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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].



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



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.



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



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.



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



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 EV's
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



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



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 [oT and AMI, is the EV parking lots that will host large numbers of EV's
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 PIM
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: ATWO-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 PIM
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 o 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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1. Introduction

Grid modernization will continue to enhance timely communication among the sys-
tem operator (SO), producers, and load agpregators. This will provide the infrastrue-
ture to implement dynamic pricing of electricity and increase demand response (DR)
participation. The phrase dynamic pricing has various interpretations in practice and
is used to refer to policies like critical peak pricing, real-time pricing and many vari-
ants thereof. In this paper, the term dynamic pricing is used to refer to the practice
of offering binding price of electricity just ahead of eonsumption. Whereas, the term
DR will refer to the load scheduling action by aggregators based on price of electricity
and preferences of the consumers in the households, businesses, and industries. DR
has long been recopnized as an effective mechanism to improve functioning of power
network operation. Implementation of full fledped DR programs will require appropri-
ate pricing practices [1]. Dynamic pricing has been identified as a key to promote DR,
early in the millennium [2] and more recently [3, 4]. However, till date, dynamic pricing
policies have remained limited in the U.5. to time of use (TOU) pricing, critical peak
pricing (CPP), ex-post real time pricing (RTP), among others. Many pilot projects
across three continents in recent years have examined the benefits of dynamic pricing
ot load balancing and consumer cost reduction [3, 6, 7].

In this paper, we develop a comprehensive

(IR PEp— HY Genermar
: T methodology to design complimentary policies
Avvsel Hisely
| seone 1 St = for dynamic pricing decision by the system op-
e i o erator and the DR aetions by the load aggrega-

By o tors, while considering both market and net-

Fig. 1. Dysanis peicing sl DE ik work characteristics. The framework of our
methodology is depicted in Fig. 1. The load

aggregators predict the day-ahead (DA) hourly demand by applying a Bayesian model

27



on historical demand data (prior) and the most recent hourly demand (based on DR
actions). It is assumed that the load aggregators are price takers and submit the pre-
dicted DA quantities as demand bids to the system operator (50). Using these demand
bids and the DA price bids submitted by the generators, the SO obtains a DA schedule
through a network constrained least cost dispatch approach. This yields DA hourly
quantities and ecorresponding LMPs. Now, before each hour of actual dispatch, the SO
determines the binding nodal dynamic prices and offers those to the aggregators. The
S0 obtains these dynamic prices using an exponential learning model with two inputs:
the DA price and the previous day’s dynamic price for the current hour. The agoregators
at the load nodes decide their DR actions (consumption plan) for the current and the
remaining hours of the day using the binding dynamic prices for the current hour and
the predicted dynamic prices for the future hours, which they obtain using a regression
model. Any deviation in load consumption for the eurrent hour from the DA demand
bid is settled using the real-time (RT) prices. It is considered that the generators sub-
mit separate BT bids to the SO, and the SO settles the market to pay the generators
for the hour using a two-settlement (DA and RT) approach. This determines the cost
to the 50 for satisfying the demands. Note that, the 30's revenue depends on the
binding dynamic prices and the correponding DR decisions by the aggregators, which
in turn determines the cost to the SO. Hence, if the dynamic prices are not designed
properly, the resulting DR actions may lead to imbalance in the revenue and cost for
the SO. Our model is designed to obtain stable dynamic pricing and demand response
policies to improve load balance and reduce cost to the consumers, while maintaining
revenue neutral status of the 3O, A recent paper [8] addresses a similar problem using
a closed loop dynamical system model and derives stable ex-ante pricing strategy for
each interval of a network operation and the corresponding DR strategies. Our method-

ology offers a data-driven learning approach that is granular and can consider different
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types of load, their operating preferences, network constraints, and a two-settlement
approach for the market.

Literature shows that availability of smart technology (eg., advanced metering in-
frastructure, AMI) increases price elasticity and grid efficiency [9, 10]. Beneficial im-
pacts of dynamie pricing have been explored via seventy-four pricing experiments across
three continents during the last decade [5]. The results in these studies show that in the
presence of higher price peaks better benefits of load balancing from dynamic pricing.
It is shown in [7] that dynamic pricing can achieve a peak demand reduction of 10-14%,
customer cost reduction of 2-5%, and a social welfare increase by $141-$403 million in a
vear. & study conducted in California [6] found that most consumers will benefit from
dynamie pricing, and also that low income consumers will not be impacted negatively,
a coneern that was expressed earlier. The study presented in [11] claimed that a eareful
design of dynamic pricing schemes is needed to increase the consmmer flexibility. A
balanced RTF strategy was proposed in [12] where the consumers are offered binding
prices ahead of consumption (ex-ante prices). Need to understand consumer behavior
in a market to address volatility between the ex-ante and ex-post prices, inherent in
networks with RTP and DR, is emphasized in [13]. It was argued in [14, 15] that if the
RTP and the corresponding aggregator-guided DR strategies are not aligned properly
through design, there may be greater peaks in demand than normal condition, which
might instigate worst outcomes like blackouts.

As reported in [2], even a slight DR participation may significantly reduce the whole-
sale electricity prices. It is claimed that DR assisted balancing of consumer demand
and resulting increase in load factor will ease the burden of eurrent practice of main-
taining peaking generation capacity at the level of 10 - 15% of the expected demand
[16]. In recent years, aggregator-guided DR has been proposed [17]. Aggregators rep-

resent interests of large groups of consumers (households, factories, and businesses) by
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monitoring and scheduling loads to minimize cost. With emerging home and building
energy management systems [18, 19], even individual consumers are being empowered
to engage in DR. Proliferation of smart grid with smart appliances will continue to
extend the potential of DR [20]. Aggregator-guided DR is claimed to improve nsers'
rationale in the event of price changes, however, true aggregator behavior is vet to be
investigated [21]; the authors present an iterative approach to design real time pricing
algorithms to minimize the peak-to-average demand ratio. Other approaches adopted
for aggregator coordinated DR can be found in [22, 23]. A dynamic energy manage-
ment framework to simulate DR and to estimate consumer behavior is proposed in [24].
Similar work with minimization of electricity price as a DR objective, can be found in
[25, 26]. To our knowledge, most of openly available methods for real time pricing and
DR are developed using limited history of price and consumption data. Some of the
recent pilot studies that model data to demonstrate potential DR benefits are [27, 28]

The remainder of this paper is organized as follows. The complete methodology is
described in Section 2. Section 3 contains a numerical demonstration of the method-
ology on a modified 5-bus PJM network. Concluding remarks are offered in section
4.

2. Dynamic pricing & DR Methodology

Fig. 2 shows the model elements of the dynamie pricing & DR methodology. In

what follows, we provide details of each model.

2.1. Bayesian DA demand prediction model

The aggregator at each load node submit their fixed hourly DA demand bids to 50,
which are predicted using the model given here. Let K denote the number of nodes
(or buses) in the network. At any node & € {1,--- , K} and hour ¢ € {1,--- , 24}, let
Ty kg Ta kg« Tngkgy denote the historical hourly load data for the demand random

o
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Fig. 2. Elemems of dynamic pricing and DR methodology

variable Xy, We assume that this data is characterized by a normal distribution
Nty r:r}f:z], which is thus the prior (.} for the demand X ..

Let, for each hour of a day, the aggregator’s DR action yields an actual demand
denoted by yi,. Then we can write the random variable for the actual demand generated
by DR action Y&, as Y| (Xps = T41) ~ N (Tge.0k,). We assume that the variance of
the demand resulting from DR action is same as that of the prior. Henece, the likelihood
for the observed data yi , can be written as

L{ﬂ'-'k,r

(1)

Using Bayes™ theorem, the posterior distribution (which is proportional to the like-
lihood times the prior) can be written as,
-1 -1
Flrelyks) oc F(Uke|Tee). fTes) ox exp Q—Q{QE,n — o) - exp 5z (Tez — Beg)®. (2)
Tt et
The posterior distribution of the normal conjugate prior is also a normal distribution,
the mean of which ean be written as I [Xg,;|yg:t] = argmax,  In f{zy,.|y};). The pos-

terior mean can then be obtained, by equating to zero the first order partial derivative
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of the log-likelihood of f(zw.|yf ) with respect to zy,, as follows:

omn flmedl) 1, g _
T = E:;J(Sl'k,; — Tre) + E[IH — frg) =0. (3)

The above yields £ [ X[y ] = %% Variance of the posterior distribution Var(Xy,| Vi)

is inverse of the Fisher information I(Xk,tlyg:!], which is obtained as,

& log f(Trelui,) 1 1 2
TNy = | eV araRe | B - 4
{ kit |yk,(,] |: ai‘g’t Dia { ]

3 ]
Ty Tk

Hence, the posterior distribution is N (“‘“‘;’": L3 i) The mean hourly DA predicted
demand vector for any node & is given by yp = (m'l;ﬁ'l, ﬂ"'q:y:",_ __,n“'g";u:'“) At

the end of each day, the hourly actual demands resulting from the DR actions are added
to the historical load data and are used to obtain new prior distribution parameters
(. G’E::} for the next day. Essentially, the aggregators update their prediction model

for the next day based on their DR actions today.

2.2. Day-ahead settlement model

Based on the generators’ DA supply offers (C'( P }) and the aggregators’ DA demand
bids (g, ), the SO solves a network constrained least cost dispatch model to obtain the
locational marginal prices (LMPs) for each node at every hour of the following day. Let
. represent the set of generators at node k. We assume that the generators’ supply
offer constitute quadratic functions given as C(Py) = ahpﬁ + by P, Wi € Gy, Wk £
{1,--- , K}, where P, is real powar output supplied at node & by generator i . The DA
settlement problem is formulated as a DCOPF [29] that minimizes the cost of supply

offers, while meeting the supply-demand balance and other network constraints.

K
minz Z i S (5)
k=110,
The dual variables from the power balance and the line flow constraints are de-
composed into three components namely, marginal cost of energy at reference buses,

marginal cost of losses, and the cost of congestion [30]. Using these, the LMPs (XA, for
all nodes are calculated. Solution of DCOPF for each hour vields Ax = {A:.}, the set

=]
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of hourly DA LMPs for each node.

2.53. Regreszion model for predicting dynamic prices

The DR actions for each hour taken by the aggregators use the binding dynamic
prices for the current hour and the predicted dynamic prices for the remaining hours
of the day, which they obtain using the regression model. A piecewise linear regression
equation is developed for each load node k with hourly demand as the independent vari-
able and the corresponding cost (demand x DA price) as the dependent variable. We
use a data set containing the current DA hourly demand-price pairs ([ ) and historical
DA hourly demand-price pairs (D{) for a number of days (say, H) to build the regres-
sion model. Note that D} = {(yp, AL : Vhe {1,2,--- H}LVEt € {1,2,--- ,24}}
and Dy = (Y, Apg). Considering a m plecewise components for the regression model,
we maximize a set of (up to m) affine functions by minimizing the least square. Let
U7 denote the (H + 1) x 24 demand-price pairs in the data set used in the regression
model. Denoting each demand-price pair as (yy, Ay) for u € 7, we write the following
model to optimize the affine functions.

2
O L max (5 + Biyu) — yuAu] - (6)
The solution of the above vields an optimal set of I affine funetions (I < m) and the

corresponding [ non-overlapping partitions of [, For more details on this approach, see

[31].

