the total amount of curtailed

critical loads is 35 kW. Isolates IL-1 and IL-4 don’t have any critical loads, whereas

both IL-2 and IL-3 have critical loads of 40 kW each. Therefore, the total amount

of curtailed critical load is 115 kW, recovering 700 kW of critical loads.
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Figure 5.23: Test Case-II for the IEEE 123-node system before implementing the
proposed approach

Table 5.13: Execution Time for Exhaustive Search Technique

Systems Cases
Execution

time

Size of
action-
space

Execution time
per unit size

of action-space
33-node
system

Test Case-I 1.759 sec
11440

0.154 milli-sec
Test Case-II 1.750 sec 0.153 milli-sec

123-node
system

Test Case-I 1.422 sec
3003

0.473 milli-sec
Test Case-II 1.482 sec 0.493 milli-sec
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Figure 5.24: Test Case-II for the IEEE 123-node system after implementing the pro-
posed approach

5.4.3 Comparison

The proposed DRL-based approach is compared with the exhaustive search tech-

nique. In exhaustive search technique, all possible candidates of the solution are

enumerated and the critical load curtailments are computed for each candidate so-

lution to get the best solution. For each test case of both 33-node and 123-node sys-

tems, the exhaustive search technique is used to find the optimal MER deployment

locations that result in minimum critical load curtailment. For each test case, the

same MER deployment locations were obtained for both exhaustive search tech-

nique and the proposed DRL-based approach.

Although the same final MER deployment locations can be obtained using both



94

approaches, the proposed approach outperforms the exhaustive search technique

in terms of execution time. The analyses are performed on a PC with a 64-bit In-

tel i5 core processor running at 3.15 GHz, 8 GB RAM, and Windows OS. Table 5.13

shows the execution time for different test cases using exhaustive search technique.

Since the size of action-space is different for 33-node and 123-node systems, exe-

cution time per unit size of action-space is calculated for fair comparison. The

table shows that as the system size increases, the execution time per unit size of

action-space also increases. However, the execution time is in the range of 5 to 22

milli-seconds for both 33-node and 123-node systems.

5.4.4 Implementation and Results Considering Both Critical Load

Curtailment and Traveling Distance

The proposed DRL-based approach can be implemented considering both critical

load curtailment and traveling distance of MERs with minor modifications. In this

case, the traveling distance of MERs from their pre-positioning locations should

also be minimized in addition to the total amount of curtailed critical loads. There-

fore, the same model has been used with modifications in the reward function dur-

ing the training of the DRL agent.

Figure 5.25 shows the learning curve of the proposed DRL model for the case

of 33-node system when both critical load curtailment and traveling distance are

considered during the analysis. Similarly, Figure 5.26 shows the iteration count

curve for the same case. Both of these figures demonstrate the learning behavior

of the proposed model.
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Figure 5.25: Learning curve of the proposed DRL model for the 33-node system
considering both critical load curtailment and traveling distance
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Figure 5.26: Total iteration counts during the training of the proposed DRL model
for the 33-node system considering both critical load curtailment and traveling
distance
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Figure 5.27: Test Case-I of the 33-node system when both critical load curtailment
and traveling distance are considered

For the testing and implementation of the trained model, two test cases with

the same outage scenarios as in Section 5.4.1 are considered. The two test cases are

explained below.

(a) Test Case-I: In this case, the outage of six lines 4, 12, 14, 16, 18, and 22 are

simulated. When the outage data are given as inputs to the proposed DRL model,

four tie-switches (33, 34, 36 and 37) are closed and MERs are placed at nodes 6,

7, 11, 15, 22, 26, and 27. This results in the formation of a microgrids MG-1 and

an isolate IL-1, as shown in Figure 5.27. In MG-1, the total generations exceed the

total critical loads, resulting in no critical load curtailments. The total critical load

in IL-1 is zero as well. Therefore, the total amount of curtailed critical load after

reconfiguration and MER deployment is 0 kW.

(b) Test Case-II: In this case, the proposed approach is tested with a more extreme

outage scenario, where outage of the line connected to the substation node (i.e., 1)

is considered in addition to the outage of lines 3, 13, 23, 24, and 27. After the

implementation of the proposed DRL approach for this test case, four tie-switches

33, 34, 36, and 37 are closed and MERs are placed at nodes 6, 7, 11, 15, 22, 26, and



97

1

2

3

4 5

6

7 8

9 10 11

12

13 14

18

17

16

22

23 24

15

19 20 21

26

27

28

29 30

31
32

S/S

25 33

1 2

3

4 5 6 7 8 9 10 11 12 13

14

15

16

17

18

19 20 21

22

23 24

25

26 27 28 29

30

31 32

35

33

3637

34

1,2,…,37: Edges
1,2,…,33: Nodes

: Branch with outage

IL-1

: MER

MG-1

Figure 5.28: Test Case-II of the 33-node system when both critical load curtailment
and traveling distance are considered

27. A microgrid MG-1 and an isolate IL-1 are formed, as shown in Figure 5.28. In

MG-1 as well as IL-1, the amounts of curtailed critical loads are zeros. Therefore,

the total amount of curtailed critical load is 0 kW.

