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Abstract

Even though the total number of light-duty vehicles in the U.S. is expected to increase by
2030, total fuel consumption is expected to significantly decrease in the same timeframe. This
contradictory behavior is in part explained by the increasing utilization of electricity as the primary
source of energy in the transportation sector. Due to its potential to decrease dependency on fossil
fuels, electric transportation has become a promising approach to alleviate the increasing
environmental crisis. Passenger car markets are expected to experience a flood of new Electric
vehicles (EVs) in the next few years. EVs are considered effective resources to support both
transportation and power systems in urban areas. Such effectiveness arises from their ability to
store energy for later use and their potential to reduce greenhouse gas emissions.

The overarching goal of this dissertation is to examine the integration of EVs in smart and
connected communities and to understand how these vehicles can link smart power markets and
transportation systems. Using a combination of optimization and data science tools, this
dissertation intends to develop the methodologies and frameworks with which a large fleet of EVs
can optimally be coordinated to support the operations of power system operators, end-use
consumers of electricity, ride-sharing providers, and generate economic benefit to the EV-owners.
If not properly coordinated, these new EVs can potentially be highly disruptive to both power and

transportation networks, reducing reliability in both systems.



Chapter 1: Introduction

With the increasing deployment of advanced metering infrastructure and the ability to
remotely manage loads using Internet-enabled tools, it is now feasible for end-use consumers of
electricity to aggregate together and actively participate in the market as demand side players.
Such participation is further motivated by the increasing adoption of dynamic pricing in power
networks as well as consumers' ability to store energy and share it among peers. End-use
consumers of electricity are envisioned to not only become key demand-side participants but been
the center piece of the so called smart and connected communities (SCC).

Ability to store energy can potentially increase economic benefits of energy trading among
end-use consumers. Although energy storage using stand-alone batteries is still quite expensive,
impending growth of electric vehicles (EVs) may soon offer a solution. It is estimated that the
number of EVs in the U.S. will grow to 7.3 million by 2023 [1]. Considering an average battery
capacity of 70 kwh, these vehicles have the potential to optimally store and share up to 500,000
MWh per day. An aggregation of EVs can schedule charge and discharge of the batteries based
on dynamically varying prices, owner preferences, and contracts with third parties. This will also
facilitate load balancing and reduce stress on the network.

Research has already started to examine the potential benefits of a coordinated fleet of EVs.
For example, in [2], a stochastic programming methodology is developed to maximize an
aggregation's profit by optimally charging EVs under varying market prices. However,

mechanisms to schedule load and trade electricity among peers using EVs are still in their early



stages of development. The first objective of this dissertation is designing such mechanism. We
intend to further encourage local energy trading among aggregations of empowered end-use
consumers while integrating large fleet of EVs in SCC. For such purpose, we have developed
operational models for load scheduling and trading among aggregations of end-used consumer
using EVs as the main technology to store and trade electricity. We have also developed and
efficient mechanism to design optimal option contracts among the consumers and the EV owners.
The results obtained from this first component of the dissertation are introduced in more detail in
Chapters 2 and 3.

Various alliances of technology and manufacturing companies are earnestly developing
and testing autonomous vehicles (AVs) capable of navigating busy streets in major cities. Since
vehicle electrification and automation are arising simultaneously, most AVs are likely to be EVs;
Tesla’s latest models (2018-2019) are archetypes of this phenomenon. Vehicle automation have
the potential to improve operations of traditional EVs. For example, although it is generally
infeasible to dictate routes of traditional EVs, we can design AVs' travel plans to fulfill system-
wide objectives [3].

The impending growth of AVs will also address many of the current carsharing barriers,
including the issue of users having to travel to access the available vehicles. Hence, a fraction of
the privately-owned transportation is expected to shift to on-demand services [4]. Car-sharing
penetration, vehicle automation, and vehicle electrification are expected to bring a major
transformation to the way we conceive local transportation in urban areas. Shared autonomous
electric vehicles (SAEVs) will replace a significant part of the human driven automobiles on city

roads. Companies providing ride sharing service in cities and surrounding suburbs are expected



to adopt a new business model partially switching from cars owned and driven by individuals to
SAEVs leased from large feet owning companies.

SAEVs have the potential to solve most of the practical limitations of conventional EVs
including traveler range anxiety, access to charging infrastructure, and charging time management
[5]. However, switching to SAEVs for ride sharing will only be feasible if proper cyber-physical
infrastructure is in place to support the operations of these vehicles, i.e., efficient
charging/discharging of batteries and coordination of the transportation services. The second main
objective of this dissertation is to design the operational methodologies of this cyber-physical
infrastructure and thus facilitate the realization of the vision where thousands of SAEVs would
optimally ply the streets of smart cities to maximize service to consumers at a minimal cost.

1.2 Research Contributions

The detailed description of research contributions is presented in the subsequent chapters.
In what follows, an overview of the research contributions and the broader impacts are presented.
1.2.1 Empowering End-Use Consumers of Electricity

Among the recent papers dealing with peer-to-peer (P2P) cooperation, only a few consider
dynamically varying hourly prices, network constraints, as well as DA and RT market settlements.
To our knowledge, the presence of price spikes in the RT market has not been properly considered
in any of the existing models. Another major issue in this context that has not been adequately
explored is the fairness among the peers, without which the P2P cooperation may not be stable.
Our paper offers a comprehensive methodology to support P2P cooperation by incorporating all
of the above-mentioned features. Additionally, sharing of electricity is accomplished via temporal
arbitrage using the electric vehicle parking lots in the aggregation. Promoting demand side

participation among end-use consumers, feasibility of which is demonstrated by our methodology,



will bring added benefits of load balance and increased reliability in power networks. The fairness
considerations that are embedded in the methodology will incentivize consumers participation
1.2.2 Bilateral Trading of Electricity

Peer-to-peer trading in a power network is a well examined topic, where peers are
commonly assumed to be prosumers (households with generation and storage capabilities).
However, growth of 10T and advanced metering infrastructure has led to the rise of a set of newly
empowered peers, namely smart homes and businesses and EVs. In our previous work [6], we
have shown how these peers are now able to form coalitions and reduce their operational cost by
engaging in demand response, in markets with hourly price variations and price spikes. In this
paper, we demonstrate that, in markets with price variations and spikes, aggregations formed by
these peers can also effectively engage in energy trading and derive financial benefits that are fair
to all. This is demonstrated by developing a generalized Nash bargaining solution (GNBS) model
for obtaining trading contract between two aggregations and implementing it on a sample problem.
The operational optimization models for the aggregations that we have formulated as input for the
GNBS model are also novel in how they schedule load consumption and plan for energy sharing.
Our contributions also include a computational strategy where instead of solving the GNBS model
as one single nonlinear mixed integer program, we separately solve the operational models and
use their results to solve GNBS model and obtain the contract parameters.
1.2.3 System of Smart Hubs for Shared Autonomous Electric Vehicles

The main goal of this research is the creation of knowledge needed to design and operate
a new cyber-physical infrastructure by integrating research from well-established areas, namely
transportation, facility design and location, and electric power systems. Inter-dependency among

the above three disparate areas is a new phenomenon that has risen in the context of the impending



new era of passenger transportation using SAEVs. Consequently, this phenomenon has not yet

been examined and thus a significant knowledge discovery was obtained from this research.



Chapter 2: Empowering End-Use Consumers of Electricity to Aggregate for

Demand-Side Participation

The complete article titled “Empowering end-use consumers of electricity to aggregate for
demand-side participation” [6] (published in Applied Energy) can be found in Appendix C. This
article presents a multi-objective optimization-based methodology to trade fairness and efficiency
in the context of the daily operations of an aggregation of end use consumers. The proposed
methodology considers a number of practical features of the power markets, including actual price
and demand data from existing power grids, network constraints, day ahead commitment and price,
real time price spikes, optimal load scheduling, energy sharing strategies using EVs, and fairness
of cost. It is demonstrated through a sample network that neither strategies arising from total cost
minimization and fairness maximization may be ideal for the participants. Hence, a hybrid
approach for operation scheduling and cost-sharing is proposed, which is shown to yield
significant benefits to participants without sacrificing much fairness. Promoting demand-side
participation among end-use consumers, feasibility of which is demonstrated by the proposed
methodology, will bring added benefits of load balance and increased reliability in power
networks. The fairness considerations embedded in the methodology will also incentivize
consumers participation.