2.4. A learning model for hourly dynamic prices

The SO obtains the nodal dynamic prices for each hour of the day by applying a
learning model (as in [32]) on the previous day's dynamic price and the DA price. Let
7r, denote the dynamic price offered for node & at hour ¢, and 7 > 0 denote the learning
rate. Then, using f to denote the same hour t on the previous day, we write that

Mgy = "r')\l:,t +{1— ",r'IITgJ. {7]
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2.5 A robust DR model

We first describe the types of loads that are managed by the aggregators. Loads are
either non-deferrable (fixed loads) or deferrable (shiftable and shifi-adjustable loads).
Deferrable loads are managed by the aggregators based on user preferences. Load
curtailment is not considered as an option for aggregators in this model.
Non-deferrable load: These loads are fixed and have specified operation times and
energy consumption levels, Let ' denote the set of load consuming entities (e.g.,
homes, businesses, and factories) managed by an aggregator. For i € O, let F| denote
the set of fixed loads and for each j € F, fi; denotes the energy consumed during hour
t.

Deferrable load: A deferrable load is characterized by its power consumption level, total
duration of operation, and the interval(s) of time when it can be scheduled. These loads
are further classified as shiftable (that are operated with rated power and have flexible
hours of operation) and shift-adjustable (for which the power consumption levels can
be adjustable along with the hours of operation). We denote the set of shiftable loads
for load consuming entity ¢ by S;. For load j £ 5, the consumption level is s,; and
the length of operation is 7y;. The time window within which the operation can he
scheduled is [EU_,F,}], Hence, if Ty, denote a binary variable indicating on/off status

of a shiftable load at time ¢, we can write the operating constraint as
T_‘|J1

Z Tyqe = Tigs Vi, 1. (8)

t=T%,,

The set of shift-adjustable loads for an entity i € C' is A;. The rated (maximum) power
consumption per unit time of the individual loads j € A; is agy, which can be lowered
up to a prescribed threshold g,,. The feasible operating time window of load j € A, is
[']_”:j;TU]_ Let 1,5 be a binary variable indicating the on/off status of j € A, at time £,

and oy, be a continuous variable indicating the level of power consumption. Then we
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can write that

Gy < Qge Oy < Oy, i, j, 1. (9)
Denoting the total energy required to complete operation as E , we can write

Tis

z Ugge Chygp gy = Foyy, Vi, j. (10)

=T,

Note the above constraint is bi-linear in ugy ayy. We linearize (10} by incorporating

g in (9). Hence, we have

Ugge fgy < Qg Qg < Ugge Gy, i, i, t, (11)
T‘J

Z gy 0y = Eyy, Wi, . (12)
t=T,,

Hence the total load scheduled by the aggregator at time f can be written as
Y% =2 c [EJEF, June + E_res. SeyToge + ZJEA, ey ﬂ'!.r] -

The aggregator finds yf by solving an optimization model, described below, at each
node at the top of each hour. The model uses 24-hour day as the planning horizon. For
the current hour 7, based on the binding dynamie price 7, an aggregator determines
the actual energy consumption for the current hour (¥2) and the planned consumption
for the remaining hours ¢ € {T+1,--- ,24}. The model uses the predicted values of the
dynamic prices for the remaining hours from the piecewise regression model presented
in Section 2.3. We note that these predicted values could differ from the dynamic prices
offered by SO in the remaining hours. Such price variations present a risk of ineffective
load scheduling. To reduce the impact of this risk, we adopt a robust optimization
approach.

Let m™* denote the chosen upper 100 x (1 — a)% confidence bound of the historical
values of the dynamic price for each hour . These bounds are revised each day by
updating the data history. Let I’ denote the parameter (in percent) for the degree
of robustness, where T is 0% when price variations are not considered for any of the

remaining hours, and T is 100% when price variations are considered for all of the
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remaining hours, which yields the most conservative solution. For example, I' = 80%
means that the model considers price variations for 0.8 x [24 — 7] of the remaining
hours. The robust DR model is presented next. For notational simplicity, we write the

regression parameters as 3, and 3, (without their piecewise index ).

a4 1|
min Tyt Y (Fo+ B+ max Y[R - (Fo+ Bui)] 2. (13)
I=7+1 Tezel I=t+1
By duality principle as described in [33], we can rewrite the objective function as
24 24
min &yl + Y (Bo+ ) +2T+ D G, (14)
t=7+1 t=7+1
s.t.,
Constraints (8}, (11), & (12), (15)
Z+Ct:—}?r:mnxy?_{.30+.31y?]1 VI'E{T+1r"‘324}1 {]-E"j
=0, 4 >0, Vie {t+1,--- 24}, (17}
220, Y2 > 0. (18)

In the ahove model, the mumerical values of g5 and 3] for the decision variable g

are obtained using minimizing piecewise linear cost funetions formulation.

2.6, Real-time settlement model

Once the agoregators take DR actions, variation between the DA demand and the
actual consumption is settled by the SO using the real-time price bids in the DCOPF
model. This two-settlement process vields the integrated LMPs, which we refer to as
settled price in the numerical implementation study. Note that, the total payment
made by the SO to the generators could be different from the total revenue collected
from the aggregators. However, as demonstrated via numerical experiments, under
stable dyvnamic pricing and DR strategies, the average difference between the cost and
the revenue reduces to at or near zero. The SO (a non-profit agent) should neither

accumulate exeess revenue nor incur deficit.
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3. Numerical implementation

In this section, we demonstrate our methodology by implementing it on a sample
network with congestion as described below. We conducted our numerical study in two
parts. First, for given load compositions and generator bids in DA and RT markets,
we determine stable dynamic pricing and DR strategies. Thereafter, we examine the
convergence of priee and the corresponding load balancing profile over 24 hours, and
also analyze the impact of the percentage of deferable loads in the network on the

average dynamic price.

3.1. Sample network: A modified PJM 5-bus system

We use a minor variant of the PJM 5

Brighton ‘Sundanca e
- ,—I ~ bus system with 3 penerators, 2 load nodes,
fH L )
g g 3 ~"T14~""  and 6 transmission lines as shown in Fig. 3.
= o <3 i The parameters a and b of the generators’
//"/ ’ DA supply offers (see Section 2.2) are (0.009,
o | L 47), (0.007, 35), and (0.005, 10.25), represent-
P'MWI' = I_,'l? 3 ing high, medium, and low cost generators at
Aggregasar 1 Agaregainr ¥
Load center Lizad cenber

nodes 1, 5, and 4, respectively; correspond-
Fig. 3. Modified 5-bus PJM network

ing parameter values for the real-time bids are
(0.04, 80), (0.035, T0) and (0.03, 60). The maximum generating capacities are 2000,
2000 and 600 MW for generators at nodes 1, 4, and 5. The reactance of the transmis-
sion lines are as marked (see Fig. 3). We consider that the capacity of line connecting
buses 1 and 4 is limited to 75 MW, and the remaining lines are unconstrained. The
two load nodes are located at buses 2 and 3. In each of these load nodes, DR decisions
are made by the respective aggrepators.

We make the following assumptions about the load composition of the network.
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The loads consist of entities and each entity comprises a number of households and
businesses. There are 60 and 40 entities in node 2 (managed by aggregator 1) and
node 3 (managed by aggregator 2), respectively. Each entity has non-deferrable (fixed)
and deferrable (shiftable and shift-adjustable) loads. It is assumed that distribution
of the hourly consumption levels of the fixed loads for all entities at a node can be
approximated by a normal distribution. Fig. 4 depicts the mean and the one standard
deviation confidence bounds of the hourly fixed loads at node 2. Similar load pattern
is considered for fixed loads at node 3. As seen from the figure, the time of operation
of the fixed loads are chosen to mimic the two-peak load pattern commonly observed
in power networks.

There are three shiftable loads for each en-

tity under aggregator 1, whose consumption

z. MHL levels are 2 MW /h, 3.7 MW /h and 5 MW /h.
E" \ Each of these shiftable loads runs for a to-

tal 3 hours a day, where the hours could be

AN AN I L] Liwl
Hiuwre

non-contiguous. Shiftable load levels managed
Fig. 4. Fixed load pattern for aggregator 1

at load node 2 by aggregator 2 are 1.5 MW /h, 2 MW /h, 3.7
MW /h and 5 MW /h, each with a 3-hour non-contignous operating time. All entities
under both aggrecators are considered to have two shift-adjustable loads. When op-
erating, the maximum (minimum) energy consumption levels per hour for these loads

are 1.5 (1.05) MW and 5 (3.5) MW. These loads can be run during any non-contiguous

hours of the day as long as the total consumption per day reaches 6 MWh and 20 MWh.

3.2, Discussion of numeriecal results

Since DA demand prediction is eritical to the success of the dynamic pricing and
DR methodology, we first examine the performance of the Bayesian prediction model.

The predicted demand is nsed by the SO to determine the DA prices, which in turn
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Aggregator 1| Predicted demand vs Actual demand Aggregator 1 - Load forecast error

A |- - - Predicted demand . | Forecasting error
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Number of davs Number of days

Fig. 5. Performance of Bayesian model for aggregator 1 at hour 10 AM

help to yield the hourly dynamic prices. We then discuss the efficacy of the estimation
process for m™®*, which is a key parameter for the robust DR model. In the remaining
part of this section, we discuss the evolution of the dynamic pricing and DR strategies
over the offline learning period of the methodology, followed by a brief sensitivity study.

Fig. 5 demonstrates the performance of the Bayesian model in predicting the DA
demand for aggregator 1. The model predicts hourly demands for all 24 hours, of which
the data for hour 10 AM is shown in the figure. It ean be observed that during the
initial days of simulated learning, due to aggregator’'s DR actions, the predicted DA
demand vary significantly from the actual demand. As the variations in actual demand
due to DR actions subside, the prediction error reduces to a very small value. A very
similar behavior is also observed for the demand prediction by aggregator 2.

Before discussing the evolution of prices and consumption pattern in the network,
we describe a key parameter of the robust DR model, 7. It is the 100 = (1 —
)% upper bound of the distribution of the historical values of dynamic prices m,, and
is the maximum possible price at a future hour {. This parameter plays a critical
role in setting the level of risk considered by the robust DR model. Hence, a proper
choice of @™ is essential to control how conservative we desire our DR actions to be.

Unlike robust models commonly found in the literature, we continuously update w["**
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at every iteration of the offline learning using newly available dynamic price data. At
the beginning of the learning period, there is no available history of dynamic prices for
the network and hence no initial estimate of 7",

Therefore, for learning on day 1,

we penerate a history by drawing 5 _
— Dynamic price |

samples from a normal distribution e 1
with the DA price of day 1 as the o o |
mean and an assumed standard de-
viation ($4.0/MWh). The 100 = (1 — s B B 1

eV ? "-"_--—-'-.;Eﬁ-'.: == [dudi.3----r-'-=
)% bound of this generated history o

30 400 500 600 o0 B0n
is considered to be the #™<. On day Mumbarf d2ye

2 onwards, the dynamie price of the Fig. 6 Windialrl™ sthou A8 AN

preceding day is added to the history and 7"%F is recalculated. Fig. 6 depicts the
evolution of ;""" for an arbitrarily chosen hour (11 AM) over the days of simulated
learning. As expected, with learning, 7" approaches the dynamic price m;. The choice

of this initial value of standard deviation is not critical since it is updated as more data

is available with the progress of the learning process.

3.2.1. Day-ahead, dynamic, and settled prices for the sample network

The simulated learning using our methodology is continued for a sufficiently large
number of days until stable strategies arise with daily average dynamic prices sufficiently
close to the daily average settled prices (DA and RT integrated LMPs). The parameter
values used in our implementation are: a = .01, v = 0.05, and T = 100%.

Fig. 7 depicts the evolution of the daily averages of day-ahead, dynamic, and settled
prices at nodes 2 and 3 for over 600 days of simulation. The simulation was run for up
to 1200 days, however, changes in prices are negligible after 600 days. As the two load

nodes have different load characteristics and the network is subjected to congestion,
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the price trajectories, as expected, are distinctly different. It ecan be seen from the
figure that the performance of our methodology is not dependent on the choice of the
dynamic prices for day 1. We chose, somewhat arbitrarily, identical starting dynamic
prices ($44/MWh) for both nodes.