From these two test cases, we can see that the final MER deployment locations

are different from that in Section 5.4.1. In each of these test cases, the maximum

traveling distance was 3,500 ft from the pre-positioning locations. Therefore, we

can conclude that both critical load curtailment and traveling distance can be re-

duced when we consider both of these factors in the reward function during the

training of the DRL model.

5.4.5 Implementation and Results Considering Extreme Event Fol-

lowed by River Flooding

The proposed DRL model can also be implemented in case of extreme event fol-

lowed by flooding of river where it becomes infeasible to route MERs through
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Figure 5.29: Road network of the 33-node system showing river crossing

damaged (or flooded) bridges. In this case, minor modifications are needed in the

case described in Section 5.4.4. Figure 5.29 shows the road network considered for

the 33-node system showing a river dividing the system into two sections.

Figure 5.30 shows the learning curve of the proposed DRL model for the case of

33-node system when river flooding is considered during the analysis. Similarly,

Figure 5.31 shows the iteration count curve for the same case. Both of these figures

demonstrate the learning behavior of the proposed model.

For the testing and implementation of the trained model, the outage of six lines

4, 12, 14, 16, 18, and 22 are simulated. When the outage data are given as inputs

to the proposed DRL model, four tie-switches (33, 34, 36 and 37) are closed and

MERs are placed at nodes 6, 7, 8, 9, 15, 21, and 27. This results in the formation of

a microgrid MG-1 and an isolate IL-1, as shown in Figure 5.32. In MG-1, the total

generations exceed the total critical loads, resulting in no critical load curtailments.

The total critical load in IL-1 is zero as well. Therefore, the total amount of curtailed

critical load after reconfiguration and MER deployment is 0 kW.

Although the outage scenario for the test case presented in this section is the
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Figure 5.30: Learning curve of the proposed DRL model for the 33-node system
considering river flooding
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Figure 5.31: Total iteration counts during the training of the proposed DRL model
for the 33-node system considering river flooding
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Figure 5.32: A test case of the 33-node system when river flooding is considered

same as that in Test Case-I of Section 5.4.4, MER deployment locations are different.

In this case study, there are limitations in the routing of MERs from pre-positioning

locations to the final locations because of the road blockage due to river flooding.

The maximum traveling distance of MERs from the pre-positioning locations to

the final locations is 4,000 ft in this case study, which is 500 ft longer than the pre-

vious case study in Section 5.4.4. Therefore, we can conclude that MERs have to be

routed through longer path when it becomes infeasible to route through damaged

(or flooded) bridges.

5.5 Resilience Evaluation based on Recovery Time

Resilience evaluation criteria are needed in order to analyze and assess resilience

enhancement strategies. In the literature, a number of resilience evaluation and

assessment criteria have been put forth, and some of these have been applied to

the evaluation and assessment of power system resilience. Service interruption,

outage duration, restoration cost, and preventive cost have all been utilized to
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Table 5.14: Comparison of Test Cases With and Without Pre-positioning

Systems Cases
Without Pre-positioning With Pre-positioning
Maximum

distance (ft)
Maximum
time (sec)

Maximum
distance (ft)

Maximum
time (sec)

33-node
system

Test Case-I 4850 161.67 1500 50.00
Test Case-II 5050 168.33 2800 93.33

123-node
system

Test Case-I 5125 170.83 4150 138.33
Test Case-II 4975 165.83 4850 161.67

assess power system resilience [99]. Additionally, due to the absence of widely

accepted resilience metrics and evaluation criteria, resilience has been assessed us-

ing a number of stochastic and deterministic criteria, including load curtailment,

load restoration, outage duration, and rate of recovery [12]. In the previous sec-

tions, the enhancement of distribution system resilience was evaluated using the

amount of curtailed critical loads. This section presents the evaluation of distribu-

tion resilience based on recovery time.