2.1 Abstract
End-use consumers (peers) are being empowered to aggregate for direct demand-side

participation through load scheduling and energy sharing. This is the result of the growth of



Internet of Things (I0T) enabled loads, availability of advanced metering infrastructure, and the
move towards real-time (RT) pricing of electricity. Peer-to-peer (P2P) cooperation has received
significant interest in recent years, though the focus of this growing body of research is on
modeling prosumer behavior in microgrids. Hence, there is a need for new methodologies to
examine empowerment of all end-use consumers (not limited to prosumers) to form aggregations
and develop fair rules of cooperation to reduce cost. This paper offers an optimization-based
methodology to address the above need for power systems. It minimizes the total cost and
considers fairness using a Nash bargaining approach. Since cost and fairness are often in conflict,
trade-off strategies are also presented. The model to asses fairness is nonlinear. Hence, it is
transformed into a second order cone program (SOCP) and solved using GUROBI software
version 7.5.2. The methodology is implemented on a sample 5-bus network, built using price and
demand data from one of the load zones of Pennsylvania, New Jersey, and Maryland (PJM) power
network in the United States. It is shown that two aggregations of peers participating in the sample
network can reduce their total cost by 14.17% and 22.7%, while maintaining fairness. Concluding

remarks highlight some of the limitations of the methodology



Chapter 3: A Nash-bargaining Model for Trading of Electricity Between

Aggregations of Peers

The complete article titled “Bilateral Trading of Electricity Between Aggregations of End-
Use Consumers” (submitted to IEEE Transactions on Smart Grids) can be found in Appendix D.
This paper is a direct continuation of the work presented in Chapter 2. Energy trading among end-
use consumers in local power networks has become an important research topic in recent years.
Although cooperation in power markets is gradually expanding at the peer-to-peer level, this
concept has not been fully explored yet. Also, mechanisms to schedule load and trade electricity
among peers are still in their early stages of development. In this paper, our intention has been to
further encourage local energy trading among aggregations of empowered end-use consumers. We
have developed a bilateral option contract framework between two types of aggregations of end-
use consumers, namely, aggregation of load consuming entities only (ALCE) and aggregation
electric vehicles (EVA). The framework uses a generalized Nash bargaining solution approach to
find the optimal contract parameters. Using a sample numerical problem, we have examined the
properties of two different kinds of option contracts (plain and swing) and assessed their benefits
to the participating aggregations. It is demonstrated via numerical results that temporal arbitrage
can significantly increase the financial benefits to the end-use consumers.
3.1 Abstract

In the last several years, the growth in household solar generation and the lack of success

of the feed-in-tariff programs have led to the rise of peer-to-peer (P2P) energy trading schemes



among prosumers. However, a change that has started more recently is the growth of smart homes
and businesses, of which loads are IoT controlled and are supported by advanced metering
infrastructure (AMI). This has created a new opportunity for smart homes and businesses to form
aggregations (coalitions) and participate in cooperative load management and energy trading.
Unlike energy trading among individual prosumers in most P2P networks, a new trading
opportunity that is emerging is between aggregations of peers of smart homes and businesses and
electric vehicles (EVs). In this paper, we consider one such trading scenario between two
aggregations, of which one has smart homes and businesses with load consuming entities (not
prosumers), and the other has EVs only. The aggregation with smart homes and businesses derive
cost reduction through optimal load scheduling based on load preferences, market-based pricing
of electricity, and opportunity to trade (buy) energy from the aggregation with EVs. Whereas the
aggregation of EVs optimally schedules charging to meet EV needs and uses stored energy to trade
(sell). A generalized Nash bargaining model is developed for obtaining optimal trading strategies
in the form of plain or swing option contracts. A sample numerical problem scenario is used to
show that suitable contracts can be derived that allow aggregations of peers to mutually benefit
from energy trading. Interactions among contract parameters (such as strike price, option value,

and option quantity) and the relative market power of the aggregations are also examined.



Chapter 4: System of Smart Hubs for Shared Autonomous Electric Vehicles:

Operation, Location, and Solution Approaches

The complete article titled “System of Smart Hubs for Shared Autonomous Electric
Vehicles: Operation, Location, and Solution Approaches” (to be submitted to Applied Energy) can
be found in Appendix E. In this work, we intend to create the knowledge needed to design a system
of smart hubs, and thus facilitate the realization of the vision where thousands of shared
autonomous electric vehicles (SAEVs) would optimally ply the streets of smart cities to maximize
service to consumers at a minimal cost. Key focus of our research is on developing optimal
operational strategies to assess ride sharing demand for a fleet of SAEVs while maximizing profit
from optimally charging/discharging of the batteries, pick-up/drop-off of passengers, and rent of
the available charging stations to third parties. We use this operational strategy to asses smart hubs
capacities and locations across the road and electric power networks (covering the ride sharing
service area).

4.1 Abstract

Shared autonomous electric vehicles (SAEVS) are expected to replace a significant fraction
of human driven ride sharing vehicles in cities and surrounding urban areas. This change will only
be possible if proper cyber-physical system (CPS) infrastructure is made available to support their
operations. We address this need by developing a methodology for planning as well as real-time
decision making for operating a system of SAEVs and charging hubs located across the serving

area. The charging hubs are considered to host limited capacity battery banks and photo voltaic
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(PV) generators. Our methodology considers a number of practical features of power and
transportation systems, including consideration of day-ahead load commitment by solving an
alternating current power flow model, real time price spikes of electricity, energy arbitrage,
randomness in passenger demand, balking of passengers while waiting for a ride, and allowing
charging for privately owned electric vehicles in the hubs. We demonstrated the utility of our
methodology by implementing it on a sample CPS. It is shown through numerical results that the
methodology is able to make planning decisions for day ahead commitment of power, as well as
make real time operating decisions for the SAEVs and the hubs (including for its battery banks
and PV generators). We also examine some of the system design issues such as hub capacity
needed to support a fleet of given size, and impact of hub capacity and fleet size on system
performance. We discuss the computational challenges of our methodology and propose a
simplified myopic solution approach that is capable of dealing with much larger fleet sizes and a
variety of hub capacities. Reduction in computation time and the optimality gap for the myopic

approach are examined.
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Chapter 5: Conclusions

The impending growth of electric and autonomous vehicles will soon bring a major
transformation to the way we conceive local transportation in urban areas. The key intellectual
merit of this research is in the creation of knowledge needed to design and operate a new EV-based
cyber-physical infrastructure by integrating research from three distinct areas, namely
transportation, facility design and location, and electric power systems. Inter-dependency among
the above disparate areas is a new phenomenon that has risen in the context of the impending new
era of passenger transportation using SAEVs in cities and their suburbs.

The results from this research will also translate into a number of critical benefits for the
electric power systems. As vehicle electrification soars, the percentage of electricity consumed for
transportation will rise dramatically. A sizable part of this increase will be due to proliferation of
SAEV-supported passenger transportation. Hence, a cyber-connected infrastructure for planned
charging/discharging of large fleets of SAEVs will create an opportunity for network load
balancing. Moreover, the temporal arbitrage potential of these fleets of vehicles would help power
systems operators to reduce reserve generation requirement for maintaining system reliability. This
will help to reduce operational cost of the power networks and consequently reduce cost to the

consumers.
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HIGHLIGHTS

® Aggregation and cooperation among peers will expand beyond prosumers in microgrids.
® Growth in IoT and metering infrastructure is empowering end-use consumers.

® Methodology allows aggregated consumers to schedule load and share energy.

® Application demonstrates a significant cost reduction while assuring fairness.

® Offers a novel cost-sharing strategy guided by cost minimization and Nash bargaining.

ARTICLE INFO ABSTRACT

Keywords: End-use consumers (peers) are being empowered to aggregate for direct demand-side participation through load
Demand-side participation scheduling and energy sharing. This is the result of the growth of Internet of Things (IoT) enabled loads,
A ion of end-use availability of advanced metering infrastructure, and the move towards real-time (RT) pricing of electricity.
Fairness

Peer-to-peer (P2P) cooperation has received significant interest in recent years, though the focus of this growing
body of research is on modeling prosumer behavior in microgrids. Hence, there is a need for new methodologies
to examine empowerment of all end-use consumers (not limited to prosumers) to form aggregations and develop
fair rules of cooperation to reduce cost. This paper offers an optimization based methodology to address the
above need for power systems. It minimizes the total cost and considers fairness using a Nash bargaining ap-
proach. Since cost and fairness are often in conflict, trade-off strategies are also presented. The model to asses
fairness is nonlinear. Hence, it is transformed into a second order cone program (SOCP) and solved using
GUROBI software version 7.5.2. The methodology is implemented on a sample 5-bus network, built using price
and demand data from one of the load zones of Pennsylvania, New Jersey, and Maryland (PJM) power network
in the United States. It is shown that two aggregations of peers participating in the sample network can reduce
their total cost by 14.17% and 22.7%, while maintaining fairness. Concluding remarks highlight some of the
limitations of the methodology.