As observed, during the initial

52
days of learning with limited avail-
50 Al ~ A
W Nade 2 able data, the prices vary signifi-
S48 7
g / cantly. This variation is caused by
S — Day-ahead pri . oo .
3 . wi;iaprﬂce wide alteration in DR actions. We
Eau - - Settled price
. observed from our data, gathered
a2 Nade 3 during learning, that initial varia-
“a Wwe @op w0 aon w0 Gob tions in DR produced higher demand
Number of days

Fig. 7. Evolution of daily average values of day-ahead, peaks than usually observed in net-

s, sl sl works without dynamic pricing and

DR. This confirms the fear that has been expressed in the literature [14]. However, as
the offline learning of the dynamic prices continues over a sufficiently large number of
days, the SO and the aggregators are able to learn stable and consistent dynamie pricing
and corresponding DR strategies, respectively. This is manifested in the convergence of
the day-ahead, dynamie, and settled prices. For example, afier learning, the standard
error (SE) between the settled and the dynamic prices reaches as low as 0.09%. Our
methodology demonstrates that a real-world power network that implements dynamic
pricing and aggregator guided demand response will not have to suffer through the
long periods of price and demand uncertainties, and it can begin its operation with
model-guided stable strategies. Table 1 shows the actual values of the stabilized hourly

prices for both nodes.
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Table 1 Hourly stabilized price for nodes 2 and 3

Node 2 (Aggregator 1) Node 3 (Apgregator 2]

Hour} DAT OF 13 SP-DAP  SE{GP-DAF) [ DAP OF 5P SF-DAF  SE[SPF-DAF)
E/MWH 5/MWH $/MWh $/MWhH  5/MWh $/MWh §/MWh §/MWh S5/MWh S/MWh
1 5088 L0.BD L0.E3 .OG5G0 0.12058 4297 43.07 42.90 0.07821 030115
2 5077 50.80 5Lo.an -0.13115  0.25232 4290 42,91 4293 -0.03060  0.06384
3 5033 5037 L0AT 13407 (L3TG4B 4250 4257 42.72 -0227651 075941
4 1076 40.82 5011 -0.35533  0.37692 4197 42.01 42.05 -0LOTEET 069201
i 40.52 40.45 4967 015366 03471V 41.78 41.96 42,10 -DL3112E 049502
G 49.37 10,43 19.53 015506 0.2B856 41.66 41.62 4163 0.03500 0.36658
7 40.29 40.21 49.30 000453 015167 A1.60 41.57 41.47 013456 028704
8 40.04 40.02 4905 -0.01082  0.03019 41.38 41.40 41.52 -0.13367 006208
9 A8.G6 A8.GG 4863 002757 0.07403 41.05 41.05 40909 005815 005348
10 48.41 48.39 4BAT 006391 007190 4084 ALES 4088 -0.04580  DU06844
11 47.75 47.78 47.70 -0.033092  0.02081 40.29 40.30 40.35 -0.06450 004862
12 47.09 47.10 47.09 000015 0L0LG4S 39.71 39.72 39.71 000124 0U00496
13 18.36 48.36 48.35 0.00215 0.00098 40.74 A0.74 40.74 0.00064 000237
14 4025 49.25 4925 0.00018 0.00884 4155 41.54 41.55 000023 0.00326
15 40,07 40,08 1807 000411 0.00866 41.3% 41.38 41.38 .00 000260
16 4917 4018 49.18 000250 0.00929 41.47 41.47 4147 0.00014 000111
17 16.21 46.21 4622 001354 0.02240 33.96 33.96 38.04 0.01301 0017TES
18 16.18 46.17 46.17 00922 (.02805 3393 3a.92 38.93 0.00056 D.00252
19 46.18 46.18 46.19 000821 0.0EFTY J8.93 3894 38,93 000046 000374
20 46.12 46.12 46.12 0.00187 0.01223 J8.88 3380 38.88 00002 000351
21 15.00 45.09 4598 (.000a8 0.0ro07 BTG AT 3876 0.00212 01671
2 45.94 45.94 4504 D.00144 0.0707 _.Tz Ja.72 3a.T2 000171 000194
23 45.02 45.02 4592 -0.00ME  0.D0G26 J8.T1 38.7T1 38.T1 0.00210 0.00330
d 45.91 45.91 4501 000050 0.00224 38,70 38,70 34.70 00007 000014

2
Note: DAP - DA price; DP - Dynamic priee; SP - Settled price

3.2.8 Load distribution at the nodes resulting from DR

Influence of dynamiec pricing and corresponding DR actions on the daily demand
patterns and load factors at the two load nodes are depicted in Fig. 8. The plots on
the left exhibit the initial ad-hoc demand patterns that are simulated to mimic the two
peak demand patterns observed in real networks. Dars represent the fixed load. The
red dotted line represents the ad-hoc total demand pattern combining the fixed and
deferrable loads. The stable demand pattern achieved using DR is shown by the blue
dotted line. Clearly, the deferrable portion of the initial demand pattern is redistributed
from high to low demand periods by the DR actions, vielding a lower PAR (peak to
average ratio) value. The plots on the right demonstrate the evolution of the load
factor (ratio of average load to maximum load of a day) over the learning period. It is

eonsidered in the sample network problem that between 10% to 15% of its daily loads
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Fig. 8. Load pattern and corresponding load factors

are deferrable. Despite the small proportion of deferrable loads, due to the Huctuations
in the DR actions in the initial learning stages, the load factors are at very low values
near (0.55. As the learning progresses and the DR actions stabilize, the load factors

improve to near 0.9.

3.8.3. Sensitivity of the proportion of deferrable loads

We studied the impact of the percentage of deferrable loads in the network on the
average daily dynamic price and the load factor. Table 2 shows that even for a small
level of deferrable load (5 - 7 %), a stable dynamic pricing and DR strategy improves
the load factor by about 10% compared to the scenario with no DR. Also, the load
factor and price improves with the increase in the percentage of deferrable loads. This
shows that both power networks as well as the consumers could benefit by being more

flexible, i.e., designating more of their loads as deferrable.
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Table 2 Effect of the level of deferrable load on load factor and average dynamic price

Node 2 (Apgregator 1) Node 3 (Ageregator 2)
% of Deforrable load | Load factor Ave. Dynamic Load factor Avg Dvnamic
participation price 5/ MWh price §/MWh
0 (no DI 07678 2 0.7109 =
5T (1.8588 4847 0306 40,92
10-12 09192 4824 08607 40.75
14-16 0.046 4816 0.87331 40.75

4. Conclusions

This paper presents a new data driven offline methodology that simulates power
networks that operate with dynamic pricing and demand response. An application on
a congested network shows that it is possible to obtain stable strategies for dynamic
pricing and DR that can improve load balance in the network and reduce cost to the
consumers. This helps to dispel the common apprehension that dynamic pricing and DR
could inerease electric power market volatility and reduce network reliability. 1t is also
evident from our results that it is viable for SO to offer binding dynamic prices ahead
of consumption. The methodology learns offline without disrupting aetual network
operations. For any change in the network configuration and other parameters (e.g.,
DA and RT price bids), the simulation ean be rerun and new strategies can be learned.
The sensitivity analysis shows that there is a financial motivation for the consumers
to designate more of their loads as deferrable, as DR yields lower average prices of
electricity.

Examination of the Bayesian demand prediction model (Fig. 5) shows that it is able
to incorporate varving demand from DR actions in the learning process and improve its
prediction to reduce forecasting error. In addition to effective demand forecasting, the
other aspect of our methodology that helps the dynamie prices to reach stable values is
the evolution of the a7 term in the robust DR model (see Fig. 6). A game theoretic

optimization approach to obtain stable dynamic pricing and DR actions for a network
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can be found in [34]. The findings of our data-driven methodology is similar to that in
[34]. which also obtains stable policies while maintaining the revenue nentral status of

S0, balancing network load, and redueing cost to consumers.
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Mumerical results show that for a low o medemte price spike scenanio, dynamic pricing with demand
response from EVs alone can lower the daily average oo nsumer oost of 1.42% compared o the cost of flat
pricing. A cost reduction of 6.5% (s achieved when price spikes are relatively high Computational
challenges of implementing our model for real networks are discussed in the concluding remarks.

@ 2018 Elsevier Ltd All rights reserved.

L Introduction

It was recommended cady in the new millennium that power
networks will benefit significantly from dynamic pridng and de-
mand response [1]. Some of the recent review papers that futher
emphasize this are [2-4). Till date, dynamic pricing policies have
remained limited to variants of tme of use (TOU), critical peak
pricing (CPP), and ex-post real time pricing (RTP). The lack of
availability of a pure form of dynamic pricing, whe re binding prices
are offered to consumers just ahead of power usage, has limited the
incentives for demand response to grow. As a result, historically,
hourly demand for electricity has remained highly uneven and has
continued to cause significant price spikes. It is estmated that
networks maintain 10-15% of the average demand as reserve ca-
pacity todeal with uneven load distribution. Alsa, 10% of the costof
electriaty is spent in 1% of the operating imes due to price spikes
| 5.6]. For exam ple, in the month of May 2018, the price of electricity
in the ERCOT market in the US. spiked from the average level of
$25-560/MWh to $750-$1600{ MWh. During the same period the

* Corresponding suthar
E-rnail address vig e dhesl il s Do (V. Sulrramanian)

hittps: Feboi_org (1010 16/} enerpy 201810171
0360 5442 208 Eeevier Ltd All rights reserved

price in the NYIS0 marketin the LS. experienced price fluctuations
in the range of - $600/MWh to $1000/MW h | 7]. The woes of power
networks may be exacerbated in coming years with the explosion
of EVs and resulting increase in energy demand as well as change in
daily load patterns. It is estimated that the number of EVs will grow
o 7.3 million by 2023 in the U5, [B]. Considering an average battery
capadty of 70 kWh, charging of these batteries even once a day may
consume up to an additional 500,000 MWh. Unless managed well,
this consumption growth could significanty alter the current daily
load profile and further increase price spikes. We recognize, how-
eveer, that the growth of EVs will also bring an unique opportunity
for increased demand response. Large number of EVs will be parked
in smart, conneced, and aggregator managed parking lots. While
parked, these EVs will be charged optimally and thus will likely
shift EV demand to off-peak periods and reduce stress on the
network

In this paper we present a two-lyer optimization model
develop policies for implementing pure dynamic pricing of elec-
tricity and demand response using EVs. The top-layer of our model
addresses the day-ahead (DA) market operations using a two-stage
stochastic model that considers different demand patterns and
unceriain real-ime (RT) prices. The BT market operations, using DA
solutions as an input, are considered in the bottom-layer and are
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formulated as a bilevel model which is solved for each hour of the
day, just before dispatch. The upperlevel of the bilevel model
solves for dynamic prices and the lower-level determines the de-
mand response action (optimal charging L

The important features of our two-layer model are the
following: 1] the top-layer model mnsiders power network cn-
figurations including congestion, 2} the bileve | model uses a robust
optimization framework to accommodate BT price uncertainties, 3)
the upper-level of the bikevel model uses a spedfic constraint to
manage revenue neutrality of the system operator (S0} 4) a
mixture of two probability distributions is used to generate price
spikes, their magnitude and time of occurrence and 5) a granular
parking lot model with a large volume of EVs comprising different
makes, models, battery @padties, and charging needs. As regards
solution of the model, we first reformulate the bilevel model into a
single level mathematical program with equiibrium constraints
[MPEC) mode . We then linearize the MPEC model using the strong
duality principle. The resulting optimization model is a single level
mixed integer lincar programming (MILP), which is solved using a
mnventional approach. In the rest of this sedion, a short review of
literature on dynamic priang and demand response is presented.