Table 5.14 shows the comparison of test cases with and without pre-positioning

for both test systems in terms of maximum traveling distance and maximum trav-

eling time. The table shows that the traveling distance and time are reduced as

a result of pre-positioning. The traveling speed is assumed to be 30 ft/s in this

analysis. The recovery times for Test Case-I and Test Case-II of the 33-node system

were reduced, respectively, by 111.67 seconds and 75 seconds. Similarly, the re-

covery times for Test Case-I and Test Case-II of the 123-node system were reduced,

respectively, by 32.5 seconds and 4.16 seconds. It can, therefore, be concluded from

the results that the proposed approach can reduce the recovery time, thereby en-

hancing the system resilience.
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CHAPTER 6

CONCLUSION AND FUTURE RESEARCH DIRECTIONS

This dissertation has proposed planning- and operation-based strategies for dis-

tribution system resilience enhancement by deploying movable energy resources

(MERs). Each of the methodologies proposed in this dissertation was simulated in

the 33-node and the IEEE 123-node systems. This chapter summarizes the work,

provides concluding remarks, and discusses future research directions.

An approach based on graph theory and combinatorial enumeration was pro-

posed to determine the optimal number of MERs. A techno-economic analysis

based on power outage cost and investment cost of MERs was proposed to de-

termine optimal total size of MERs. Since the determination of optimal size and

number of MERs is a relatively long-term planning problem, a large number of

multiple line outage scenarios were generated. The generated scenarios were then

reduced using the fuzzy k-means method to make the problem computationally

tractable. Due to the outage of distribution lines, the distribution network was di-

vided into a number of microgrids and isolates. The microgrids were energized

by MERs whereas the isolates were devoid of power supply. The amount of cur-

tailed critical loads was determined for each outage scenario. Finally, a minimum

expected load curtailment (ELC) matrix was constructed. The minimum ELC ma-

trix was used to determine optimal total size and number of MERs. The optimal

numbers of MERs were, respectively, seven and eight in case of the 33-node and

the IEEE 123-node systems. When the techno-economic analyses were performed

with the optimal numbers of MERs, the optimal total sizes of 1300 kW and 700 kW,

respectively, were obtained in case of the 33-node and the IEEE 123-node systems.

Pre-positioning of MERs was proposed as a proactive task performed in a few
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days or week-ahead manner before the occurrence of extreme events. Since the

pre-positioning of MERs is a relatively short-term planning problem, multiple out-

age scenarios were generated based on weather forecast and monitoring data. The

main objective of pre-positioning of MERs is to determine individual sizes and

pre-positioning locations of MERs. The coalitional game theoretic approach was

used for pre-positioning of MERs. The characteristic function was computed for

each possible set of coalitions based on expected critical load recovery. The Shap-

ley value, one of the solution concepts of coalitional game theory, was then used to

determine capacity distribution factor of each candidate MER location. The results

showed that the proposed approach can effectively determine the pre-positioning

locations and sizes of MERs with the least expected critical load curtailments. The

individual sizes of MERs obtained using the proposed approach were compared

with the equal distribution-based (EDB) approach in terms of total critical load cur-

tailments. The comparison results showed that the total critical loads curtailments

were reduced when MER sizes were determined based on the proposed approach

for both the 33-node and the IEEE 123-node test systems. Because of the use of the

Shapley value, which takes into account the average marginal contribution of each

location, the proposed approach’s main benefit is a fair allocation of the overall

MER size among different candidate locations.

As an operational strategy, a deep reinforcement learning-based two-stage ap-

proach for network reconfiguration and MER routing to minimize critical load cur-

tailment when multiple line outages occur following an extreme event. In the first

stage, distribution network reconfiguration is performed using tie-switches. In the

second stage, MERs are utilized to form microgrids. The distribution network was

represented by an undirected graph and the optimal spanning forest was formed.

The two test cases in each of the test systems exhibit the effectiveness of the pro-
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posed approach for recovering critical loads of the system by utilizing MERs and

forming microgrids. For base case studies, the post-disaster MER routing was per-

formed with a single objective of minimizing the amount of curtailed critical loads.

The results of the base case studies were compared with the exhaustive search tech-

nique. Comparison results showed that the MER deployment locations with the

same value of critical load curtailment were obtained using both exhaustive search

technique and the proposed DRL-based approach. However, the proposed DRL-

based approach outperformed the exhaustive search in terms of the execution time,

validating the computational efficiency of the proposed approach. The second set

of case studies was performed considering both critical load curtailment and trav-

eling distance as the objective functions. The case study results in this case showed

that both critical load curtailment and traveling distance could be reduced when

both of these factors are considered in the reward function during the training of

the proposed DRL model. The third set of case studies was performed considering

the case of extreme event followed by flooding of river where it becomes infeasi-

ble to route MERs through damaged (or flooded) bridges. The case study results

in this case showed that the proposed approach can effectively determine the fi-

nal MER locations. However, the MERs had to be routed through a longer path

because of the infeasibility to route through damaged (or flooded) bridges.