Peer-to-peer trading
Energy sharing using EVs
Optimization of power systems

1. Introduction varying prices of electricity, and RT price spikes. These operations in-

clude load scheduling and energy sharing among the peers, which can

With the increasing deployment of advanced metering infra-
structure and the ability to remotely manage loads using Internet-en-
abled tools, it is now feasible for end-use consumers of electricity to
aggregate together and actively participate in the market as demand-
side players. Such participation is further motivated by the increasing
adoption of dynamic pricing in power networks as well as consumers’
ability to store energy and share it among peers. Large aggregations of
load consuming entities (ALCEs) can optimally schedule their opera-
tions considering participant and network constraints, dynamically
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be guided by the objectives of total cost minimization and fairness of
cost shared by the participants. A schedule that minimizes the total cost
of the aggregation may not satisfy the fairness criterion. Also, due to
network, market, and operational constraints, a 100% fair schedule
may not be feasible. However, fairness consideration is critical to
maintain participation in an aggregation. Therefore, our goal is to de-
velop a methodology that assists aggregations of end-use consumers to
reduce their operational cost while maintaining an acceptable level of
fairness.
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We consider that ALCEs are comprised of households, businesses,
and electric vehicle (EV) parking lots with the ability to store and share
energy. The households and businesses are characterized by their load
portfolio and operational constraints. EV parking lots’ operations are
guided by the charge and discharge rates, arrival and departure pat-
terns, upper and lower bounds on the state of charge, battery capacities,
and state of charge of the EVs. The ALCEs strive to reduce the cost of
energy consumption for all its entities, generate profit from temporal
arbitrage of the stored energy in the EVs, and guarantee fairness among
its participants. Our methodology allows the aggregations to optimally
schedule their expected power needs from the day-ahead (DA) market
and procure any imbalance from the RT market, which may be sub-
jected to random price spikes. The methodology increases the DA
commitment for the hours when high RT price spikes are expected and
vice versa. Any unused hourly DA commitment is assumed to be sold by
the ALCEs in the RT market at the prevailing prices.

1.1. Relevant literature

Motivated by evolving technologies and market infrastructures,
demand-side cooperation in power markets continue to elicit the at-
tention of researchers in recent years [1]. It has been shown that co-
ordinated demand-side peers can significantly reduce the overall cost of
electricity in power networks [2]. A cooperative market provides effi-
cient means to address network uncertainties, reduce bidding risk, and
reduce overall cost of electricity. However, fair distribution of the
monetary benefits from the cooperation is an important and open re-
search issue [3]. Also, although the topic of cooperation among rela-
tively large demand-side players, e.g., aggregators [3] and microgrids
operators [4], has received significant attention, acceptable mechan-
isms to schedule load and share electricity among the peers are still in
early stages of development [5].

End-use consumers are envisioned to be key participants in future
electricity markets. Although the cooperation in power markets is
gradually converging to the level of peer-to-peer (P2P) sharing, this
concept has not been fully explored [6]. A widely referenced paper on
the topic of demand-side management and cooperation can be found in
Mohsenian-Rad et al. [7], in which the authors develop (1) a pricing
scheme for cooperative customers and (2) an incentive-based con-
sumption scheduling algorithm to minimize the cost of energy. Feasi-
bility of integrating a community energy storage (CES) with consumer-
owned photovoltaic systems for demand-side management of a re-
sidential neighborhood is presented in Mediwaththe et al. [8]. An op-
timization model and blockchain-based architecture to manage the
operation of crowdsourced energy systems with P2P trading can be
found in Wang et al. [9]. The model allows P2P trading among in-
dividual prosumers and the system operator (SO). Two market designs
centered on the role of electricity storage are proposed in Liith etal. [5].
The authors examine the value of prosumer batteries in P2P trading and
necessary market features for the battery systems to operate. It is shown
that storage systems can produce savings of up to 31% for the end-
users, of which more than half derives from cooperation and trading in
the community. A framework to integrate prosumer communities into
the existing DA and intraday markets is proposed in Zepter et al. [6].
The study examines how residential battery storage contributes to local
demand-side flexibility in an integrated market setting. A four-layer
P2P architecture is proposed in Zhang et al. [10] to determine the key
elements and technological needs of P2P energy trading. It is shown
through a case study that P2P will facilitate penetration of renewable
energy resources in power grids. Long et al. [11] proposed a two-stage
model to facilitate P2P trading in microgrids. A coordinator minimizes
the total energy costs of the community in the first stage, and the model
parameters are updated based on new information in the second stage.
The paper assumes flat electricity prices for both buying and selling,
does not incorporate power flow analysis, and does not address un-
fairness of economic gains. In Barabadi and Yaghmaee [12] an
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incentive-based demand response program is proposed, where con-
sumers’ loads are shifted to minimize cost. A billing mechanism linked
with the overall load of the system is also proposed. The model does not
consider power market constraints, storage systems, and two-time set-
tlements of the market. Abushnaf and Rassau [13] offers a model for
residential load scheduling integrated with a demand response pro-
gram. The model manages renewable generators, storage systems, and
smart appliances. However, it does not consider uncertainties in the
electricity prices (e.g., price spikes), network constraints, and the op-
tion to transact with the SO. Furthermore, the model is solved to
minimize the total electricity cost, which does not always guarantee
fairness among the participants. Zhu et al. [14] proposes an optimiza-
tion model to schedule the operations of aggregations of smart houses
with an objective to reduce demand peaks. Fairness in scheduling,
dynamic pricing, and network/market constraints were not considered.
A demand response methodology to schedule large numbers of re-
sidential appliances for smoothing power variations resulting from re-
newable integration was presented in Elghitani and El-Saadany [15].
The methodology was evaluated based on long-term average perfor-
mance and short-term sample-path performance. Economic benefits to
the participating entities was not considered. Hence, no incentive was
provided for the homes to yield control of their loads. Gongalves et al.
[16] presents a multiobjective model to minimize the total cost and
dissatisfaction of smart residential homes. Two types of contract with
the SO were examined, namely, (1) contracted power with known fixed
costs and (2) limits on the power purchased with variable prices. The
model considers shiftable appliances, temperatures of thermostatically
controlled loads, and EVs. Selling stored energy in the EVs to third
parties and fairness among the participants were not considered. In
Elsayed et al. [17] a multiobjective optimization approach was adopted
to coordinate residential loads in Egypt while ensuring satisfaction of
end-use consumers and the utility. The main focus of this model is
network reliability. Hence, though it minimizes consumers cost, fea-
tures such as two-time market settlement, temporal arbitrage, and price
variations were not considered.

1.2. Contributions of this paper

Among the recent papers dealing with P2P cooperation, none con-
sider all of the following features: dynamic pricing of electricity, net-
work constraints, two time (DA and RT) market settlements, and price
spikes in the RT market. Another major issue that has not been ade-
quately explored is fairness among peers, without which the P2P co-
operation may not be stable. Our paper offers a comprehensive meth-
odology to support P2P cooperation by incorporating all of the above
mentioned features. Implementation of this methodology on a sample
network, formulated with real-life data from an existing power network
in the United States, establishes the benefits of empowerment of end-
use consumers. Results form our multiobjective model expose the cost
of fairness among the participants. We do not model households and
businesses as prosumers with self-generation capacities, and sharing of
electricity is accomplished via temporal arbitrage by the EV parking
lots.

2. Preliminaries

In this section, we introduce some definitions and formulations
needed to facilitate the presentation of the methodology. Consider the
general form of a multiobjective optimization problem:

min 4z |x, ¥ |, .| X ¥ |

(xy)€F 1)
where .7 «= {(x, y) € Z[' x R Ax + Ay £ b} is the feasible set of the
problem, and z; (x, y) is the linear objective function of entity k. Let us
define ¢ = z(.#) as the image of .# in the objective or criterion space,
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where z(-) = {%(-), .., 2,(:)}. Then we have the following.

Definition 1. A feasible solution (x', y*) € .# is called efficient or
Pareto optimal, if there is no other (x,y)€ .# such that
z(x, ¥) € 2 (", y") for k=1, ...p and z(x,y) # z(x', ") for at
least one k. If (,y') is efficient, then z(x',y") is called a
nondominated point. The set of all efficient solutions (x’, y’) € .7 is
denoted by .#z. The set of all nondominated points z(x’, ') € ¢ for
some (x',y") € #; is denoted by ¢ and referred to as the
nondominated frontier or the efficient frontier.