A pure form of dynamic pricing, where binding prices are
declared just ahead of consumption in small intervals (say, an hour
or less), is often re ferred toin the liverature as real time pricing, RTP.
However, the nomenclature of dynamic pricing and RTP is used
widely in the kterature toinclude many other forms of time varying
pricing strategies. Such strategies include: block mte tariffs, sea-
sonal tariffs, TOU, superpeak TOU, CPF, variable peak pricing (VPP),
and RTP: see Rel [2] for definitions of these pricing schemes.
Henceforth, in this paper, we will only consider the pure form of
dynamic pricing that offers binding prices ahead of consumption.
Implementation of this dynamic pricing requires avaibbility of
advanced metering infrastructure (AMI). Literature shows that
availability of smart technology increases price elasticity and grid
efficiency |9 11]. Beneficial impacts of dynamic pridng have been
explored through mamy pilot projeds in recent years. The survey
presented in Rel. | 12] examined seventy-four dynamic pricing ex-
periments aross three continents during the last decade. The re-
sultsshow that increase in price peaks offers better benefits of load
balandng from dynamic pricing It is shown in Ref. [13] that dy-
namic pridng can achieve a peak demand reduction of 10-14%,
customer cost reduction of 2-5%, and a sodal welfare increase by
$141-$403 million in a year. A study conducted in California | 14)
found that most consumers will benefit from dy namic pricing, and
also that low income consumers will not be impacted negatively, a
mncern that was expressed earlier. Even with well documented
benefits of dynamic priang, its implementabon in power network
still remains a challenge. This & due to the lack of adoption of AMI,
and, 1o our knowledge, need for models that can yield appropriate
dynamic pricing strategies for networks affected by price volatility.

Though broad availability of AMI for consumers to engage in
demand response remains a capital investment challenge, a sig-
nificant number of papers have been presented to the literature
that address demand response by residential thermostatic loads
and distributed generation. In Ref [15] a two-stage stochasbc
optimizaton model is developed for the aggregators to optimally
wntrol fexible thermostatic loads (e.g., water and space heaters)
and buy back from prosumers’ storage to trade in spot markets o
minimize overall cost. The same authors in Rel. | 16] considered a
multi-stage stochastic modeling appmach for the aggregators to
minimize prosumers’ cost by bidding sequentially in the optdon
market, DA market, and near BT madeet. In the mode | presented in
Ref. | 17], the aggregators first determine the DA quantity consid-
ering EV, thermostatic loads, shiftable load, and renewable gener-
ation, Thereafter, a model predictive control approach is used o
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adjust the Aexible loads o minimize the net cost of buying and
selling energy in the BT market It is daimed that this strategy re-
duces the net cost of aggregators by 14% compared with operation
with no DR A bi-objedtive optim zation model in Ref. | 18] develops
a tradeoff between user comfort and cost of energy consumption in
smart buildings. It is shown in Rel [19] that a 7% energy cost
saving can be attained through DR in residential micogrids
equipped with photovoltaic systems, flexible loads, and electric
wvehiclkes, The savings can be further increased by 6% il battery
storage is available. Arecent paper in Ref. [20] obtains simulan eous
strategies for dynamic prigng by 50 and demand response by load
aggregators using a data driven iterative learning approach.

We believe that the impending growth of EVs will bring new
opportunities for power networks as the aggregator managed EV
parking lots will supplement the existing modes of demand
response. The technical and economical feasibility of incorporating
EV aggregator asa resournce o the network is addressed in Ref. [21].
A conceptual regulatory framework and a business model to inte-
grate EVs in the network and in turn support the power system
operation is proposed in Rel. [ 22]. In Ref. 23], the authors propose
an aggregated EV charging schedule in coordination with the S0, It
is claimed that such charging schedules will enhanas the grid ef-
fidency and security, and thus allow significant EV penetration
without a need for grid capacity expansion. Optimal and risk averse
bidding strategies for EV aggregators under the constraints of
market uncertainty, EV owners' behavior, and aggregators profit
volatility are presented in Refs |24-26). In Rell [27], a stochastic
programming methodology & developed with an objective of
maximizing aggregator profit by charging the EVs on low price
periods under time-varying market prices. They show that if the
uncertainty in the number of vehicles in the parking lots isignored,
the aggregator profit isoverestimated by 23 8% A stochastic model
from the S0's perspective in Ref. |28] incorporates demand
response offered by the EVs. The model shows that SO can mini-
miz* the operation st by optimally scheduling conven tional
generators, and the ageregators can minimize the electricity pay-
ment through DR partidpation. The objective of minimizing the
cost of EV parking lot operation was approached via a cooperative
game model in Ref [29)] and a non-mopermtive game model in
Rel |30] The cooperative game model reduced the cost through
negotiation with the utility and the non-moperative model used a
price-driven EV charging model. A decentralized pricing scheme is
proposed in Ref. [31], where 50 sends the price and quantity in-
formation to the load aggregator, and both parties iteratively
reoptimizar the system dispatch and EV charging. A bilevel model is
propased in Ref, [32] that captures the interactions between the S0
and parking lots, The model determines the scheduled energy for
the parking lots based on the price offered by S0. Results show that
the 50 could achieve a considerable reduction of 8-9% of its total
daily operation cost thmough parking lots' partidpation in the
reserve market. In another bilevel model [33], the interaction be-
tween an EV aggregator and a parking lot owner is examined.

We make two key observations from the literature reviewed
abowve. First, pure dynamic pricing has long been recommended as
an enabler for demand response. Many pilot projects in the US. and
Europe have demonstrated the expected benefits of pure form af
dynamic pricing. However, there is a gap in the literature for
model-based support on how to develop strategies for dynamic
pricing for different network structure and composition. The sec-
ond observation is that though models for various aspects of EVs
have been presented to the literature, to our knowledge, a model
for EV integration under dynamic pricing has not yet been made
openly available, Our paper addresses both of the observations,

The remaining paper is organiaed as follows, Section 2 describes
the modeling approach. The two-layer model is presented in



1268 V. Suhramanian, TK. Dax f Enagy 167 208 ) 1266—-1277

Section 3, In Section 4, the model is implemented on a sample 5-
bus PIM nebwork with adual load data from PIM zones. Perfor-
mance comparison of dynamic pridng and demand response
strategies with other existing and adhoc policies is also given in
Seation 4. Concluding remarks are contained in Section 5.

2. Modeling approach

Our two-layer modeling approach is depicted in Fig. 1. Before
discussing the model elements, we state some of the modeling
consideratons and bmitations. The financial settlement ocours in
two stages: in the DA and the RT markets The SO determines the
dynamic prices by nsidering the possible outcomes of both
markets, Strategic aggregators manage the loads in the network
that indude fixed residential and business loads, and schedulable
EV loads in large parking lots. These parking lots host a variety of
wvehides with different battery types at different times of the day
and for different periods of stay. EVs arrive and depart with
different charge levels, Depending on the hourly price variation, the
aggregators develop their demand res ponse strategies by optimally
deciding charging schedules for the EVs, Wi assume the time in-
terval to be an hour. One limitation of our model is that the
aggregators netther inject power back from the vehicles to the grid
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Fig 1. Madel cmmponents and their inferactions.

[(V2G)nor engage n any other formsof termporal arbitrage for peer-
to-peer trading. Under present electricity pricing policies and some
ol the prevailing battery technologies (eg., lead-aad, NiMH |, V2G
operaton is stll considered not cost effective |34]. However,
evolving battery technologies, like lithium ion, can withstand
charge cycling and support V2G.

The top-layer determines the DA quantities and prices for all
hours of the day using DA generators’ supply bids, historical de-
mand patterns, and the corres ponding RT prices. The model uses a
network constraned least-cost dispatch prindple for market
dearing and is formulated as a two-stage stochastic program. The
first stage determines the energy procured in the DA market, and
the second stage decides the RT quantities. The BT prices are sub-
Jected to price spikes and are conside red exogenous. The solution of
the two-stage program yields scheduled DA hourly quantites and
locational marginal prices (LMPs). These DA quantity-price pairs
are sent to the bottom-layer model as input.

The battom-layer & a bilevel model and is solved at the begin-
ning of every hour. In the upper-level, the SO determines the dy-
namic prices for the hour using the lower-level problem as
constraint, It minimizes the total cost of satisfy ing demands for the
current and the Future hours of the day, while meeting the key
nstraint of 50 being revenue neutral. The BT prices are assumed
o be known for the current hour, while the future hour BT prices
are considered unknown and are modeled as uncertainty setsusing
arobust approach. The lower-level represents multiple aggregators
{one for each load node) and obtains the optimal demand re sponse
actions, This is achieved by mnsidering dynamic prices for the
current hour and the DA prices as the estimates for the future
hours. In what follows, we present a general framework for the
two-layer model before presenting the complete mode| in the next
section.

For the top-layer model, let & denote the supply offer of the
generators and .:I:‘, denote the real-time prices for demand scenario
ur, The decision varables for the energy procured in the DA and RT
markets are denoted by B and Ef,f, respectively The probability
distribution of each demand scenario is denoted by =.. The first
mnstraint repeesents the first stage DA market operation and
nsiders power balance, generator output, and transmission line
limits. The dual variable (DA price ) corres ponding to the first stage
constraint is denoted by 4™ The second constraint ensures the
power balance in the BT market for all realizations w of demand.

o ]
The solution of the top-layer denoted by E™ andT " arezent to the
bottom-layer. For simplicity, the ndex for time intervals of the day
is omitted from the general formulation.

nu'%c"'E‘:" + 5 wallErT

el
Top— layer { ATEDA > b (1) (m
PuE™ + quB > E,, Yuwell
E™M >0 EfT >0 Yl
; DA =DA
T%:}F(x:h.---:_vtlf.l ]
SE
Bottom —layer G[x._ﬁ.---:_ykiii'm.-.im}iﬂ. {2)

¥ =argminf; (”‘f:i-_'f'i }
gl =0, vi=1,k

In the botom-layer model, xe®* and v;ek are the decision
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variables representing hourly dynamic prices (upper-level) and
ecach aggregator's consumpton ([ lower-level ), respectively, where k
denotes the numbe r of aggregators (followers ) in the network The
50 objective function in the upper level, F: R4 <R, is to optimally
procure energy in DA and RT madcets. The abjective fundion of the
i aggregator at the lower level, f;- B2 <R, aims to minimize the
total cost of energy consumption for the given dy namic price x;. The
upper and lower level constraints are denoted as Gi-) and gi-),
respectively.

The uniqueness of the above bilevel model is that it has multiple
followers at the lower-level, and each follower's decision variable

and the assodated strategy space are independent of those of the
other followers. The bilevel model can be reformulated as a single
level MPEC as in Refs, | 35,36] and are used in our solution approach.
The lower-level model is linear and convex, and is reformulated as
Karush-Kuhn-Tucker (KKT) optimality conditions {referred to as
mathematical program with equilibrivm mnstraint, MPEC), Big-M
method and strong duality principle are used o linearze the
maodel and thus oblzin the equivalent single level MILP optimiza-
ton model that can be solved using conventional approaches.

3. The model

In this section we present the details of the top and bottom-

layer optimization models. As stated earlier, the top-lyer is a
twio-stage stochastic model, and the bottom-layer is a bilevel robust
optimizaton model.

