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ABSTRACT 
 

Grid modernization using advanced metering infrastructure (AMI) will continue to 

enhance timely communication among the system operator (SO), producers, and consumers. This 

will further empower the vision of dynamic pricing and demand side management (DSM). The 

phrase dynamic pricing in this dissertation refers to the practice of disclosing binding prices of 

electricity just ahead of consumption. As regards DSM, the focus is on collective demand response 

(DR) by aggregators managing consumers’ loads in smart and connected communities 

(households, businesses, industries and aggregation of electric vehicle batteries). However, 

practitioners and researchers alike have expressed the fear that dynamic pricing may cause wild 

fluctuations in demand, which in turn will adversely affect both the network and market. To dispel 

this common apprehension and to show that it is possible to treat electricity as any other 

commodity (where binding prices are declared before consumption), there is a need to develop 

complementary policies for dynamic pricing decision by SOs and DR actions by load aggregators.  

The overarching goal of this dissertation is to examine if it is viable to trade electricity like 

other commodities, where price is declared in advance and allows the consumers to engage in price 

responsive demand response actions. To achieve this, two different approaches are developed, one 

using data driven learning approach and the other using a two-level game theoretical framework. 

Thereafter, demonstrate both approaches are implemented on a sample interconnected power 

network and their benefits are highlighted. In the first approach, a comprehensive agent-based 

methodology guided by data-driven learning model is developed to derive stable and coordinated 

strategies for dynamic pricing and demand response in smart and connected communities. This 
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methodology is intended to support the policy makers in understanding the joint impact of: 1) the 

bidding behavior of power producers 2) dynamic pricing by the SO, and 3) DR actions by 

aggregators managing a variety of consumer loads.  

The second approach is based on a robust game-theoretic framework with a two-layer 

optimization model. The top-layer is a two-stage stochastic model to address day-ahead decisions 

and the bottom-layer is a robust bilevel model that yields real-time actions comprising hourly 

dynamic prices by SO and optimal demand response by the aggregators. The two-layer model aims 

to minimize the cost to consumers while also maintaining SO’s revenue neutral status in the 

presence of price spikes in the real-time markets. 

The final component of this dissertation study focuses on the critical aspects of minimizing 

disruption in power networks under extreme weather events. An algorithm is presented that allows 

for optimal islanding of power network to limit the failure propagation during extreme events. 
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CHAPTER 1: INTRODUCTION 
 

1.1 Background 

Before proceeding to examine the potential of DR in the presence of dynamic pricing 

policies, it is important to understand the nature of existing power market structure.  

1.1.1 Fundamentals of Power Market 

In contrast to most other commodities, holding or storage of electricity is not economically 

viable, which implies that electricity should be supplied only as demanded. In a power network, 

SO is primarily responsible to match the supply and demand of electricity at all instants of time, 

which is also essential for a network to operate in a secure and reliable manner. The consumers' 

demand changes from time to time and accurate forecasting of future demand is complex. As a 

result, a wide range of generation mix are employed to meet the demand. For example, base load 

generators with a low operating cost generally used are in the network to satisfy the projected load. 

Any increase in demand from the projected loads are met by the peaking generators with a quick 

start but high cost. Prior to deregulation of electricity market, a traditional market structure 

commonly known as a Vertically Integrated Market was used for energy transactions. In this 

market, the SO or the utilities procure energy capacities from the generating parties at a price 

decided by state service commission's rate-making regulation [1]. In such a scheme, the actual cost 

of generation is known only to individual parties or utilities, not to the public. To make the power 

markets more competitive, markets were restructured/deregulated, where the privatized electricity 

providers are allowed to compete with each other to sell electricity to the SO. This opened up a 

wholesale market in which at different time periods competing generators place their supply price 
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bids and energy quantities to SO. The SO, through a merit order dispatch, selects the supply bids 

to match the projected demand and hourly market prices at the nodes are set by the highest market 

clearing bid.  