The bargaining problem examines how several players share a
payoff or cost that they jointly generate. An approach to address the
problem was proposed in Nash [18], which yields a unique and Pareto
optimal solution. Let uy, for k = 1, ...,p, be the utility function of the
player k and d; be the disagreement point (payoff received without co-
operation) of player k. Then the Nash bargaining solution (NBS) is the
point (x, y) € .# obtained from the following optimization problem

P

max (ug(x, y) = dy).
s ] Sudsod @
It has been shown that, NBS has the following properties: invariant,
Pareto optimal, independent of irrelevant alternatives and symmetrical
[18]. If the aim of the cooperation is to minimize the costs of player k
(cx (x, ¥)), then (2) may be written as
p

max

1. (dy = c(x, y)),
e 1

3)

For a given z € 73, let Z.,, be a convex combination of some
nondominated points excluding z. Then, we define other important
nondominated points as follows.

Definition 2. A point z € %y is an extreme supported nondominated
point (ESNDP) if and only if there exists no Zeony such that Zeow & 2.

Definition 3. A point z is a nonextreme supported nondominated point
if and only if there exists no z.q, such that z.,, < z but there exists a
Zeonv Such that Zcony = 2.

3. Methodology

We consider that the ALCEs have two type of loads, fixed and de-
ferrable, of which only the schedules of the latter are optimized.
Deferrable loads are considered to have two subcategories: shiftable
and adjustable loads. Shiftable loads are scheduled at any time within
predefined time windows. Whereas, for adjustable loads, both schedule
and power consumption are controlled, while satisfying the total energy
requirements of the loads within the operational time window.

Let € be the set of all households and businesses in the aggregation
(except the EV parking lots). Each load consuming entity (LCE) i € C
has a set of shiftable loads denoted by 8. This set comprises individual
loads j with consumption level s;; per unit time. The length of operation
of a shiftable load is denoted by ;. The operational time window of
shiftable load j is bounded by Tj, T; € T, where Tj denotes the initial
time period, T] denotes the final time period, 7~ denotes the set of all
time periods over which the load can potentially be scheduled, and
I;< 7} Let Xy denote a binary variable indicating the on/off status of
shiftable load j of LCE i during time period t € 7. Then, we can write
that

T
> xyu=%, VieC VjeS.
j 4

The set of adjustable loads within an LCE i € € is denoted by R..
The maximum and minimum consumption levels per unit time of an
individual load j € #, is denoted by Rj; and R, respectively. Similar to
shiftable loads, each individual adjustable load j can be scheduled

1=
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within a time window defined by R;, R €7 . Let Yy be a binary vari-
able indicating the on/off status of the adjustable load j of LCE i, 1
denote its energy consumption level at time period ¢t € 77, and o denote
the total required energy consumption. Then, operation of an adjustable
load is guided by

Ryy €1 €Rpyy, ViECQ VER, VIET, 5)

ki
Enﬂ=ﬂy, VieC VjeA.
=5 ®)

Note that, unlike shiftable loads that are either off or operating at
full capacity, if an adjustable load is on (per binary variable y;,), we can
regulate its power consumption between Ry and Rj. Let F; be the set of
fixed loads and f;, € ¥ be the j-th fixed load of LCEi € C at time period
t. Then, the total energy that LCE i consumes at a given time period ¢ is:

di = 2 Fye + Z SyXye + Z n, YLET, i€C.
JEF; JES: JERA; @)

Let 8 denote the set of EV batteries in the aggregation. For a given
time period ¢t € 7", energy balance of the battery b € 8 can be written
as:

@550 = PySb.i—1 + Pyy — Dip> YteT, YbeSB, 8)

where @, is battery’s b capacity, sy € (0, 1) is the state of charge of
battery b at the end of time period t, p;} is the amount of energy that is
injected in battery b at time period t, and pj; is the amount of energy
that is extracted from battery b at time period t. We assume that the
state of charge of the batteries is not allowed to be 0 nor 1. We define
Sy and S as the minimum and maximum allowable state of charge of
battery b at time period t, respectively. Then we write that

Su€su€5, V€T, ¥YbEB, 0< 5, €5 <1 ©)

Note that, at the time of departure, the bounds Sj; and S—b, are set to
the desired level specified by the EV-owner. For simplicity, we assume
that both charging and discharging rates of a battery are constant and
given by P* and P-, respectively. Hence, we can write that

0% p,t € Prwy; YteT VbES, (10)

0% p,; & Pwi, YteET.YbESB, an

where w;; and wj; are equal to 1 if battery b is charging or discharging,
respectively, at time period t, and 0 otherwise. The next constraint
guarantees that battery b is not charging and discharging simulta-
neously during time period t.

Wit + Wi € @y, YteET, YbES, 12)

where @), is a binary parameter with the value of 1 if battery b is
connected, i.e., the EV is in the parking lot, and 0 otherwise. We con-
sider that the energy drawn from the batteries is shared among the LCEs
in C. We denote the amount of battery-supplied energy used by each
i € € as q,. Then we can write that

Y. pi=20q VieT and g, €d,
bes e

VieGteT.
13)

In order to develop an optimal load scheduling and energy sharing
strategy, the ALCE estimate the DA and RT prices and use that
knowledge to determine the hourly DA commitment with the SO. We
assume that if the actual consumption in any hour is less than the DA
commitment, any excess quantity is sold in the RT market. Similarly, if
the hourly consumption exceeds the DA commitment, the excess energy
is procured from the RT market. Our methodology consists of two major
phases: (1) determine the DA load commitment considering expected
RT prices, and (2) develop an hourly load scheduling and energy
sharing strategy using DA prices, actual RT prices of the current hour,
and expected RT prices for the remaining hours of the day. DA
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commitment is determined as follows.

® Step 1: Using a large number of historical price patterns at the node,
generate a set of minimal cost load schedules. Then select a re-
presentative subset by using a scenario reduction technique.

® Step 2: For each selected load scenario, and using the generator DA
bids, solve a direct current optimal power flow (DCOPF) model to
estimate hourly market clearing prices (MCP). Generate the ex-
pected hourly RT prices based on these MCP.

e Step 3: Use the generator DA bids and expected RT prices to de-
termine the DA commitment of the aggregation.

Details of the above steps are presented below.
3.1. DA load commitment

Step 1 Generating load schedules: We define II as the set of historical
daily price vectors (24-tuples, if each hour is considered a time unit).
For each price realization & € II, the hourly load schedule (Df) is
calculated as

Dr=3 ldt—qil+ 3 pit
IeC bes

VIET,
a4

*

where " indicates the optimal solution of the variables from the fol-
lowing optimization problem:

min Y ¥ mldi—ql+ Y, Dy mp

©r ieC € bES (15)

s.t. (4)-(13).

We solve (15) for each # € II to construct the optimal hourly load
schedules based on historical price data. We then use a scenario re-
duction technique —as given in Growe-Kuska et al. [19]— to select a
smaller subset (denoted by £) of representative load schedule scenarios.

Step 2 Estimating RT prices: For each load scenario @ € £, and given
the generator DA bids, we solve a DCOPF model to estimate the market
clearing prices (MCPs) at the node. We then use these MCPs to obtain
the expected RT prices (x®) at time period t, as &% = MCP¥[1 + €],
where @ = M, &, + M, &,. The values of the random variables €, and €,
are drawn from normal and Cauchy distributions, respectively. The
bivariate random variable (M;, M) is equal to (0, 1) with probability p,
and (1,0) with probability (1 — p,), where p, denotes the probability of
occurrence of price spikes. The normal random variable €, captures the
usual variability in the RT prices, whereas the Cauchy random variable
€, generates the price spikes.

Step 3 Obtaining DA commitment: Using the selected scenarios and
the corresponding estimated RT prices 7, a two-stage stochastic
DCOPF problem is solved. This allows the ALCEs to optimally de-
termine the DA commitment to the SO by considering the possibility of
selling or buying quantities in the RT market. We define & as the set of
all generators in the network; A as the set of all buses in the network;
N as the load buses; & as the subset of generators that are connected
to bus n € N; and N, as the subset of buses that are directly linked to
bus n € N. Furthermore, we define F, as the output of generator g € &
at time period t in the DA market.