3.1. Top-laver model

The top-layer conaerns the DA market, where the SO decides the
optimal DA scheduled quantites. The 50 mnsiders historical sce-
narios of demand patterns and corresponding RT prices at each
node, toge ther with the generator DA bids to determine the optimal
DA schedule quantities. This & accomplished via a two-stage sto-
chastic model where the first stage deddes the DA quantities and
the second stage oblains the RT quantities for all possible scenarios,
The objective function minimizes the total expected cost of energy
purchased in the DA and BT markets for all load nodes (N ©N) and
for all hours T. The term f?"(-] denotes the mst (uncion of
participating generator g <N, in the DA market. The dedsion var-
iable for the generator output in the DA market is denoted by Pg.
The additional quantities purchased in the RT market in demand
scenario o (with probability =) is denoted by P"#_:“. If the DA
quantity ecoeeds demand in soenario w, then the excess amount,
denoted by P;:n'. is assumed to be sold in the RT market, The BT
price at node n and time ¢ under demand scenario e is denoted by
i

Constraint| 3 )ensures the firststage network power balance. Let
NE denote the subset of the generators that are at node n, and B,
denote the set of nodes in the network that are directly connected
o node n. For mEBa, et bom denote the susceptance of the line
between the nodes n and m, and dn denote the voltage angle [in
radians) at node n and time £, The term E2 represents the sched-
uled DA quantity for the load node n and tme ¢ Constraints (4) and
(5} represent transmission line flow limits and generator output
limits, respectively; Foy represents the madmum line low in MW,
and Py [Pz} are lower (upper) limit of generator real power output
in MW. Constraint (6} is used to designate node 1 as a reference bus
{or slack bus ) in the network. Constraint (7 ) ensures all other node
bises are within the voltage angle limits.
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The remaining constraints are for the second stage model. Po-
wer balance for all RT demand realizations is ensured by constraint
(8), where EXT 447 and BT are positive and negative demand
deviations from the DA scheduled quantities. Constraint {9) and
(10 are line low and generator limits for all demand realizations,
Constraint {11} ensures that total energy scheduled in the DA and
RTmarkets matches the realized demand D%, To ensure stable load
scheduling, we have added constraints (12} and (13} such that the
energy scheduled in the DA market is within the bounds of the
realzed demand. Constraints {14) and (15) represent the power
angles for reference node and all other nodes, respectively. The dual
variables of first stage constaints (3)-5) can be decomposed into
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marginal cost of energy at reference bus, marginal cost of power
network losses, and st of congestion, respectively. Using these
dual values, the DA LMPs (denotes as A2} for all nodes and far all
time periods are @lculated These LMPs and their associated
quantities QEE} are used as inputs in the bottom-layer model
Before presenting the bottom-lager model, we discuss how the RT
prices (574} are modeled using the approach in Ref. [37].

For each scenario w, we solve the DODPF model o get the market
clearing prices { MCPs) at all nodes. We then express the BT prices as
Jﬂ‘" = MCPy |1 = e], where e = Mye; + Maes, and e and e are
random wvariables, values of which are drawn from normal and
Cauchy distributions with parameters (g, o) and (pe, o),
respecively. (M, M) is a bivariate random wvariable that takes
values of (0,1} with probability p, and { 1,0} with probability (1 —p, ),
where ps is the probability of occurrence of price s pikes, The normal
random variable £; contributes 1o the usual variability in the RT
prices during off-peak periods, whereas the Cauchy random vari-
able e, chosen with probability ps, generates the price spikes, Note
that, the term < and their related terms are also depend on node n
and time ¢ For notation simpliaty, the indexes are dropped.

32 Botom-layer model

The bottom-layer is formulated as a bilevel model that is solved
at the beginning of every hour, At the upper level, the S0 determine
appropriate dynamic prices at each laad node for each hour, and at
the lower level the aggregators determine optimal mnsumption
levels,

321 Upper-level model

The 50'% goal in the model presented below is two-fold: 1) to
minimize the total cost of satisfying the demand in the current and
all future hours of the day, and 2} to ensure that the dynamic prices
for the current howr are selected such that there is no significant
revenue loss or surplus. Recall that the aggregators pay binding
dynamic prices for the aurrent hour, which may be different from
the DA or RT prices. A robust approach is used to assess future RT
Prices,

min (12262 + 2 (5 120) + Yo (12182

n=h T

+%(ﬂ+ﬂ}(ﬁ,-fg}}+rfzﬁf+iﬂ;.

Ex7
sk
Tarkar — It E08 — T (B — ER) 0. WneN (16)
2Tl > (T - B Yyee, VRN VEST (17)
Y (E,,_Eg} < VYar,  VREN, VE>T (18)

T 20T T vy > 0.

The objective function has two parts, cost of the current hour T
and the cost of all future hours > 7. For all load nodes (N}, the first
part accounts for the current hour st of energy purchased n the
DA and RT markets, where the RT price k: = ig‘:“ —g| is the
known for the current hour and Enr is the actual consumption level

(dedded at the lowe -level model).

For the future hours (> t}, since the RT prices are uncertain, the
st is assessed via a robust model similar to that presented in
Refs. (38,39, Let [ﬁ,g:] denate the RT price confidence hounds,
which are obtained rom simulated sample values drawn from
A,'D'nqll— g Using a robust parameters I‘:,“.. the SO minimizes the
worst-case olal cost The parameter I“ﬁr can take any value within
the interval [0, T — 7|} When it is 0, then the risk of RT price un-
certainty is ignored in all future hours, and hence the RT prices are
taken as the mean values of the confidence bounds, When I"J,f] =

|]"— t, in all future hours most conservative decisions are

caonsidered, the BT prices are taken as: the upper bounds when
additonal quantities are purchased in the RT market, and the lower
bounds when the DA quantities are sold in the RT market The
terms 27 and o8] are the robust model decision variables The
onstraint | 16) determines the dynamic prices =ar for the current
hour 7 such that there is no revenue shortfalljsurplus for the 50,
Constraint { 17) and { 18 ) are from the strong duality theory of robust
optimization model.

322 lower-lewl model

This model is used by each aggregator (one for each load node
=Ny | to optimally plan consumption among the current and the
remaining hours of a day. It uses the binding dynamic prices for the
current hour, deaded at the upper level model For the remaining
hours, the model uses the DA prices as estimates ol dynamic prices.
As noted earlier, only the parking lot portion of the total load &
scheduled by the aggregator. Each parking lot is considered to host
alarge number of EVs, that flow in and out at different hours of the
day, and have different charging needs.

T
MintrEnr + 3 dog Ent
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The first term of the objective function denotes the energy

53



¥ Submmenian, TK. Des § Energy 167 (2019) 1266—1277 1

cnsum ption schedule for the arrrent interval, and the second term
accounts for the remaining hours, The constraint (19) ensures that
the total load consumed is the sum ol power consumed by fixed
residential and business loads (PL) and the parking los (F,),
managed by the aggregator at node n in the ime interval Af where
N',;J is the number of parking lots at node n. Constraint (20} repre-
sents the maximum charging capacity of a parking lot, and
mnstraint (21) ensumes that the ageregate state of charge of a
parking lot at any time ¢ is not higher than the total apacity of the
EVs present in the parking lot: the term ﬁ:’“ is computed as

Taer Tae QT — Tk @uToue where 3 is the
maximum number of EVs in parking lot p and at node n, QL is the
battery capacty of vehicle k, and 77, and ?:& are binary variables
for the time of arrival and the time of departure of the ¥* EV. For
instance, 70, value is 1, if k% EV arrived at time t and 0 otherwise.
Constraint | 22 ) represents the state of charge at any time ¢, which is
equal to the sl.smuF:sratchcharg! in the previous period (t— 1),
power drawn from the grid for the parking lot in the interval Ar,
and total state of charge of the vehicles arrived at tme ¢, minus the
total charge of the vehicles de parted at time & The mefficients 8,
of and B, denote the conversion efficiency, percentage of charge
at the tme of arrival and departure, respectively. Constraint (23}
ensures that the state of charge of the parking lot at any I:Lmt: Lis
at least equal to the sum of the initial state of charge of all parked
EWs in the parking lot The decision variables of the aggregator in
this model are E; P, and 50C%, for all ¢ > 1. The dual variables
associated with the constraints are given within the parentheses.

W next formulate the KKTconditon for the model. See Appendic
Afor the details,

323 Linearization of the upper-level moded

The upper-level model has a nonline ar term mneEnr in ( 16). This
nonlinearity is overcome by applying the strong duality principle
on the lower-level model {see Section 3.2.2) as follows,

nrEnr + E

=741

ET" = [ neine AL — Z{ g +ﬁfiﬁ:u
=

(S e Srei)w
(EZ QT - zsz*f:m)ﬂ,”
h=rk=Ch hatksCl
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(24)

Mote from the above that, for the strong duality components
mrresponding oy (from (22} in Section 3.2.2), we have added an
additional I:t:rrnSDCﬁ o 1,'J-vi" at the end of the equation. This is o
account for the ime £ = 7 when S0C7 will be a constant {which

m{r-1}
otherwise is a variable for allt >7). Also, at 7 = 11,5005 4, is zero.

324 The single lewl linear model

The following formulation represents the transformed bi-level
model into a single-level linearized MPEC model, where
constraint [16) is linearized using (24).
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Constraints (17) - (23) and (A1)
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4. Numerical results

We constructed a modified PJM 5-bus network inwhich the two
load nodes are managed by aggregators. The loads consist of resi-
dential and business loads as well as large EV parking lots. The
residential and business loads are assumed fixed, and only the
par king lot loads are managed for demand response. We first give
the network parameters, and then discuss implementation of our
model on the network Thereafter, we present a comparison of the
total cost of meeting demands for policies derived from our model
with other existing practices. The numerical experiments are car-
ried out using Julia with Gurobi 701 solver on an Intel core i7
processor with 16 GB RAM.

4.1 Modified FIM 5-bus network

The network comprises three generating nodes with three
generators in each, two load nodes, and six transmission lines
(Fig. 2). Generator cost functions are quadratic and are obtained
from Ref. [37]. The maximum limit of each generator is conside ned
to be 800 MW. Demand at the two load nodes are constructed using
100 days of actual historical hourly demand data from two of the
PIM zones DAY and AE for the year 2017 [40] For computational
simpliaty, we first reduce the 100 demand patterns of each node
into a small set of (five) representative dominant patterns with
rresponding probabilides using the technique in Ref, [41]. The
demand patterns are depicted in Fig. 3, We then @lculate the
average hourly demand of these five patterns, and considersd 90
(85 B of the average hourly loads as the fixed loads for node 2 (node
3) and the rest as the EV load. Each of these patterns is conside ned
as a dermnand scenario (w) in the top-lager model. In the absence of
hismwrical data, demand at nodes can be forecasted based on socio-
economic factors using methods discussed in Rel [42)]. The line
connecting nodes 1 and 5 is considered to have a limited trans-
mission capacity of 300 MW, The line reactances are as maked on



1272

Fig. 2.

Ageregators at nodes2 and 3 are each considered to manage 100
identical EV parking lots with the following characteristics. Each
has a capadaty of 1000 cars, of which 300 can be charged simulta-
neously. Each parking space has a charging rate of 115 kW (240,
48 A)with conversion efficiency () of 95% Compaosition af the Evs
is considered to be 60% Tesla Model S, 20% Nissan Leaf, and 10%
Chevy Valt with battery capacides of 70 kWh, 40kWh, and 18.4
kWh, respectively. The EVs are considered to arrive at the parking
lots all hours of the day, with higher rates in the morning hours, EVs
arie considered to stay parked for at least 5 h, and depart at higher
rates in the evening hours, The departure imes of the vehicle in the
lat are assumed known. Fig 4 depics simulated arrival and de-
parture patterns of EVs innode 2. Similar patterns are generated for
node 3. EVs are assumed to arrive at the parking lots with 20-40%
charge, and leave with full charge, Charging of EVs require reactive
power, which @n cause an under voltage problem in the network,
Henae, we have supplemen ted our BCOPF model with a constraint
on the maximum number of vehicles that can be charged simul-
taneously (as stated before) to keep the reactive power nsump-
tion within a desirable level.

Befor e presenting the numerial results, we provide a brief step-
by-step methodology For impleme ntation of our two-layer model.
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Fig. 2 Modified 5 bus PJM netwark.