1.1.2 Challenges and Opportunities in Deregulated Power Market 

After deregulation, the power markets found an increased interest among suppliers to 

compete in the wholesale electricity market. Most of the deregulated markets adopt a two-

settlement strategy: 1) day-ahead market, where SO receives the projected demand for the 

following day and schedules hourly quantities for the selected suppliers, 2) real-time market, which 

is used to settle any deviation from the day-ahead demand at the time of dispatch and the needed 

quantity is purchased from suppliers' who bid in real-time market. If either unexpected high 

demand and/or loss of generation capacity occur at the time of dispatch, this causes price spikes in 

the real time market. Typically, reserve capacities are maintained to overcome the above extreme 

events. A challenge of the power market is that these reserve capacities stay idle most of the time 

in the network. It is estimated that 10% of the annual energy cost is incurred in 1% of the operating 

time due to demand peaking resulting price spikes [2]. Another challenge faced by the deregulation 

is market arbitrage, where suppliers withhold a portion of their generation capacity from bidding. 

As a result, the high cost supplier is selected in the market who sets the market price. To overcome 

the above challenges of reserve capacity needs and capacity withholdings, policy makers 

recognized that DR has the potential to address both. As reported in [3], even slight demand side 

participation can significantly reduce the wholesale electricity prices, thus reducing market power 

of the producers. Also, DR assisted balancing of consumer demand can ease the burden of current 

practice of maintaining peaking generation capacity at the level of 10 - 15% of the expected 

demand [4]. 
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1.1.3 Evolution of Demand Response 

DR has been viewed as a key element to improve power market operations. Lack of DR is 

attributed to price spikes in real-time market, increased need of reserve capacity, suppliers' 

arbitrage, and network reliability issues. There are two supporting rationale in power markets to 

engage consumers in DR practices. The first is to give financial incentives for any load reduction 

offered by consumers and the second one is allowing the electricity tariff rate to change at each 

time interval following the market conditions. DR has traditionally been used as an emergency 

service provider in the event of peak load and/or outages. The primary participants in this DR 

programs has been either industrial loads or huge commercial loads. Due to lack of infrastructure 

and technologies, as well as little access to information, the residential consumers are currently 

unable to participate in DR programs. Per prevailing practice, the utilities or SO interrupts the 

residential loads directly from the dispatch control center on short notice. But, such practices failed 

to encourage the consumer to engage in DR programs. Practitioners and researchers argued that 

implementation of full-fledged DR programs will require advanced metering infrastructure [5], 

favorable regulatory reforms [6] and proper pricing practices [7]. 

1.1.4 Challenges and Opportunities of Demand Response 

To maximize participation in the DR programs, a few fundamental questions should be 

addressed. What is the role of SO to facilitate the DR actions in the market? What changes are 

recommended in the market rules and regulations that will influence consumer behavior in DR? A 

primary challenge to promote DR is the technological barrier. Enabling the smart technologies and 

advanced metering infrastructure would allow the consumers to access timely information and 

automate their load responses. In recent years, aggregator or community load controller guided 

DR programs have gained attention. Aggregators represent interests of large groups of consumers 
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in smart & connected communities by monitoring prices, scheduling loads, and sharing stored 

energy to minimize cost. Another barrier that prevents the DR action is pricing practices. Current 

pricing structure in most of the electricity markets is flat (unit price of electricity is constant 

throughout the year). A flat price does not reflect the varying wholesale prices. At present, very 

few markets follow real-time pricing, where consumer are informed of a wholesale prices at the 

end of each hour. In both flat and real-time pricing approaches, the SO or utilities have failed to 

attract the consumers to engage in DR actions. A true DR can only be accomplished if SO offers 

advance price signals to the consumers.  