For each scenario w € f, let w, denote its probability. The addi-
tional quantities purchased in the RT market in scenario w € Q are
denoted by Py*. If the DA quantity exceeds the demand in scenario w,
the excess amount P;;~ is sold in the RT market at the current price. Let
C,(-) be the cost function of generator g in the DA market, and 7,/ be the
RT price at bus n, time period t, and scenario w. The schedule of the DA
quantity is obtained by solving:

mn Y| X GR+ % X X uwrr;r[ ,;r*—pg';'—] :
16)

(€T | € WEQ nEN EF
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The above objective function is subject to the following constraints:

power balance in the DA market:

Y Bt Xy bun|8u—8n|-D2*=0, VYneN.teT
2€@n meNy

a7)
where D2* is a variable that denotes the DA commitment, by, de-
notes the susceptance of the line between the buses n and m, and 8,
(8,) denotes the voltage angle (in radians) at bus n (m) and time
period t. Note that bus one is used as reference (& = 0) and the
voltage angles are bounded by— x££ 8, €#x. YneEN,tET.
line flow constraints:

= an ‘ bnm |.6m = amlJ < F;IM|

YmeN.neN. teTm<n,

1s8)
where F,,, denotes the maximum line flow in MW.
® generator constraints:
Py SRR VgEGET a9

where P, and E, are the generator lower and upper bounds.

The same set of constraints must be included for each possible
scenario in the RT market.

e power balance in the RT market:

b [Pg‘f*—P;:'-]+ > bm[[a;:‘—a;:}]—[am— m]]
p= meMy

line constraints:

e Em S bnm :1 = 5:(] Sl‘jm,

YneNwel te?
(20)

YmeN.neNwe teT

tm<n 2n
® generator constraints:
Py € P+ Pyt — Py~ <R, YgeEG weED tET (22)

Beside the above constraints, we consider that the total load must be
supplied by the power committed to in the DA market plus the RT
compensations of each possible scenario,

DP* + D" =DM~ =DY YnEN,weED (ET

i

(23)
To ensure stable load scheduling, we add the following constraints,

Dt 2 glslg D YneN,.teT, and @4

DA g 1:1:‘)‘( D YneEN,LET, @5)
such that the energy scheduled in the DA market is within the bounds of
the realized demand. A similar approach to obtain the DA commitment

was used in Subramanian and Das [20].

3.2. Load scheduling and energy sharing strategy

For notational simplicity, we will ignore index n, and denote the
actual DA prices given by the SO as #”*, and the DA commitment as
DPA. We calculate the RT prices (with spikes) as z' = z”*(1 + €). We
consider that drawing energy from the EVs has a fix cost 4 per unit of
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time. The load consumed by each LCE i €€ at any time period is
supplied by (1) the committed power in the DA market, (2) power ac-
quired from the RT market, and (3) power drawn from the EVs, denoted
asd ™, d}’, and g, respectively. Then we can write

dy=d +df"+q,, VteT ieC (26)

Similarly, for the EVs, p2** and pX™ are the DA and RT compo-

nents, respectively, of the power consumed at time period t. Then we
can write

Py =Py Dy @7)

Note that, di?*, p2** 2 0 but dif", pi™* are free variables. We also
consider the following:

YieT. ¥VbesB.

z Pt + 2 pDAts= DPA, YteT, and
=4 bES (28)
dPr g d; VieC VieT (29)
Hence the cost for each LCE i € € can be written as,
%= z [wPAdP* + mf T + Aqy -
=3 30)

Similarly, the total cost for the parking lots (all EVs) can be written
as

Zpv = z

“[DA z p‘BA+ pY ﬁ.‘RT E pbi:T+ _lz a|
e =] = iec

In what follows, we present two separate approaches to obtain the
load scheduling and energy sharing strategy: (1) total cost minimization
(TCM) and (2) NBS. In the TCM model, we minimize the combined cost
of LCEs and EV parking lots. This model, however, does not guarantee
fairness to all peers. Hence, the need for the NBS model, where the total
cost is fairly distributed among the peers based on their power con-
sumption levels and flexibility of usage. For the TCM model, we can
write

31

min

iec ¥ 2V, (32)
s.t., (4)-(13) and (26)-(31).
The NBS model can be given as
max 2 =z || 28 —zm/].
IL.. (-5 -

s.t., (4)-(13) and (26)-(31),

where z° denotes the disagreement point. The TCM model can be
solved efficiently using any available mixed integer linear program
(MILP) solver. However, to efficiently solve the NBS model we trans-
form it into a mixed integer SOCP, which can be solved using com-
mercial solvers such GUROBI or CPLEX. Details of this transformation
are given in Appendix A. In this paper, the model was solved using
GUROBI software version 7.5.2.

In most problem scenarios, the consideration of fairness is likely to
increase the total cost to the aggregation. Hence, the two different
objectives, i.e., total cost minimization and fairness among peers,
should be considered simultaneously. To address this trade-off, we
present the following bi-objective model.

3.3. A bi-objective model for trade-off between cost and fairness

By definition, the total cost per NBS model will be higher than (or
equal to, in the best-case scenario) the TCM cost. While minimizing the
total cost, the TCM solution is not always fair to all (even to identical
peers). Also, it does not have a mechanism to guarantee more benefits
to participants with higher load flexibility. On the contrary, participants
with higher flexibility may end up being sacrificed and thus charged
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more. Hence, there is a need to generate solutions that can reduce the
total cost below the NBS cost while also maintaining some level of
fairness that is acceptable to all participants. To address this, we de-
velop a bi-objective model.

Let ZINBS and z,ﬂ-"\'ﬁ, obtained from (33), denote the optimal costs of
LCE i and EV parking, respectively, per NBS model. Also, let ¢; and egy
(0 € e, epy € 1) be parameters that determine the maximum allowable
deviations from z¥™ and z\'", respectively. These deviations give the
model needed flexibility to reduce the total cost and increase fairness.
Then, we can write that

€A +e)zM™ and zZ QA —e)z™ viec (34

NBS

Zev € (L +epy)ziy” and  zey 2 (1 = epv)zhu- (35)

Note that, we have set the upper bound for the cost equal to twice
the value of the NBS cost. Then, the bi-objective model is given by:

min ¥z + Zev,
min ¥ _. e+ ewv, (36)
s.t., (4)-(13), (26)-(31), (34), and (35).

Clearly, when Z‘EC ¢ + epy = 0, the total cost is equal to the NBS
cost. As the summation increases above zero, the total cost decreases.
The bi-objective model can be solved using the algorithm proposed in
Boland et al. [21], the triangle slitting method (TSM), which is one of
the most efficient algorithms found in the literature. In what follows,
we present a high-level description of the algorithm. For a detailed
explanation, including enhancements and implementation issues,
please refer to the work of Boland et al. [21]. The TSM explores the
criterion space of the problem by maintaining a list of rectangles and
right-angled triangles that need to be explored. At the beginning of the
algorithm, this list is empty. The first rectangle is added to the list by
computing the endpoints of the nondominated frontier. This rectangle
contains all the yet to be found nondominated points, as shown Fig. 1
(iteration 0). The algorithm explores a rectangle by finding the locally
ESNDP within the rectangle. Refer to Section 2 for the formal definition
of an ESNDP. Boland et al. [21] showed that by finding these points, the
rectangle can be split into a set of right-angled triangles containing all
yet to be found nondominated points, as shown in Fig. 1 (iteration 1).
The algorithm explores a triangle by checking if its hypotenuse is part
of the nondominated frontier. When it is the case, then the triangle is
removed from the list, otherwise it is split into at most two other rec-
tangles, as shown in Fig. 1 (iteration 2). The algorithm repeats these
procedures until finding the entire nondominated frontier.

4. Case study and computational results

We demonstrate the implementation of our methodology on a
modified PJM 5-bus network (see Fig. 2). This sample network is widely
used by researchers to test methodologies, e.g., Li and Bo [23] and Li
et al. [24]. The network was originally published around 1999 and is
still used in some PJM training materials.’ The network has two load
nodes (2 and (3), three generating nodes (1, 4, and 5), each with three
generators, and six transmission lines. We consider that at each load
node an ALCEs operates. Lines susceptances and capacity of line 1-4 are
also shown in Fig. 2. The ALCEs is comprised of multifamily residential
homes and EV parking lots. Aggregation at each node has 4,000 par-
ticipating homes, which represent 10% and 40% of the total number of
homes at nodes 2 and 3, respectively. All participating homes are
considered to have identical load characteristics with fixed (40%),
shifTable (30%) and adjusTable (30%) loads. All nonparticipating
homes are considered to have 100% fixed loads. The EV parking lots at
nodes 2 and 3 have 300 and 500 vehicles respectively. Without loss of

! https: //www. pjm.com/training/training-material.aspx.
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ITERATION 0

ITERATION 1
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ITERATICN 2

Fig. 1. Representative progression of the triangle slitting method used for solving the bi-objective model (figure adapted with permission from Dai and Charkhgard

[22]).
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Fig. 2. Modified 5-bus PJM network.

generality, we consider a homogeneous fleet of EVs, each with a battery
capacity of 70kWh. The EVs are assumed to remain in the parking lot
between 9 AM and 5 PM.