5 10 15 20
Hour of the day

Historical demand data {grey)

V. Subrmmanian, TE. Das f Ensgy 167 (2089 1266—1277

50

- I
" "
m
o ..HHI HHI.II.HH. =
5 e 13

Hour af the day

Yebscle Types
®hevyVall
= Missnan
LR

B

]

Arrival
Mo.of vehicles amd types

=

Departure

Meoof vehicles and types

Howr of the day
Fig d. Arrival and departure Smesof BWs of 2 parking lot 2t node 2_

= Step 0: The historical hourly demand data of cach node s
reduced to a set of dominant patterns (soenarias ), product of which
generates the otal number of passible soenarios (2 For each sce-
narios {well), we derive RT prices at each node and for all time
periods. These demand patterns and corresponding BT prices serve
as inputs for the top-layer model.

»5Step 1: Using DA generators’ supply bids, demand patterns and
rresponding RT prices, the S0 clears the DA market by solving the
two-stapge stochastic program that incorporates all network con-
straints, The solution of top-layer yields scheduled DA hourly
quantities and corresponding DA prices, which are sent as input o
the bottom layer.

»5tep 2: The upper level of the bilevel model is solved by the S0
to determine dy namic prices, The lower level model solves, for each
aggregator, IS energy consumption strategy. The bilevel model
reformulated as a single level MPEC model, which is further
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Fig 3. Howly demand sceenamios for load at nodes 2 and 3
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lincarized using strong duality principle. This converts the bilevel
maodel into a single level MILP model,

4.2 Results from the top-layer model: DA market

The DA hourly quantities and prices for each load node are ob-
taincd from the two-stage stochastic program. For cach demand
scenario (o) we derive RT prices, as discussed in Section 3.1, For
which, the values for the parameters of the normal and Cauchy
distributions are used as (0,0.1) and (0.25,0.05), respectively. The
price spike probabilities (p.) for different hours of the day at both
load nodesare: ps = 0for hours 1-4 and 22-24; p: = 0.1 for howrs
512 and 19-21; p. =025 for hours 13-18 MNote that, p: = kforan
hour ndicates that the BT price in that hour experiences spikes
with a probability k.

Fig. 5 shows the DA quantities (in blue) in nodes 2 and 3
resulting from the top-laver two-stage stochastic model. The area
shaded in grey represents the fixed residential and business loads,
and the curves in red represent the demand scenarios. It may be
observed that during the hours of no price spikes {eg., hours 1-4
and 22-24), the DA scheduled quantities are dose to the lowest
demand scenario. This indicates that without the risk of price
spikes, it is optimal to schedule less in DA market and procure amy
additional quantities during the adual hour in the BT market On
the other hand, when risk of price spike is higher the solution
recommends higher DA guantities dose to the highest demand
scenario (e.g, hours 13-18). The numbers marked on the DA
quantity curves in Fig. 5 are the hourly LMPs in $ /MW h, which are
sent as input o the bottom-layer model.

In this paragraph, wsing Fig. 6, we demonstrate how the RT price
spikes can be adjusted in our model o represent vadous real sce-
narias. As shown in the box plots on wop, for each value of p, from
01 o 0.9, we generated 30 samples of the RT prices considering a
low value of the Cauchy distribution p; =025 and MCP of $100/
MWh. The box plots show the ratios of the BT price to MCP. Nate
that, for a low value of p, = 0.1, the median of the ratio is close o
one. The median rises to 1.3 for p: = 0.9, The dots in the fgure
indicate the presence of s poradic larger spikes. This is simiar o the
average daily spikes encountered in ERCOT, NYSO, and CAISO
markets. However, for higher values of the Cauchy distribution
parameter gy, as shown in the bottom set of bax plos, the price
spike value increases, reaching to as high as six times higher than
the MCP when g, =5.00 Hence, by suitably selecting the parame-
lers ps and gy, our model can mimic price spike scenarios with
different frequency of occurrence and magnitude,
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43. Resules from bortom-layer model: dynamic prices and EV
charging schedules

Table 1 exhibits the bilevel model output for all 24 h for aggre-
gator at node 2. These results are obtained using robust parameter

(¥ value as 30%, and confidence bounds for future RT prices [ 3

Iﬁ:J as 10% and 90% We make several key ohservations from

Table 1 using the rows in bold fonts,

It an be seen for howr 1 that the DA procured quantity is
1664.15MW at a DA price of $933/MWh, while the actual total
consumption is 1498.21 MW and the RT price of $113.53|MWh. As

i Node 3
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Az 5. DA scheduled quantities and comresponding prices at nodes 2 and 5.
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Talde 1
Load aggregator at node 2.
Time DA Cuamtty DA Price Drynamic price Tevtal Dremm znd BV mmsarmption PR Demamed RT Price b il i" Pa
(hIA ) (E/WAH) (5 MWh) (M) MW (M) (5/MWh) (S/MWh)  (5IMWh]

1 166415 413 LA 149821 48901 113.53 10838 8294 a

2 155511 /756 2693 146616 143626 9727 10605 2016 o

i 145051 2227 823 1472848 140158 7992 104 08 Ta66 a

4 126 9199 928 156155 16905 13945 264 10822 TRES o

5 155734 2454 8858 172522 0T05 141418 8454 110.28 Fa67 i
6 164101 Q465 9424 185567 1510467 9112 116.54 2134 01
7 183176 10455 10433 1994959 65439 BATE 130.54 BT62 ol
a 18627 LI TiMREG 175075 175075 118.78 13544 4074 (8]
9 198529 11336 11336 9562 12141 177341 11336 131.04 9409 0.1
10 182539 10729 10729 215485 1804985 10724 1372 952 a1
11 1843 10509 10572 17477 182877 11104 130.23 9596 (18]
12 2086 11255 11255 25956 21698 184258 11252 130017 606 a1
13 2106464 11386 113162 219286 184786 10775 140.77 a7 035
14 2177 116.65 11507 185525 185525 1574 137.67 9652 035
15 2041485 11208 107.64 18452 18452 15372 135,43 954 035
16 215747 116.38 11242 183031 183031 13854 14062 9479 025
17 2298 1291 12918 18427 18427 12332 14288 9736 05
18 230244 14059 13737 188711 1aa71 15522 15404 e 0325
18 214626 1214 12863 24z 33133 WinTa 13964 14303 1@ ol
20 207499 13 13031 6182 191682 128 144,85 10654 01
21 200533 11958 11744 219436 na7 187466 9479 13848 108 01
22 206311 11819 11783 1891.32 17184 181984 12713 12983 9482 a
23 1n792 108.49 10343 181201 9085 172116 106.47 123.09 9163 L1}
24 174614 1006 G874 162147 162147 12481 11535 47592 a

the RT price spike probability at this time is zero, the DA market
schedules a quantity close to the lowest demand scenario. How-
ever, even without the spike, the basic variations in the RT price
{modeled by normal distribution) has yielded a relatively high RT
price of $113.53, As a result, the model chose to consume less than
DA quantity and sell remaining in the BT market at a higher BT
price. To balance this excess revenue, the revenue neutral 50 offers
adynamic price ($91.05) that is lower than DA price ($93.3 ). Similar
observations can be made for hour 8. Even with the presence of a
significant number of EVs in the parking lots, optimal dedsion is
not to charge any vehicles and keep the total demand low. At hour
4, the DA quantity is 1642.6 MW at a DA price of $9199/Mwh and
RT price is $86.4/MWh. Though the RT price is lower, at hour 4, as
the EV charging demand is low, the total demand is lower than the
DA quantity. The excess DA amount is traded in the market at the RT
price that is lower than DA price. To recover this loss, the revenue
neutral 50 selects a dynamic price that is higher than DA price. At
hour 7, the DA quantity is 183176 MW ata DA price of $104.85/MW.
The BT price $386.78/MWh is much lower than the DA price (as in
hour 4}, However, in contrast to hour 4, hour 7 has sufficient de-
mand in the network to consume all of DA scheduled quantity and
more. Henoe, the SO offers a dynamic price ($103.33) that is lower
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1
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Fg. 7. Visualization of some results fom Tahle L

than the DA price 1o promate consumption above the DA quantity.
A final observation that we make is about time periods B and 19. At
hour B, the RT price & $118.78/MWh and the EV consumption i
zera, whereas at hour 19, with RT price as $139.64 /MW h and the BV
consumption is very high (33133 MW). This difference can be
attributed to the vehide charging needs close to departune times as
well as the deasions the model made in previous hours 14-18 not
to charge any EVs due to high RT prices.

For ease of further exposition of the numbers in Table 1, we
develop combined plot of five of the columns from Table 1: DA
price, RT price, lower and upper price bounds, and the total BV
onsumption (see Fig. 71 It depicts the trajectories of the DA and RT
prices as well as the total hourly EV consumpton. It may be noted
that EV charging is avoided, when possible, during times of price
spikes,

Resuls similar o those for node 2 are also observed for load at
node 3. The daily average dynamic price for aggregators at nodes 2
and 3 are $109.45/MWh and $102.90/MW h, respectively. This dif-
ference can in part be attributed to the congestion in the network.,
Hereafer, we examine separately the impact of demand response
and pridng practices on the daily cost to the consumers.

44 Impact of demand response and pricing practice

Here, we first examine the impact of demand response via
optimal charging of EVs on the network. This is done by comparing
the total cost to consumers under optimal charging with the cost of
an adhoc EV charging strategy with no demand response. Thase
costs are assessed under the same dynamic pridng policy of our
model. The comparison is replicated four times. For the optimal
charging strategy, the solution is obtained for three different values
af the robust parameter I (0, 0.3, and 0L5). The comparison re-
sults for load node 2 are presented in Table 2. In all four replicates,
the total cost of meeting the demands under optimal EV charging
strategy is lower than the adhoc strategy. Based on the average
values shown in the last row, the overall average dynamic price
with demand response is $14/MWh lower than that of dynamic
price with no demand response (adhoc policy). Also, the total
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Table2

Optimal palicy vs sdhoc palicy Tar load st node 2.
Orptimal policy Adhoc palicy
i —o ry —al ¥ —as
Trtal emst Avg DP (SMWh) Tatal mst Avg DP (S/MWh) Total cost Avg OPF (5760 Taotal cemt Avg DP (5/MWH)
34,996,992 1104 34994972 1104 55,007 26 11a3i 55047213 JAREL
84961292 10430 3496847 1045 7% 10483 150282 11085
$4.966.935 10942 $4.543053 10489 $1841478 10836 35063857 11155
85156280 11155 55159984 113167 55167509 11134 $5217.924 11435
S5A20072 bt} S50 620 1S 55026011 1nazrz S5.087.904 1nzm

mnsumer cost saving from demand response is $70,000 per day.
Similar results are observed for load node 3, which yield a reducton
in the daily avemge dynamic price of $1L8{MWh and the daily mst
saving of $45 000. Hence, the il consumer cost saving obtain via
demand response for nodes 2 and 3 (with EV parking lots repre-
senting 10% and 15% of the ol loads) for the sample 5-bus
network is 115,000 per day and $42 million per year.