1.1.5 Pricing Practices in Power Markets 

Pricing is a key stimulus for DR actions. In other words, DR cannot be implemented 

effectively if SO fails to select an appropriate pricing design in the market. There exist widely 

varying electricity tariff structures. It ranges from fixing a rate one year in advance to sending 

price signals right before the dispatch. The amount of risk and reward to the consumers are 

considered in determining these pricing schemes [8]. Time of use (TOU) [9] and critical peak 

pricing (CPP) [10] are the traditional pricing practices to involve consumers in the demand 

response program. The major drawback in these practices is that they do not reflect the wholesale 

market prices and fail to capture the market operating conditions. At present, real-time pricing 

(RTP) schemes are used in limited markets (Ameron [11]  and ComED [12]) to involve the 

residential user in demand response practice. Though RTP scheme is dynamic, it reveals the prices 

to the consumers after the consumption is done. This puts the consumer in a financial risk against 

the flat price. The most desirable pricing practice to maximize the DR potential would be 

disclosing the price of electricity before consumption (dynamic pricing), currently this practice is 

not available in any power markets.  
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1.1.6 Challenges and Opportunities in Offering Dynamic Prices 

The dynamic prices offered by SO should influence the consumer behavior and increase 

the awareness of energy consumption. Furthermore, it should reflect or closely follow the 

wholesale market. The price signal offered before consumption will help the consumers to alter 

their demand during high price peaks and vice-versa. As a consequence, SO might encounter 

financial risk in the market when their projected load differs from realized load. A proper 

understanding of the consumer behavior in a market is thus vital to develop a dynamic pricing 

strategy. If the dynamic prices and aggregators-guided DR strategies are not aligned properly 

through design, there may be greater peaks in demand than normal conditions. Hence, the dynamic 

prices and DR strategies should be designed carefully to reduce the network stress i.e., 

transmission flows. 

1.2 The Problem Statement 

The overarching problem examined in this dissertation is to demonstrate if it is viable to 

trade electricity like other commodities, where price is declared ahead of consumption and also 

allow the consumers to engage in DR actions. The dynamic pricing and DR decisions are based 

on the interactions between SO and the load aggregators. The true essence of dynamic pricing is 

to offer a monetary benefits to the consumers (guided by aggregators) for shifting their load 

consumption and balance the demand in electricity network. The aggregator enabled DR should 

guarantee a reduction in total cost of consumption by shifting the consumers' loads using 

consumers’ preferences. The SO is responsible to decide, beforehand, how much price to charge 

the consumers during each hour of a day, such that any deviation of load pattern (due to DR 

actions) should not result in huge surpluses or deficits in revenue collected by the SO.  The 

objectives of the game between the SO and the aggregator is therefore to minimize the revenue 
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loss incurred to the SO and minimize the billing charges to the consumers. The major assumption 

adopted in this problem is: aggregator guided DR improves users' rationale in the event of price 

changes. However, true aggregator behavior has not yet been fully investigated. It is also assumed 

that consumers submit their load characteristics and operating preference to the aggregator a day 

before the consumption. The broader issue is, as the SO delivers an advance binding price signal 

(say, an hour ahead) to the aggregators this provides planning time for aggregators to decide their 

consumption. If the price declared is not aligned with the prediction of aggregator usage and 

shifting behavior, then SO will be exposed to unacceptable financial risk. Furthermore, it also 

poses a threat to system reliability. As regards aggregators, the SO informs the binding price signal 

only for the current interval. Hence, the aggregators should forecast the binding prices of the future 

hours to determine the energy usage for the current time interval and the future time intervals. The 

overall objective is to design stable and coordinated strategies for dynamic pricing and demand 

response in power network.  

1.3 Research Contributions 

The detailed description of research contributions are presented in the subsequent chapters. 

In what follows, an overview of the research contributions and the broader impacts are presented.  

1.3.1 Data-driven Agent-based Learning Model 

With the growth of internet of things and AMI, the consumers will increasingly be able to 

alter their consumption patterns based on the knowledge of hourly price variations.  

Per current practice, the SO uses/estimates hourly DA demand and procures those quantity 

in the DA market for DA price. If the consumers do not alter their actual consumption from the 

DA quantity, then the DA price as a dynamic price works well and this also keeps the SO in 

revenue neutral status. 
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However, with the aggregators’ ability to shift and adjust consumption, if the DA price is 

offered as a dynamic price, then the aggregators can switch their loads to lower price periods for 

monetary benefits. This will force the SO to curtail production in hours of reduced consumption 

while procuring more from the real time market (generally more expensive) during hours where 

loads are shifted. This will make the revenue earned by SOs less than the pay-out to the generators. 