In this dissertation, reliability enhancement was evaluated using two different

resilience evaluation indices: critical load curtailment (or critical load recovery)

and recovery time. It was concluded from each case study that the proposed ap-

proach could effectively lower the amount of curtailed critical loads and restore the

maximum amount of critical loads. The comparison of test cases with and without

pre-positioning also showed that the maximum traveling distances (or maximum

traveling durations) were reduced for both test systems, thereby lowering the re-
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covery time and enhancing system resilience.

The future directions of the proposed work can be stated as follows:

1. The deployment of unmanned aerial vehicles to assess post-disaster damages

to power grids before application of the proposed reinforcement learning-

based approach is a potential extension of the work done in this dissertation.

2. Consideration of outage scenarios based on various weather-related extreme

events including ice-storm, wildfire, etc. can be a future research direction.

3. Incorporation of cyber-attacks along with weather-related outages and de-

velopment of cyber-physical resilience strategies can be an extension to this

dissertation.

4. Integration of dynamic behavior of different components of distribution sys-

tems while developing resilience enhancement strategies.
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APPENDIX A

CRITICAL LOADS AND ROAD NETWORKS DATA

Table A.1: Locations of Critical Loads for the 33-node System

Nodes Critical Loads (kW) Nodes Critical Loads (kW)
4 60 20 45
5 30 21 45
6 60 22 45
7 200 23 45
8 200 26 60
9 60 27 60

10 30 28 60
11 25 29 60
18 45 30 60
19 45 33 30

Table A.2: Locations of Critical Loads for the 123-node System

Nodes Critical Loads (kW) Nodes Critical Loads (kW)
1 40 66 75
6 40 75 40

11 40 79 40
17 20 85 40
24 40 87 40
30 40 94 40
37 40 98 40
43 40 100 40
50 40 109 40
52 40 113 40
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Table A.3: Road Network Data for 33-node System

From node To node Distance (ft) From node To node Distance (ft)
1 2 500 15 16 400
2 3 600 15 18 500
2 19 700 16 17 700
3 4 400 17 30 900
3 23 500 18 33 400
4 5 450 19 20 800
5 6 500 20 21 800
6 7 400 21 22 700
6 26 400 23 24 450
7 8 400 24 25 300
8 9 500 24 28 600
9 21 650 25 29 550
9 10 400 26 27 450
10 11 600 26 32 700
11 22 650 27 28 500
11 12 500 27 30 400
12 13 400 27 31 550
12 14 600 29 30 550
14 15 650 31 33 550
14 32 650 32 33 500
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Table A.4: Road Network Data for 123-node System

From node To node Distance (ft) From node To node Distance (ft) From node To node Distance (ft)
1 2 175 44 47 250 89 90 225
1 3 250 45 46 300 89 91 225
1 7 300 47 48 150 91 92 300
3 4 200 47 49 250 91 93 225
3 5 325 49 50 250 93 94 275
5 6 250 50 51 250 93 95 300
7 8 200 51 151 500 95 96 200
8 12 225 52 53 200 97 98 275
8 9 225 53 54 125 98 99 550
8 13 300 54 55 275 99 100 300
9 14 425 54 57 350 101 102 225
13 34 150 55 56 275 101 105 275
13 18 825 57 58 250 102 103 325
14 11 250 57 60 750 103 104 700
14 10 250 58 59 250 105 106 225
15 16 375 60 61 550 105 108 325
15 17 350 60 62 250 106 107 575
18 19 250 62 63 175 108 109 450
18 21 300 63 64 350 108 300 1000
19 20 325 64 65 425 109 110 300
21 22 525 65 66 325 110 111 575
21 23 250 67 68 200 110 112 125
23 24 550 67 72 275 112 113 525
23 25 275 67 97 250 113 114 325
25 26 350 68 69 275 135 35 375
25 28 200 69 70 325 149 1 400
26 27 275 70 71 275 152 52 400
26 31 225 72 73 275 160 67 350
27 33 500 72 76 200 197 101 250
28 29 300 73 74 350 150 149 250
29 30 350 74 75 400 13 152 250
30 250 200 76 77 400 18 135 300
31 32 300 76 86 700 60 160 300
34 15 100 77 78 100 97 197 300
35 36 650 78 79 225 94 54 400
35 40 250 78 80 475 151 300 500
36 37 300 80 81 475 2 10 400
36 38 250 81 82 250 20 27 800
38 39 325 81 84 675 32 29 500
40 41 325 82 83 250 51 250 800
40 42 250 84 85 475 4 16 900
42 43 500 86 87 450 82 86 600
42 44 200 87 88 175 37 62 500
44 45 200 87 89 275 100 114 600
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