We used scaled down load curves at the DAY zone of the PJM
market (from July 15, 2017 to July 30, 2017 [25]) to model the hourly
fixed loads in the network. The load scaling factor was chosen to match
the total consumption of the multifamily homes (5 MWh per month per
home) and the EVs in the 5-bus network. Generator supply functions are
considered to be quadratic with parameters given in Appendix B. Ca-
pacity of each generator is considered to be 800 MW and hence the total

Demand pattems
7 | = Salacted demand pattems
500 /| =—#e—Day-ahead commitment
[ Non participant load

capacity at each generating node is 2,400 MW. We also used the hourly
locational marginal prices (LMPs) from the DAY zone during July
15-30, 2017 to generate the historical prices for both load nodes. We
computed the mean and variance of the LMPs, and use them as para-
meters of a normal distribution to generate 300 price scenarios. For
each of these price scenarios, we solved (15) to generate the demand
patterns. Then, the scenario reduction technique was used to obtain ten
representative scenarios (with respective probabilities), which are
shown in red in Fig. 3. Considering the selected demand patterns and
their probabilities, we solved the two-stage model (16) to obtain the
hourly DA commitments, which are shown in blue in Fig. 3. The areas
shaded in grey represent the fixed loads of the nonparticipant homes. In
what follows, we contrast the DA commitment with the actual hourly
demand, and the DA and RT prices, using the results from the load
scheduling and energy sharing strategy.

Fig. 4a and b show the plots of the actual scheduled load, the cor-
responding DA commitment, and DA/RT prices for all 24 h of the day. It
can be seen that during the times of price spikes, the DA commitments
are higher and the consumption is shifted away, and vice versa. The
impact of price spikes can be seen during hours 10, 14-15 and 17-18 at
node 2 (see Fig. 4)a, and during hours 7-9, 10, 14-16 and 18 at node 3
(see Fig. 4b). The variations between DA commitment and actual con-
sumption are much more pronounced at node 3, as it has a higher
proportion of deferrable loads compared to node 2. Fig. 4c and d show
the EV charge/discharge patterns over the hours of a day. It can be seen
that, as expected, energy is drawn from the EVs at the times of price
spikes. By solving the corresponding SOCP formulation, similar results
are obtained for NBS model. Note that, the SOCP transformation does

350 1 Demand pattems
{ | —— Saiscted demand pattems
300 —— Day-ahead commitmant
—INon load

T
2 4 8 8 10 12 14 18 18 20
Hour of the Day

{a) Node 2

2 4 8 8 10 12 14 18 18 20 22 24
Hour of the Day

(b) Node 3

Fig. 3. Selected demand pattemns and corresponding DA quantities obtained from our solution for nodes 2 and 3 of the sample network; demand patterns adopted

from the DAY zone of PJM network.
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(b) Actual load schedule with DA commitment and
DA/RT prices at node 3
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(d) EV lot charge/discharge pattern and quantities at
Node 3

Fig. 4. Comparison of DA and RT prices and schedules, and EV charge/discharge pattern at nodes 2 and 3 of the sample network.

not modify the original variables of the problem, instead, it adds new
dummy variables to the formulation. Therefore, the solution of the
SOCP model, informed by GUROB], is also solution to the original NBS
model, and hence no further transformations are required.

Both the TCM and the NBS models are able to significantly reduce
the total cost of meeting the loads of the participating homes at both
nodes. To assess the savings, we first computed the cost at the dis-
agreement point, as benchmark, where homes do not participate in load
scheduling or energy sharing and always pay the DA price. The daily
cost reductions from the disagreement point per TCM model for nodes 2
and 3 are $11,339 and $16,912, respectively. The corresponding re-
ductions for the NBS model are $8,001 and $14,403. In percentages,
these reductions are 14.28% and 21.84% for TCM model, and 10.08%
and 18.6% for NBS model. Note that, the 100% fixed loads of the
nonparticipating homes are always scheduled in the DA commitment.
Hence, those homes are billed using the DA prices and do not share any
of the cost savings generated by the participating homes and EV parking
lots.

We now assess the fairness issue by examining how the total cost is
shared among the participating homes according to the TCM and NBS

models. Fig. 5 shows the costs per day for each participating

multifamily home sorted in an ascending order. Though the partici-
pating homes are identical, their costs per TCM model vary widely. The
costs to the homes obtained from the fairness driven NBS model, on the
other hand, are identical. This fairness is achieved at a much higher
total cost. The differences in the total cost between TCM and NBS
models at node 2 (node 3) are $3,338 ($2,509) per day. It may be noted
that, even for identical homes, cost allocation per NBS model may not
always be the same in the presence of DA commitment restrictions and
additional network and market constraints.

To demonstrate the ability of our models to accommodate hetero-
geneous participating homes, we considered a scenario where two
thousand homes can be scheduled over all 24 h, while the remaining
could only be scheduled from hours 12 to 24. Fig. 6 shows the TCM and
NBS costs comparison at node 2, where the first 2000 homes represent
the more flexible ones. For these homes, the TCM costs do not vary as
widely, which may be attributed to their high scheduling flexibility.
Also, both the TCM and NBS costs are significantly lower and close to
each other. It can be seen that lower load scheduling flexibility of the
remaining homes results in higher costs as well as relatively higher
difference between TCM and NBS models outcomes.

Hereafter, we implemented the bi-objective model (36) to examine
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the cost and fairness trade-off for identical homes at node 2. Fig. 7a
depicts the non-dominated frontier of the problem. It can be seen that,
as the unfairness decreases, the total cost to the participating homes
increases. There are only two ESNDPs: the one with zero unfairness
(NBS solution) and the one with maximum unfairness (TCM solution).
For a few selected points on the frontier, the corresponding daily costs
to the participating homes at node 2 (sorted in ascending order) are
shown in Fig. 7b. It demonstrates how the costs get higher and closer to
the NBS costs as the unfairness decreases. The above bi-objective
modeling approach allows us to sacrifice some level of fairness to re-
duce cost via a chosen value for Z‘EC ¢; + epy. However, this approach,
though perhaps elegant, is difficult to implement in practice as the term
EIEC ¢ + epy has no easily interpretable meaning for the participating
LCEs. Hence, we offer an alternative approach to address the trade-off.
The basic idea behind the approach is to bill the LCEs using the higher
(but fair) NBS cost, but schedule the loads and energy sharing using the
TCM approach, which should generally yield a lower cost. Subse-
quently, distribute the cost savings as rebate among the LCEs appro-
priately. Here is how the alternative approach can be implemented.
Schedule operations of the current hour of the day (per TCM model)

(14.17%) from the disagreement point (cost of nonparticipants) at node
2. The corresponding cost reduction at node 3 are $0.786/day (4.99%)
from the NBS cost and $4.38/day (22.7%) from the disagreement point
at node 3.

5. Concluding remarks

Our methodology considers a number of practical features of the
power markets, including actual price and demand data from existing
power grids, network constraints, day ahead commitment and price,
real time price spikes, optimal load scheduling and energy sharing
strategies, cost minimization and fairness of cost. It is demonstrated
through a sample network that neither strategies arising from total cost
minimization and fairness maximization may be ideal for the partici-
pants. Hence, a hybrid approach for operation scheduling and cost-
sharing is recommended, which is shown to yield significant cost ben-
efits to participants without sacrificing fairness. Promoting demand-
side participation among end-use consumers, feasibility of which is
demonstrated by our methodology, will bring added benefits of load
balance and increased reliability in power networks. The fairness con-
siderations embedded in the methodology will incentivize consumers
participation. Our methodology, however, has a few limitations that
require further work. Finding the Nash Bargaining Solution (even with
a Second order cone program transformation) is computationally
challenging, especially with a large number of load consuming entities
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Fig. 7. Nondominated frontier, and cost comparison between selected nondominated points for node 2.

in the aggregation. Regarding operational considerations, we assumed
that the availability of the electric vehicles in the parking lots are
known. A way to further generalize our model is to consider the parking
lots as smart hubs where these vehicles go in and out throughout the
day depending on their trip plans and parking/charging/discharging
needs. This will introduce additional complexity in the model as we
have to incorporate a transportation model to address vehicle avail-
ability and charging needs. Also, our methodology does not consider
individual electric vehicles as entities and hence fairness among them is
not considered. As a result, though cost may be equally shared by all
vehicles, some of their batteries may be subjected to more cycles of
charge and discharge and thus higher battery degradation.