Hence, in the presence of load switching ability, SO needs to find an appropriate pricing strategy 

(not the DA prices) that will encourage DR while not incurring revenue loss. To achieve this, a 

closed-loop comprehensive methodology guided by a data-driven learning model is developed. 

The methodology is implemented on a sample network. It is shown that such a methodology can 

yield stable and coordinated strategies for SO to offer dynamic prices as well as for aggregators to 

take DR actions for the consumers. The dynamic pricing decision is primarily influenced by supply 

bids in the DA and RT markets, expected DR actions, and network congestion. For the given 

dynamic prices offered by the SO, the aggregators’ DR actions are obtained from a robust 

optimization model. Hence, the methodology is a simulation-optimization based approach that 

learns both dynamic prices and DR actions. These strategies keep the SO revenue neutral and at 

the same time reduce the cost of consumption to the consumers. A significant added benefit that 

the methodology offers is an improved load balance in the network. Sensitivity analysis shows that 

increase in the percentage of deferrable loads would yield higher financial benefits for the 

consumers, since DR lowers the daily average price of electricity.   

1.3.2 Game-theoretical Model 

In the data-driven model, the DR is provided by residential and business appliances with 

the support of AMI and IoT platforms. One of the key contribution in this game-theoretical model 

is, a large volume of EVs take part in DR actions, and all residential and/or business loads in the 
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network are remain fixed. Since, we believe that the forthcoming growth of EVs will provide new 

opportunities through optimally scheduling the EV charging needs and it can be consider as a 

supplement to the traditional DR. So, a granular EV parking lot model is designed and it comprised 

of large volume of EVs with different makes and models, battery capacities and charging needs. 

This model focuses on interaction between the SO and aggregator managed EV parking lots, who 

decides the optimal charging strategies for the EVs based on the hourly dynamic price offered by 

the SO. 

A two-layer model is developed for the DA and RT market operations, where the top-layer 

uses a two-stage stochastic model that addresses the DA operations and bottom layer adopts bilevel 

structure for the real-time interaction between the SO and aggregators.  Price spikes are considered 

inherent in the network, which causes real-time price uncertainties. These uncertainties are 

accommodated in the bilevel model using a robust optimization framework. Hence, the problem 

exhibits a robust bilevel structure, where SO determines the hourly dynamic price schedule by 

ensuring revenue neutral status (upper-level problem), and the aggregators decide the 

corresponding optimal charging schedules of EVs (DR strategies). The aggregators’ aim is to 

lower the daily average consumer cost in the network that are subjected to price spikes. 

Furthermore, a granular EV parking lot model is designed and it comprises of large volume of EVs 

with different makes and models, battery capacities and charging needs.  

1.4 Broader Impacts 

In the new millennium, a revolutionary change has begun in the power networks, where 

supply following the demand is transformed into demand following the supply. This is referred to 

as demand response. To facilitate the DR actions among consumers, policy makers have 

implemented various limited forms of dynamic pricing to benefit both SO and the consumers. The 
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most desirable form of dynamic pricing is ex-ante real-time pricing, where the consumers are 

offered prices ahead of consumption. Literature reported major concerns from the practitioners 

and researchers that if the ex-ante dynamic pricing and the corresponding DR strategies are not 

aligned properly, there may be higher demand peaks than normally experienced, and this will 

results in higher price spikes and thus may instigate worst outcomes like blackouts. Stable policies 

for (ex-ante) dynamic pricing and corresponding DR strategies that are developed using the 

granular methodology presented in this dissertation helps to dispel the above concern.  

Our research also establishes that a pure form of dynamic pricing is a key enabler for DR 

actions. Dynamic pricing along with technology (IoT and AMI) can greatly improve consumer 

participation, yielding cost reduction benefits to the consumers and reduction of the network 

overload via better load balance.  