We now compare the benefits of our dynamic pricing strategy
with those obtained from the commonly used pricing practces: flat
priang, TOU pricing, and CPP. We present the comparison for load
node 3 (See Tzble 3) For the flat pricing policy, we consider the
average of the 24 hourly DA prices at node 3 (from the top-layer
model) as the fixed price throughout the day, which s obtained
as $102.58/MwWh. For TOU pricing, we assume that flat price of
$10258/MWh prevails for all hours except the peak hours 1318
when the price is 1% higher ($103.61). For CPP, we consider the
sarme flat price except for the hours when the RT price exceeds the
flat price by 20%, at those times the price increases by 1%

Table 3 exhibits the results for daily average price (5/MWh ), mst
o the consumers, and revenwe of SO for all the above pricing
practices. Also given within parenthesis (in bold) are the effective
st to the consumers for cach pricing practice. The effective costs
are used for fair comparison and are obtained by passing the S0's
revenue shortfallsurplus o the onsumers @st. The dynamic
pridng policy, implemented with I'ﬁ" as 30%, results in a daily
average price of $101.85/MWh (less than the Mat price) with a total
mnsumer cost of $2,529117 and S0 revenue of $21 (approximately
revenue neutral). For flat pricing policy, the total daily effective mst
o consumers is $36,584 higher than the dynamic pridng policy.
The S0 experiences a revenwe loss of $18,388 in TOU. We examined
twio other adhoc [lat pricing soe narias with prices 1% higher (row 2}
and 1% lower (row 3} than the fixed price of $102.58 /MWh. In the
cse of 1% higher price, which is motivated by the desive o avoid 50
revenue loss, the effective cost to mnsumer remains the same
while the 50 revenue swings to a surplus of $7190. When flat price
is reduced by 1%, the SO revenue loss soars to $43,716. For TOU
priang policy, the effective cost to consumers is higher by $10,897
than the dynamic policy. As in the case of Hat pricng, we examine
two other TOU scenarios with flat prices 1% higher and lower. For

CPP, the effective cost to consumer is $2418 higher than the dy-
namic pricing. As in flat and TOU palicies, outcomes for the two
other CPP scenarios are not as desirable as the revenue neutral
dynamic pricng policy. The effective cost o consumers dece ases
in the pricing sequence: flat, TOU, CPP and dynamic. Similar ob-
servations are also obtained for load node 2.

5. Concluding remarks

We have developed a robust game-theoretic model that
simultaneously yields hourly binding dynamic prices af eledricity
[ for S0} and the corresponding demand response actions using EVs
(for load aggregators) The model aims o minimize the cost to
consumers in a network subjeced o price spikes, and keep the S0
revenue neutral. Our model is formulated as a two-layer optimi-
zation model whene the top-layer is a two-stage stochastic mode|
and the bottom-layer is a bilevel model We have demonstrated the
implementation of the model on a modified 5-bus PIM network in
which 10-15% of the wotal load is consumed by EVs that participate
in DR; the rmastatic loads are not considered as part of DR. A low to
moderate price spike scenario where the median price is 125-15
times higher than the base price is examined. It is shown that by
using dynamic pricing and demand response, the daily average
consumer cast is 1.5% lower than the cost when dynamic prigng is
offered but no demand response adions are taken, The cnsumer
cost resulting from the use of our dynamic pricing and demand
response policy is also compared with the cost from the flat pricng
policy, for which we achieve a reduction of L42% We also imple-
mented our model on a high price spikes scenario with a median
price spike 3.5 tmes higher than the base price. For this, we achieve
a daily average consumer cost redudion of 6.5% from fat pricing. It
is evident that our model is able 10 accommodate price spikes and
yield appropriate policy for dynamic pricing and demand res ponse
to support S0s and load aggregators. The abowve mentioned benefi s
of our model are quite as expected, as researchers and praditioners
have long predicted that a true form of dynamic pricing and
network wide demand response will bring such benefits, A recent
paper daimed the expected cost benefits to be between 2 and 4%
(6]

Tahle 3
Comparison of dynamic pricing with traditional pricing for losd at mode 3.
Dynaimic pricing Flat Pricing TOU pricing PP
Avg Total cost (5] 50 Revene Avg Total cost (§) 50 Revenue Avg Total cost (5] 50 Revenue Avg Tatal cost (5) S0 Revemue
SiMWh i5) SN (£ 1] SiMWh (£1] EM'Wh (£ 1]
1M 85 2529117 il 10258 254720 18,388 10254, 25526881 12688 10258, 255101 19,508
(2,529 086G) {2.565.680) 10361 (2539 943) 10361 (2.531.514)
10361 2572889 Had 1061, 2578.258 IR 265 10361, 257659 46,818
10464 10 64
0156 2521968 41716 10156, 2527.247 12746 10156, 226653 3899
10257 102 57
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W note that, application of our model in real networks with
many buses will introduce a number of com putational challenges,
For example, in the top-layer model the total number of demand
scenarios (12) will incease exponentially with the number of load
buses. The constraint matrixof the network, in the wop-layer model,
will also grow large and sparse. Use of efficient scenario reduction
techniques (as in Rel. [41]) and inherent capabiity of Gurobi opt-
mizer o deal with sparse matrices cn be used to alleviate some of
the above challenges, As far as the bottom layer model is concerned,
the number of EV aggregator models that we need o solve in the
lower level will increase linearly with the number of load buses,
Since these models ane considered tobe inde pendent of each other,
a distributed computational approach @n address this Imple-
men tation of our model for a large network therefore is a topic of
future researdh

Appendix A. KKT formulation for the lower-level
(aggregator's) model

Inorder to convert the bilevel model of the bottom-layer into a
single level mixed integer programming model, we write the KKT
conditions for each load node in the lower-level. The KKT condi-
tions comprise the set of stationarity conditions (A 1}-{A5) with
respect to dual variables of the aggregator's problem, comple-
mentary slackness conditions (AG}{AI0), and collection of
constraints { 19)-4{23 ). The KKTcanditions far a load node neeN; are
given as follows,

Par = Tnr, (Enr) (A1)
Pz <o (Ba)  VWEST (A2)
—pht+ gf —EE —nfyRAt<0, (P,) Vtzr.vpeM
(A3)
P — R+ 05 ¥, +1R =00 (SOCE) (A4)
Vi=1,T—1 ¥p=N'
o -+l +v, <0, (S0c,)  vi=T,vpeM' (A5)
0=<ph IPE >0, Wi ¥peNE (AB)
0@ L(F-F) =0, vizrvpeM (A7)
o< 180ch >0, vizT, ¥peNy (AB)
ﬂgiftJ_[:m,—SﬂCﬁ,) >0,vr>1,vpeh (A9)
0=y LIS0C, - ZE ZZ AN
]:I-S!E h*’ll‘.e
=0, Hrgr:HpENﬁ'
{A10)
Pt R Ty 05 P The = 0,95, — free variable.

MNote that, the statonarity condition for the primal variable (E )
is split into two parts, for the current hour (A1) and for all future

hours £=7 (A2) Similarly, for the primal variable 505, we have
two inequalities, one for all ¢ <7 (A4) and the other for T(AS), as
there is no state update from T to T+ 1. The complementary
slackness conditons (AG)AN0) are of the general form
0= ulhix) > 0, which are lincarized by substituting with the
following: u > O, h(x) > 0, u < Mz and h(x) < M(1 - z), where (big)
M is a large constant and z is a 01 binary decision variable,
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Abstract—A new mixed integer programming model is pre-
sented for developing islanding strategies for power grids when
disrupticns from extreme events are anticipated. 1t 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 severily of the anticipated extreme event The
model selecis an appropriate nomber of islands and their sizms
depending on the severity, Islanding results for IEEE 30-bus test
system is presented.

Inder Terms—Islanding. extreme event load shedding. re-
silience, praph-partitioning. mixed inleper programming

L INTRODUCTION

Extreme weather events such as hurricanes and storms
routinely put millions of energy consumers in the dark by
distupling transmission and distribution lines in the power
grid infrastructure. It was peported in [1] that 80% of major
power outages thal happened in the U.S. between 2003 -
2012 were caused by weather events, and on average about
15 million consumers were affected each year. These extreme
weather events are known to be low frequency high impact
phenomenon that pose severe threat to the prid Also, it is
believed [2] that the evolving change in climate will likely
cause mome severe weather events with higher frequency
causing greater disruptions in future. Since our dependence
on the power grid has grown dramatically and is going to
increase even further (e.g.. electric vehicles), it is paramount
that we develop better means of avoiding system wide failures
and make the power grid more resilient. Utility regulators have
introduced the notion of grid resiliency as robustness and re-
covery characeeristics of wility infrastructure and operations,
which avoid or minimize interruptions of service during an
extraordinary and hazardous event [3].

The power grids in recent years have begun a mevolu-
lionary change with the rise of smant grids supporied by
new communication and [oT technologies. This transformation
has facilitated in better grid operations and control during
moderaled disruptions. However, responding 1o extreme evenls
to improve resilience is still a challenge. To address this,
we must improve the system fexibility [4] and connectivity
[5]. Flexibility addresses the system adaptation for changing
conditions brought on by extreme ewents, and connectivity
provides a wide spread siluation awareness about the gnd
The combination of both can help system operators to make
decisions when a grid is under threat. Measures to harden the

978-1-3386-7703-2/18/$31.00 ©2018 IEEE

power grid againsi extreme weather events for resilience [6]
are classified as short term and long term. Shorl lerm measures
refer to preventive and corrective actions before, during, and
after an event. Long term measures address preparedness for
future events. Our focus in this paper is on a particular shont
term measure, viz.. grid islanding before an event (e.g., severe
SLOMmS ).

During severe storms, power grids undergo unplanned is-
landing by dynamically responding to the line outages in order
to prevent cascading failures. Islanding refers to meconfigu-
ration of an interconnected grid into multiple isolated sub-
networks. Unplanned islanding may not be timely 1o prevent
cascading and may also lead to problems like voltage and
frequency instabilities. Hence, planned islanding considering
optimal utilization of generating and other resources is es-
sential for resilience. Islanding approaches must also consider
minimizing the effects of total load shedding in the overall
orid.

The contribution of this paper includes a mixed imeger
programming (MIP) formulation of the intentional islanding
approach. The model aims to minimize the total cost of is-
landing comprising the cost of planned load reduction and the
cost of unplanned load loss and network recovery as a function
of the severity of the event. The MIP model subsumes the DC
power flow model to account for generation and transmission
relaled constraints. 1t also assures full connectivity among the
buses within the islands.

We adopted a graph-theomtical approach in which the
interconnected power network is represented by a graph with
vertices as buses and edges as transmission lines. Hence, the
islanding process is a graph partitioning problem integrated
with the DC power flow model. Remainder of this paper is
organized as follows. Section 2 discusses the existing lileratune
on islanding. Section 3 outlines the major assumptions made
for the model. The MIP formulation is presented in Section 4.
The numerical results obtained by applying the MIP model
for IEEE-30 bus test system are presenled in Section 5.
Section & presents the concluding remarks including the model
limitations.

II. RELATED WORK

Early research on controlled islanding is based on group-
ing coherent generators in the system to deal with large
disturbances [7], [8]. This islanding method is implemented
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& @ comective measure in response to disruption event(s).
The method presented in [9] uses a combination of graph
partitioning and grouping of coherent generators to collapse
a set of nodes into a single dummy node. In [10], an ordered
binary tree based splitting algorithm is proposed for large
scale power networks. The models presented in [11]-[13] offer
mixed integer programming formulations that, for a specified
number of islands, determine the optimal grouping of buses
to minimize the load shedding. These models do not consider
the severity of the expected disruptions. In recent years. meta
heuristics methods [14] and spectral clusiering oplimization
[15] were suggested for islanding.

ITI. ASSUMPTIONS

We made two major assumptions in our formulation. We
considered that sufficient reactive power support is available
to maintain voltage. This assumption is necessary, since the
DC power flow model ensures active power balance only.
Imbalance of reactive power results voltage instabilities, which
could cause black-outs. We also assume that the generators that
belong to an island are coherent. Hence, no specific constraint
is incorporated in the model for generator coherency.