Appendix A. SOCP transformation for the NBS approach
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Since the NBS formulation has a non-linear objective function, to solve it, we either need a non-linear solver or we can transform it into a second
order (mixed integer) cone program (SOCP). The later option was chosen as it can be solved more efficiently using commercial solvers such as

GUROBI and CPLEX.

As presented in Section 3.2, the feasible region of the optimal load scheduling problem can be modeled as a mixed integer linear problem. Hence,
a general formulation of the NBS problem in this context can be written as:

max Hf=| (di = cx(x, )
st. Ax+Gy€b
x,y20, x€ER", yeZ™

(37)

where, A is an m X n; matrix, G is an m X n, matrix, and b is an m—vector. Note that, an artificial variable w, could be introduced, such that

wy = (dy — ¢x(x, y)). Then, formulation (37) can be rewritten as:

max JTP_, we

st we = (dy — c(x, y)
Ax+Gy<€b
x,y20, x€R", yeZ™

Yk=1,.,p

(38)

It was shown in Charkhgard et al. [26] and Ben-Tal and Nemirovski [27] that a problem with the form of (38) can be formulated as a mixed
integer SOCP. First, a nonnegative variable y is introduced, and the model is modified to:

max y

P
s.t. Osyin Wi
k=1
wy = (dy = cx(x, ¥))
Ax+Gy€b
x,y20, xER", yeZ"

Vk=1,.p

(39

It is clear that maximizing y will push JJf_, wy to its maximum value due to the first constraint in the aforementioned formulation. An
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optimization problem with the form of (39) can be written as a SOCP by introducing a set of non-negative variables and constraints. Let t be the
smallest integer value such that 2' 2 p, then problem (39) can be changed to:

max y
st. 0gysT
oaer.‘"rz"‘
€1 € ol Vj=1,.,2"landl =1,..,.t =1
0<1f= Yj=1,.,p
0€¢'=T Vj=p+1,..2
=@ —cxy) Yk=1..p
Ax+ Gy €b

x,y20, xeR", yeZ"

The above formulation is a SOCP since any constraint of the form {u, v, w 2 0: u € oW} is equivalent to 4u, v, w 2 0:

(40)

5 v—w)2 viw
e (2] <22

[26]. This last formulation is better than the original NBS formulation since we can use the SOCP solver of CPLEX or GUROBI to solve it efficiently.

Appendix B. Generator cost functions

See Table 1.

Table 1

Generator cost functions used in the case study; adopted

from Das and Wollenberg [28].

Generator

Cost function

la
1b
lc
4a
4b
4c
5a
5b
5¢

0.100F; + 12B; + 100
0.100F; + 20B; + 30
0.100F; + 08B, + 40
0.100P; + 10B; + 50
0.100PF + 25E; + 150
0.100F; + 19, + 70
0.100F; + 17B; + 60
0.120F; + 18 + 50
0.085P; + 20F, + 80
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A Nash-bargaining Model for Trading of Electricity
Between Aggregations of Peers
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Abstract—In the last several years, the growth in household
solar generation and the lack of success of the feed-in-tariff
programs have led to the rise of peer-to-peer (P2P) energy
trading scl g pr s. However, a change that
has started more recently is the growth of smart homes
and businesses, of which loads are IoT controlled and are
supported by advanced metering infrastructure (AMI). This
has created a new opportunity for smart homes and businesses
to form aggregations (coalitions) and participate in cooperative
load management and energy trading. Unlike energy trading
among individual prosumers in most P2P networks, a new
trading opportunity that is emerging is between aggregations
of peers of smart homes and businesses and electric vehicles
(EVs). In this paper, we consider one such trading scenario
between two aggregations, of which one has smart homes and
businesses with load consuming entities (not prosumers), and
the other has EVs only. The aggregation with smart homes
and businesses derive cost reduction through optimal load
scheduling based on load preferences, market-based pricing
of electricity, and opportunity to trade (buy) energy from
the aggregation with EVs. Whereas the aggregation of EVs
optimally schedules charging to meet EV needs and uses stored
energy to trade (sell). A generalized Nash bargaining model
is developed for obtaining optimal trading strategies in the
form of plain or swing option contracts. A sample numerical
problem scenario is used to show that suitable contracts can
be derived that allow aggregations of peers to mutually benefit
from energy trading. Interactions among contract parameters
(such as strike price, option value, and option quantity) and
the relative market power of the aggregations are also examined.

Keywords: Aggregation of peers, peer-to-peer energy trading,
option contract, Nash bargaining solution

I. INTRODUCTION

Increasing adoption of internet-enabled load control and the
move towards real-time pricing of electricity are creating op-
portunities for end-use consumers (peers) to form aggregations
[11]. These aggregations are intended to reduce cost of the
participating peers by optimally scheduling their loads and
by trading energy. As these aggregations pay time varying
market prices set by the system operator, strategies for load
scheduling and energy trading depend on the hourly market
price variations, consumption preferences of the participants,
and any other prevailing network constraints. An aggregation
can comprise a variety of participating peers including smart
households and businesses, collection of electric vehicles,
battery banks, wind mills, and solar farms. Depending on their
composition, aggregations may have different characteristics,
such as load consuming only, load consuming with storage,
storage only, load consuming with storage and generation,

among others. These characteristics in turn guide their cost
minimization and trading approaches. For example, an aggre-
gation of only load consuming entities (ALCEs) will optimally
schedule its deferrable loads when the market prices are
lower. Also, to reduce the risk from spikes in market prices,
ALCEs may enter into contracts for electricity trading with
aggregations having storage capacities. Such trading contracts
can be drafted as option contracts. In this paper, we consider
energy trading between two aggregations, one comprising
smart load consuming entities only (ALCE) and the other is an
aggregation of EVs (AEV). For the energy trading contract to
be fair to both, we develop a Nash bargaining model using the
operational strategies of the both ALCE and AEV. We limit
our model to two aggregations in order to get better insight
into their interactions.

We first develop cost minimizing operational models for
ALCE and AEV. We consider that both aggregations buy
needed electricity from the grid (paying the market price) and
trade electricity using option contracts. The operational models
are then used to develop a generalized Nash bargaining solution
(GNBS) approach for designing option contracts. The approach
also incorporates relative market powers of the aggregations.
The ALCE is considered to have two types of loads, fixed and
deferrable, of which only the deferrable load schedules are
optimized. Deferrable loads in turn are considered to be of two
types: shiftable and adjustable. Shiftable loads are scheduled
at any time within their respective predefined time windows.
Whereas for adjustable loads, both the time of operation and
the level of power consumption can be altered while satisfying
their total power requirement within a predefined time window.
The EVs in the AEV are considered heterogeneous with
different battery sizes, arrival and departure times, maximum
and minimum allowable state of charge (SOC), and maximum
rates of charge/discharge. The price of electricity is consider
to be available to ALCE and AEV at the start of each time
interval of a day (say, an hour). Price is assumed to vary with
time based on demand, supply, and network conditions and is
considered as an exogenous input to our model.

It is assumed that ALCE and AEV predict the time-varying
electricity prices and optimize their daily operations. The
ALCE’s operational model is formulated as a mixed integer
program that schedules all loads of the day to minimize cost.
Electricity consumed by the ALCE loads is drawn from both
the network (based on the price) as well as from the AEV
(based on the contract). The AEV consumes electricity from
the network to meet the SOC requirements of the EV owners
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and also to store excess energy in the batteries to trade with
ALCE. The operational model of AEV is formulated as a

mixed integer program. It considers both cost and revenue.

The cost is the amount paid to the grid for electricity, and
the revenue comprises the payments it receives from the EV
owners and the ALCE. The AEV is also considered to pay
overcharge and undercharge penalties to the EV owners. These
penalties are incurred if at the time of departure from the
parking-lot, the SOC of an EV battery is either above or below
the charge level desired by the EV owner. A schematic of
the interactions between the ALCE, AEV, and the network
is presented in Figure 1. We consider both plain and swing
option contracts between ALCE and AEV. An option contract
is defined by its time window, strike price, option quantity,
and option value. The use of financial instruments like option
contracts is common in trading electricity between market
constituents (see for example [20, 23]). However, the design
of such instruments in the context of various forms of energy
trading among peers is still a growing research area.