It is established in this dissertation that the growth of EVs offers a unique opportunity for 

increased DR in the future, as the EV charging can be scheduled optimally take advantage of low 

peak periods. A granular model for EV integration through smart parking lots under dynamic 

pricing is a novel contribution of this dissertation.  

It is shown that the proposed dynamic pricing policy performs better compared to all other 

existing limited forms of dynamic pricing in power networks.  

1.5 Summary of Dissertation  

Proliferation of AMI and the practice of disclosing the price of electricity before 

consumption (dynamic pricing) are the two key enablers for demand response reaching its full 

potential. With increasing deployment of AMI and aggregator managed demand response narrows 

the technology gaps. So, the spotlight is on dynamic pricing. In Chapter 2, a comprehensive closed-

loop data-driven methodology is presented to design stable and coordinated strategies for dynamic 
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pricing and demand response. The methodology uses Bayesian load prediction model to update 

the DA quantity, and the SO with the support of optimal power flow formulation determines the 

DA prices. Thereafter, SO uses a learning model to obtain hourly dynamic prices for the each hour 

of the next day. At each iteration, variation in dynamic price allows the aggregators to gradually 

alter their DR pattern. This process, when continued for many iterations, yield a suitable dynamic 

pricing strategy and a corresponding DR actions for the aggregators. The stable strategies derived 

from this methodology implemented on a congested network show that it is possible to achieve a 

significant reduction in price of electricity and improve network load balance which in turn reduces 

the need for expensive (most idle) reserve generation capacity. This is an offline simulation tool 

that allows both SO and aggregator to learn stable policies without affecting both the network and 

market operations during the learning process. 

An alternative to DR by business and residential consumer appliances, which needs a 

widespread availability of IoT and AMI, is the EV parking lots that will host large numbers of EVs 

that can significantly contribute for DR. These EV parking lots will benefit from dynamic pricing 

by inducing increased DR. A robust game-theoretical model is presented in Chapter 3, where the 

interaction between the SO and EV parking lots determine the dynamic pricing strategy for SO 

and optimal charging needs (demand response) for EV parking lots. The SO determines the 

dynamic pricing by considering the financial settlement in both DA and RT market. A two-layer 

model is formulated where the top-layer (a two-stage stochastic model) addresses the day-ahead 

schedule, and the bottom-layer (a bilevel model) obtains the real-time decisions comprising 

dynamic prices and optimal charging schedule for EVs on an hourly basis. The bilevel model also 

accommodates the real-time price uncertainties (price spikes) using a robust optimization 

approach. Numerical results show dynamic pricing as superior to prevailing pricing policies.  
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In Chapter 4, a controlled islanding of power networks anticipating severity of extreme 

events is proposed. It is evident that rapid climate change will continue to cause severe events with 

greater disruptions to the power networks. It is important to develop better means of avoiding 

system wide failures and to make the grid more resilient. Hence, controlled islanding is essential 

to harden power networks against widespread outages caused by extreme weather events. Planned 

islanding approaches can optimally utilize generating and other resources to minimize load 

shedding in the grid. A graph theoretical approach with mixed integer programming formulation 

is presented to minimize the total cost of islanding.  
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CHAPTER 2: A DATA-DRIVEN METHODOLOGY FOR DYNAMIC PRICING AND 

DEMAND RESPONSE IN ELECTRIC POWER NETWORKS 

 

The complete article on A Data-Driven Methodology for Dynamic Pricing and Demand 

Response in Electric Power Networks (submitted to Electric Power Systems Research Journal) can 

be found in Appendix C. This article presents a comprehensive data-driven methodology that can 

simultaneously yield stable and coordinated policies for dynamic pricing and corresponding 

demand response actions in a smart and connected communities.   

2.1 Abstract 

The practice of disclosing price of electricity before consumption (dynamic pricing) is 

essential to promote aggregator-based demand response in smart and connected communities. 