I'V. MILP-BASED OPTIMAL ISLANDING MODEL

A Novarion
Indices
i Index of bus/node
k Index of Island
Seis
v Sat of buses
L eE Transmission line between buses f and 7 in set £
{1, 7),(#,1) e D Directed links between buses 1 and j, if (4, 7) € E
(=5 Sat of penerators at bus 1

Ay Set of loads at bus §
Ty Set of transmission lines incident on bus i
Variahles

s

il

Line fow in MW between buses 1 and 7
Power {in MW) generated by the ™" conventional unit

in bus 1
A Load angle of a bus 1 in rad
T Load curtailment (in MW for the 1™ load at bus ¢
= Maximum size of Island in the network
Tyn Binary variable to denote if bus ¢ belongs to the k'™ island
7] Binary variable i denote whether buses 1 and j belong io

same island and ame connected by a line

wo Flow out of dummy node O to ensure network connectivity
T ‘Variable nsed to ensure network connectivity
By ‘Variables used in linearxing the non-linear terms
in the copstraints
Consianis

Parameter designating severily of dismaption

Demand (in MW) at * load al bus 1

Susceptance of a line connecting buses ¢ and 7

Upper bound for the number of possible islands considered
by the modal

Maximam power flow in line (1, 7)

Maximum and minimum generation capacity in MW

A3 Aeee

7

B, 8 Maximum and minimum load anglke in rad
oo Unit cost of load curtailment
M Arbiirary larpe number used by the big M method

B Controlled Islanding Mode!

The objective function (1) minimizes the total cost and it
has two parts. The first part accounts for the cost of planned
Ioad loss due to islanding. The second part assesses the total
cost of unplanned load loss during the storm together with the
cost network recovery. The latier cost depends on the severity
of an event and is represented in the model by the parameter
¥ (as a function of the number of buses in the largest island in
the network). Note in the objeclive function that the maximum
number of buses in the islands is kept small to limit the impact,
the load shedding cost increases, and vice versa

min Z E ey + oS (1

EV IEA,
5L

Z Ff - E Bap[ds — dylyey — Z [dy — ry] =0,

IE Gy JET: IEAx

YieV [2)
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VeV IET z1<t (3)
Wi Vel (4)

K K
Q(l—ZE“)gﬁ‘g'ﬁ.(l—Zar), YieV (5
k=1 k=1
Islanding Consiraints
K
Z:m=1r VEEV (&)
k=1
K
¥y = Z Pin Ty YieneE (M
k=1
K
2% Tty > 0 k=1,-- K (8
eV EY k=1
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rur € {0, 1PV P14 o e fo, 1 IV IXE

The constraint (2) is a modified DC power balance con-
straint. where the binary variable y;; is used to check if
the buses 7 and j belong to the same island as well as if
they are directly connected. The value of this variable is
guided by constraint (7). The inequality constraimis (3)-(5)
account for the bounds on the transmission line flows, power
generation, and load angle limits on each bus, respectively.
The significance of the term & in constraint (3) is discussed
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later. The constraint (6) ensures that a bus belongs o any one
island only, and constraint {8) determines the maximum size
of the islands (measured by the # of buses).

The network constraints (9) through (14) ensure that all the
buses within each island are connected. These equations are
adopted from the single commodity flow model reporied in
[16]. Per this approach, we invoke a dummy node © that acts
as the source node and all other nodes of all islands are sink
nodes. Each sink node is assumed to draw one unit of flow. The
constraint {9) determines the outflow from the dummy node to
one node in each island. These outflow are equal to the total
number of nodes in respective islands. Constraint (10) helps
in choosing the node to which the dummy node is connected.
Constraints {10} and {3) together help to decide the reference
bus {with load angle zero) for each island and also the other
load angles at other buses within the limits. Constraint (12)
helps to ensure that each bus consumes one unit of fow.

C. Constraint Linearization

The power balance comstraint (2) has a nonlinear term
by;18; — d;]ys;. 1t Is linearized as follows (as in [177]).

Zﬂf—Zﬂ}-E[dﬂ—"ﬂ]=a: VieV
EG, fET, A,
— M1 —yyy) < Fyg — by — 5] < M1 —wyy), V(L1 EE
—F!_]’!I'!_]’E F!_]’EFUU(}: WL e R
Islanding constraints (7) is linearized as follows.
K
Yij = Z"."fk_j‘ Vi) eE
k=1
Yk > e+ Tie—1, VieV.k=1,.-- K¥ieV
ik = Tik. VieV.k=1,--- K\Xj €V
Tikj = Tjk. YieV.k=1,--- K¥jeV

MNetwork connectivity constraint (9) is linearized as follows.

LL‘:J: Zﬁj”‘j' YieVk=1---_ K

ot
Bimi Z o toy—1, WieVk=1--- K jeV
ﬂj‘kj-srj‘k: Vj’El’,k:l_---,H,jEV
Byaj < of, Vi'eVik=1, KjeV

V. NUMERICAL RESULTS

We implemented our severity (of extreme events) guided
islanding model on the TEEE-30 bus network. We considered
generators at buses 1, 2, 5. 8, 11, and 13 with maximum
capacities of 100, 60, 80, 20, 10, and 15 MW, respectively. We
maintained the load levels at all buses unaltered and considered
only the reaclance for the transmission lines. We substituted
the transformers with transmission lines with same meactance.
We considered a load reduction cost of $10 per MW for all
loads. Various levels of anticipated severity of the extreme
events were examined using o values between 0 and 100,
where 0 indicates no occurrence of extreme events and is used
for benchmarking only. For each severity scenario, the model
is solved for a number of reasonable upper bounds for the
number of islands to consider. It can be seen from the results
shown in Table I that the model decides the optimal number
of islands for given upper bound and the level of severity. The
results show thal for amy given upper bound (say, 4). as the
severily increases, the mode] recommends increasing numbers
of islands as follows. In the absence ofextreme events (a — 0),
no islanding is recommended, as expected, and all 30 buses
ame interconnected. For o = 30, the model recommends two
islands with 12 and 18 buses. For the severity levels of 50
and 70, the model recommends identical islanding options
with three islands comprising 5. 12, and 13 buses. For the
highest level of severity (100). the model selects the maximum
possible number of islands as the best solution. 1t is interesting
to nole how the model responds as the upper bound increases
for any given level of severity. For example, for & — 100, the
maodel chooses 2, 3, 4, 4 islands for respective upper bounds of
2,3, 4, 5. Between the bounds of 4 and 5, the model solution
does not change. Another observation that can be made that for
upper bound of 3 and & = 70 and 100, the model selects the
maximum number of islands in both cases. But, for the higher
level of severity (100), it chooses a different configuration of
the islands where the maximum island size is reduced {(from
13 to 11} while allowing a higher load reduction (41 o 58
MW).

Table IT presents further details of the optimal islanding
solutions with actual bus numbers for all twenty test scenarios.
Results of some of the scenarios (upper bound 4 and severity
levels 30, 50, and 100) are depicled in the Figures 1, 2, and
3

We also applied our islanding model on the Greal Britain
(GB) transmission network mepresented by a reduced 29-bus
model [18]. The 29-bus network consists of 99 transmission
lines comprising both single and double circuil lines and

TABLE [: Optimal islanding and cormesponding load reduction for IEEE 30-bus network under increasing extreme event severity

Exireme evenl severnty parameier o
3 0

0 70 100
z Joim  TITE ) 1515 737) 1515 03N 51537
Upper bound for 3 3000 1218424y 51203 {41} 50213 {41y 1D9.11 (58)
the no of islands 4 IDm 121824 51313410 51213 4D 3990 (&)
5 3000 12184{24) 51213 (41) 9912 {49} 3909 (&7)

Mobe: 12,18 (24) indicales two islands with 12 and 15 buses and a load reduction of 24 MW,
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TABLE II: Recommended Islanding of IEEE 30-Bus Network for Various Upper Bound and Severity Combinations

Exireme event sverify parameter o
50

0 30 0 100
12:13.4,12-19.23- 12:13.4,12-19.23-26 I:1,3,4,12-1025.26 12:1.3,4,12-10. 2326
272930
3 [:1-30  [1:25-11.20-2228 11:25-27.20.30 11:15-27.29,30 H:9-11,17.20-22 24-26
Upper bound 12:13,4.12-19.23- 1213412192324 12:1.34.12-19.2324 2:1.3,4,12-16.15.19.23
for the no.of 272030 1%2,5-1120-72,28 13:2,5-11.20-22.28 13:2,5-8.27-30
4 M:1-30  08:25-11,20-2228 11:25-17,20,30 11:25-37.29.30 I:12-16,18-20.23
12:13.4,12-19.23- I2:13.4.12-19.2324 12:1,3,4.12-19.23.24 12:1.3,4,6.8.27-30
772930 13:2,5-1120-22 28 13:2.5-11.20-22.28 D3:0-11.17.21.72.24-26
14257
5 M:1-30  11:25-1120-2228 11:25-27,20.30 11:1,34.12-19.23 11:9-11.20-22.24-26
12:134.12-19.23- 1Z1,3.4,12-19.23.24 1Z:2.5-8.27-30 12:1,3 4683730
272930 13:2,5-11.20-22,28 13:0-11,20-12.24-26 1B:12-19.23
14257

Fig. 1: Islanded scenarios for K = 4 and @ = 30

Fig. 2: Islanded scenarios for K = 4 and @ = 50

serving a total load of 56 GW. The network has generator(s)
in most of its buses and its total generation capacity far
exceeds the demand. Consequently, for most of the reasonable
islanding options for this network, there are no load reductions.
Hence, to adequately lest our islanding model, we assigned
the generators to a smaller subset of the buses and reduced
the total generating capacity to slightly above the demand,
as described next. Generators are considered to be at buses
1, & 12, 18, and 27 with maximum capacities of 8.6, 13.2,

Fig. 3: Islanded scenarios for K = 4 and o = 100

13.8. 9.3, and 11.5 GW, respectively. The anlicipated severity
of the extreme event parameter « is assumed to be between
0 and 1000, and the parameter c; of the objective function
is considered 1o be 1. The results are presented in Table IIL
It may be noted that the performance of the model in 29-
bus GB metwork is similar to that observed for the IEEE 30
bus network. Depending on the severity level, the model oftien
recommends options where the number of islands is lower than
a predefined maximum number.

V1. CONCLUSIONS

Power grids are becoming more interconnected to cope with
growing demand and market restructuring, among others. This
is making the grids more vulnerable to cascading failures
during extreme events. Therefore, it is essential to develop
self healing strategies, like islanding, which has been a topic
of study for nearly a decade. Various islanding methods have
been presented to the literature. However, most of the existing
methods are limited to forming either just two islands or a
prespecified number of islands. None, to our knowledge, deter-
mine an oplimal level of islanding considering the anticipated
severity of an extreme event. This paper attempis to fill this
gap. Our MIP model considers anticipated severity of the event
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TABLE III: Optimal islanding and cormesponding load reduction for reduced
29-bus GB transmission network under increasing extreme event severity

Exiremse event severity paremeier a

1] 300

20 (0 ITTIT
hl??wr 'E“P‘;g 20 BILD 76D
m. of is 4 {0} B I20 (760)

S00 T00 1000
& b REY . L& {388}
2002 769  9.1L9(1271) 11,99 (1271}
98,12 (768 58288 (1578) B588 (1578)

Moke: 98,12 (769) indicaies thmee islands with 9, 8, and 12 buses and a load reducizon of 769 MW,

related parameler o as an input, which has not been considered
earlier. We demonstrate via the TEEE 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.

While severity related parameter (@) in the model helps
to incorporate @ measure of cost from the extreme event, we
have not presented a method to assess ils value. We believe
that the two primary cost components of the value of & would
be the cost of network recovery and the cost of unplanned
load loss. Higher the severity of an event higher will be the
value of a. Also, we have made a sweeping assumption that
all the generators across the network are coberent, which may
not be practical. In that case. additional constraints will have
to be added which will likely lead to higher computational
complexity. Finally, as in the literature, we have used the
DC power flow model that fails to address the reactive power
balance. Hence, in practice, we may have to deviate from the
optimal islanding solutions provided by our model to ensure
voltage stability.
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