However, both practitioners and researchers have expressed the fear that wild fluctuations in 

demand response resulting from dynamic pricing may adversely affect the stability of both the 

network and the market. This paper presents a comprehensive methodology guided by a data-

driven learning model to develop stable and coordinated strategies for both dynamic pricing as 

well as demand response. The methodology is designed to learn offline without interfering with 

network operations. Application of the methodology is demonstrated using a sample 5-bus PJM 

network. Results show that it is possible to arrive at stable dynamic pricing and demand response 

strategies that can reduce price of electricity as well as improve network load balance. 
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CHAPTER 3: A TWO-LAYER MODEL FOR DYNAMIC PRICING OF ELECTRICITY 

AND OPTIMAL CHARGING OF ELECTRIC VEHICLES UNDER PRICE SPIKES 

 

The complete article on A Two-Layer Model for Dynamic Pricing of Electricity and 

Optimal Charging of Electric Vehicles under Price Spikes [13] (published in Energy Journal) can 

be found in Appendix D. This article presents a two-layer optimization model that can 

simultaneously yield dynamic pricing policy for SO and corresponding demand response strategies 

for EV parking lots.  

3.1 Abstract 

Pilot projects in power networks conducted across continents have established the benefits 

of dynamic pricing by inducing increased demand response. However, a key hurdle in the growth 

of demand response is the lack of widespread availability of advanced metering infrastructure, 

which has stymied the adoption of dynamic pricing. We believe that this hurdle will be partially 

addressed by the growth of electric vehicles (EVs), as smart and connected EV parking lots will 

be a provider of demand response. We develop a two-layer optimization model that simultaneously 

determines dynamic pricing policy for the system operator and demand response strategies for the 

EV parking lots. The model minimizes the cost to consumers, while ensuring the system operator's 

revenue neutral status and addressing real-time price uncertainties. A variant of the 5-bus PJM 

network is used to demonstrate model implementation. Numerical results show that for a low to 

moderate price spike scenario, dynamic pricing with demand response from EVs alone can lower 

the daily average consumer cost of 1.42% compared to the cost of at pricing. A cost reduction of 
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6.5% is achieved when price spikes are relatively high. Computational challenges of implementing 

our model for real networks are discussed in the concluding remarks.  

3.2 Electric Vehicles on Power Networks 

In electricity network, it is observed that elasticity of demand is deemed important to 

overcome wild fluctuations concerning both energy market and network operations. The growing 

demand and increased penetration of intermittent energy resources are the two primary factors 

responsible for this wild fluctuations. As anticipated, we are close to the tipping point where high 

volume of EVs hitting the road are inevitable and a huge challenge is awaiting for the power 

networks to integrate EV parking lots into the grid. Despite the huge forecasted demand growth, a 

lot more demand elasticity is achievable if the EVs in parking lots are charged in smart and 

coordinated approach, and that could offer a greater benefit to the grid. It is important to utilize 

their flexible operation characteristics and pictured them as a grid asset under uncertain 

environment. 

3.2.1 Challenges and Opportunities 

Deployment of large volume of EVs in the grid will induce a significant impact in both 

network design and operations [14]. As these loads are more dynamic in nature, smart meters and 

timely communication infrastructure [15] are critically needed to promote pricing framework and 

also to create a favorable environment for smart charging approach. It was reported in [16], smart 

charging strategies could evade 60 - 70 % of incremental investment in distribution networks. In 

[17], AMI with dynamic pricing are considered as an effective tool to obtain optimal EV charging 

schedule. Further, it was found out through an experiment that there is a 36% reduction in peak 

consumption. EV parking lots can act as a both consumer and energy producer. A framework has 

been proposed in [18] to integrate batteries of EV into grid as a distributed energy resources. The 
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system operator coordinating with aggregated EVs could increase the efficiency and security of 

both the electricity networks and the power markets [19]. In few markets, the EV parking lots can 

participate in day-ahead energy bidding and also in reserve markets. The bidding strategies of EV 

parking lots have proposed and investigated in [20]. In addition to vehicle to grid energy injection, 

EV can transfer energy to homes (V2H) [21] and also to buildings (V2B) [22] to reduce their 

demand peaks. 
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CHAPTER 4: CONTROLLED ISLANDING OF POWER NETWORKS BASED ON  

ANTICIPATED SEVERITY OF EXTREME EVENTS 

 

The complete article on Controlled Islanding of Power Networks based on Anticipated 

Severity of Extreme Events [23] (published in IEEE Power & Energy Society General 

Meeting 2018) can be found in Appendix E. This article presents a graph theoretical mixed integer 

programming model to develop controlled islanding strategies for power network anticipating 

severity of extreme events. 

4.1 Abstract 

A new mixed integer programming model is presented for developing islanding strategies 

for power grids when disruptions from extreme events are anticipated. It minimizes the total cost 

arising from planned load reduction together with the cost of unplanned load loss and network 

recovery. The later cost is a function of the severity of the anticipated extreme event. The model 

selects an appropriate number of islands and their sizes depending on the severity, islanding results 

for IEEE 30-bus and 29-bus GB test system is presented. The MIP model considers anticipated 

severity of the event related parameter α as an input, which has not been considered earlier. We 

demonstrate via the IEEE 30-bus network that if a high value of upper bound for the number of 

islands is chosen, the model determines the appropriate number of islands based on the severity. 
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CHAPTER 5: CONCLUSIONS 

 

A pure form of dynamic pricing and demand response (DR) can be considered as an 

effective mechanism to improve functioning of power system operations. Fast deployment of AMI 

will create a new opportunities in DR by delivering direct economic gains for the consumers. In 

addition to that, proliferation of EV will offer a new dimension to DR by shifting EV battery 

charging needs and manage them flexibly to support the grid operations. It has been argued that 

implementation of full-fledged DR requires a favorable regulatory reforms [24] and proper pricing 

practices [7]. True DR will need to be supplemented by appropriate dynamic pricing policies by 

the SO. The key features of such policies should include 1) the binding dynamic prices are declared 

in advance of consumer usage, and 2) the declared prices should not deviate appreciably from the 

market price resulting from DR actions. The first feature will promote more DR and also lowers 

the cost of electricity. The latter feature ensures the SO revenue collected from the consumers is 

close to the amount paid to the producers.  The latter feature also needs a proper understanding of 

aggregator (collective consumer) behavior in a market. Hence, the dynamic pricing by SO and 

corresponding aggregator-guided DR strategies should aligned properly through design to avoid 

greater peaks in demand.  

A comprehensive agent-based methodology that uses data-driven learning models are 

developed to support policy makers (SO and aggregators), through repetitive interactions, to learn 

each other behavior and to yield a stable and coordinated strategies for dynamic pricing and 

corresponding DR actions. The complete description on the methodology is presented in chapter 
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2 and appendix. Numerical results on a sample network shows that the SO and aggregator can 

learn their strategies through an offline simulation models and that obtains a stable policies for 

dynamic pricing and DR, respectively, without disrupting actual network operations. Two key 

observations are made from the results, 1) such polices can reduce the price of electricity paid by 

the consumers through increased load balance, and 2) SO, being a non-profit agent, can offer 

dynamic prices without accumulating surplus revenue or shortfall.  

To supplement the lack of widespread availability of AMI, smart and connected EV 

parking lots are adopted for DR. In chapter 3 and appendix, a two-layer optimization model is 

developed that simultaneously yield dynamic pricing policy for SO and optimal charging (demand 

response) strategies for aggregator guided EV parking lots. In the two-layer model, the top layer 

(two-stage stochastic model) addresses the day-ahead schedule and the bottom-layer (a bilevel 

model) obtains the real-time decisions. Numerical implementation on a sample network shows that 

the daily average consumer cost is reduced by 1.5% when the consumers adopted dynamic pricing 

and demand response. It also evident that dynamic pricing policies obtained in this model as 

superior to other prevailing pricing policies in the market.  

The interconnected power networks are more vulnerable to cascading failure in the event 

of extreme events. This leads to a major disruption and unable to serve the consumers. A planned 

islanding strategy is developed using graph-theoretical model that determines an optimal level of 

islanding considering anticipated severity of extreme events. The model is implemented on IEEE 

30 bus system and 29-bus GB network, the model determines the appropriate number of islanding 

needed based on the severity levels.  
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