MAIN POWER GRID ——ENERGY

= = = INFORMATION

i
e
ﬁﬂ&ﬂ,:in . OPTION \.
B ; CONTRACT)
AGGREGATION OF

AGGREGATION OF LOAD

ELECTRIC VEHICLE (AEV) CONSUMING ENTITIES (ALCE)

Fig. 1: Energy and information flow between ALCE and AEV

A. Contributions of this paper

Peer-to-peer trading in a power network is a well examined
topic, where peers are commonly assumed to be prosumers
(households with generation and storage capabilities). However,
growth of IoT and advanced metering infrastructure has lead
to the rise of a set of newly empowered peers, namely smart
homes and businesses and EVs. In our previous work [11], we
have shown how these peers are now able to form coalitions and
reduce their operational cost by engaging in demand response,
in markets with hourly price variations and price spikes. In this
paper, we demonstrate that, in markets with price variations and
spikes, aggregations formed by these peers can also effectively
engage in energy trading and derive financial benefits that are
fair to all. This is demonstrated by developing a generalized
Nash bargaining solution (GNBS) model for obtaining trading
contract between two aggregations and implementing it on a
sample problem. The operational optimization models for the
aggregations that we have formulated as input for the GNBS
model are also novel in how they schedule load consumption
and plan for energy sharing. Our contributions also include
a computational strategy where instead of solving the GNBS
model as one single nonlinear mixed integer program, we
separately solve the operational models and use their results
to solve GNBS model and obtain the contract parameters.

8}

B. Related literature

Peer-to-peer trading in power markets is an ongoing area of
research. Excellent reviews of the various aspects of prosumer-
based peer-to-peer energy trading can be found in [23, 25].
However, effective mechanisms to schedule load and trade
electricity in P2P networks are still in their early stages of
development [10, 25]. The concept of nonprosumer peers
forming coalitions to trade energy among themselves, as
considered in this paper, is relatively new. One such mechanism
has recently been modeled in [11], which demonstrates how an
aggregation of peers comprising smart homes and businesses
and EVs can generate cost savings and share it in a fair
and equitable manner among the participating peers. The
aforementioned paper considers a number of practical features
of the power market, including modeling of price and demand
data, network constraints, day ahead commitment, and real
time price spikes. In what follows, we review some of the
relevant literature in three categories: P2P trading mechanisms,
use of options contract in power markets, and EV based P2P
trading.

Bilateral contract networks as a new scalable market design
for P2P energy trading is presented in [14]. It considers both
real-time and forward markets for energy trading contracts
between generators and consumers with fixed and deferrable
loads and/or renewable sources. They show that utility-
maximizing preferences for these contracts satisfy conditions
essential for establishing the existence of a stable outcome
from which agents do not wish to mutually deviate. Forward
and real-time energy contracts were also considered in [27].
A coalition formation game framework is proposed in [24],
to help prosumers decide whether or not it is profitable
to bid its battery capacity in the P2P market for energy
trading. The proposed mechanism allows prosumers to compare
the benefit from participating in the P2P trading with and
without using its battery, allowing the prosumer to form
suitable social coalition groups. A discrete-time double-sided
auction model to enable energy trading between prosumers
in near real-time and forward markets was proposed in [5].
This device-oriented bidding strategy considers the physical
characteristics and the technical limitations of each device
type, such as EVs or heatpumps, and use them maximize the
system reliability. It was shown that prosumers can reduce
their cost on average by 23% using the proposed approach.
The main challenges towards real world implementations of
P2P mechanisms are to scalability and asynchronicity of
the negotiation process. The work in [13] analyzed these
challenges, by comparing distributed community-based market
approaches to decentralized and distributed versions of P2P
electricity markets. The computational properties of distributed
and decentralized algorithms (ADMM and RCI) for market
clearing were also assessed. It was shown that community-
based distributed approaches are faster and more robust.
Centralized and distributed P2P markets are also contrasted in
[9]. The paper characterizes the solution of the P2P market as
a variational equilibrium problem (without price arbitrage) and
shows that the solution corresponds to that of social welfare
optimization.
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Choice of option contract for trading of electricity in the
day-ahead market is studied in [21]. It is shown that the power
producers participating in both day-ahead and option markets
can get a higher share of the profit than those who only
participate in the day-ahead market. A multi-stage stochastic
model is proposed in [18] to determine optimal option and
forward contracts for risk-averse producers. It is shown that
option contracts can reduce price and availability risks in power
markets. Real options approach is used in [6] to evaluate
the economic value of demand response programs (DRPs).
A probabilistic model for a real option contract between an
aggregator and its customers can be found in [20]. The model
determines the option value i.e., the incentive paid to the
customers by the aggregator, for the right to engage in demand
response by shifting loads. Other examples of option contract
for electricity trading can be found in the literature, for example,
between generators and SO [3], demand-side customers and
SO [17], and among microgrids [16].

Although energy storage using stand-alone batteries is still
quite expensive, impending growth of EVs may soon offer an
alternative. It is estimated that the number of EVs in the U.S.
will grow to 145 million by 2030 [26]. Considering an average
battery capacity of 70 kWh, these vehicles have the potential to
optimally store and share up to 1015 GWh per day. There is a
significant body of literature on optimal operation of EVs i.e.,
optimal charging and discharging for trading (arbitrage). An
auction-based game theoretic approach for optimal charging
of a group of EVs over a finite horizon is examined in [29].
In [1], a stochastic programming methodology is developed to
maximize aggregator’s profit by optimally scheduling charging
of EVs under varying market prices. Auction games for P2P
energy trading using EVs in smartgrids is explored in [7]. A
double-auction based noncooperative game approach in [19]
examines how groups of PHEVs can benefit by selling a part
of their stored energy back to the power market. The work
in [2] examines P2P trading of electricity between two sets
of EVs resulting in a significant reduction of the impact of
charging process on the power network during business hours.
It is shown that the trading also greatly reduces the energy
cost paid by the EV owners.

The remainder of this paper is organized as follows. Section
II presents mixed integer linear programs to obtain optimal
operational strategies for ALCE and AEV for both plain and
swing option contracts. In Section III, the GNBS model is
presented and its solution approach is discussed. A case study
in Section IV developed using price and demand data from
PIJM market (in the U.S.) demonstrates the efficacy of the
GNBS model. Section V presents the concluding remarks.

II. OPERATIONAL MODELS FOR ALCE AND AEV WITH
OPTION CONTRACT

In this section, we develop separate operational models for
ALCE and AEV considering two different types of call option
contracts (plain and swing) for bilateral trading of electricity.

A. Operational Models with plain option

By participating in a plain call option, the ALCE holds the
right, not the obligation, to acquire a fixed amount of electricity

from AEV at a prespecified strike price during a time interval
within a given time window. The ALCE pays a fee (option
value) to the AEV for the right.

1) ALCE’s model for plain option: We consider that the
ALCE loads are of two types: fixed and deferrable loads.
Schedules of fixed loads are not controlled. Deferrable loads are
considered to have two subcategories, shiftable and adjustable
loads. Operation of shiftable loads can be scheduled at any time
within their respective time windows. Whereas, for adjustable
loads, both time as well as level of power consumption can be
altered, while satisfying their total power requirement during
operational time windows.

Each load consuming entity (LCE) ¢ within an ALCE
(denoted by C) has a set of shiftable loads denoted by S;.
For an individual load j € S;, the consumption level per unit
time is s;; and its length of operation is 7;;. The start and finish
time intervals within which shiftable load j can be scheduled
are denoted by TJTJ € T, where T denotes the set of all
time intervals of a day over which the loads are scheduled.
Let w;; denote a binary variable indicating on/off status of
the shiftable load j of i** LCE during time interval t € 7.
Then, we can write:

T
Zl'ijl = Tij, ViEC, VjESi. (1)

=T,

We denote the set of adjustable loads within a LCE 7 as A;.

The maximum (minimum) level of consumption per unit time
of individual loads j € A; is denoted by R_U (R;;) within the
allowable time window [R;, R;]. Let y;;; be a binary variable
indicating on/off status of the adjustable load j of i** LCE
during time interval ¢ € T, r;;;, be the energy consumption
level, and o;; be the total required consumption. Then,

Rijyije < rije < Rijyiji, VieC,Vie A, VEET, (2

RJ
Z?‘iﬁ:(n]‘, ViGC, VjEAL‘. (3)
t=R;
Let F; be the set of fixed loads and f;;; € F; be the Gt fixed

load of LCE 7 at time interval ¢. Then, the total energy that
LCE 7 consumes at a given time interval ¢ is:

dyy = Z fij[ + Z SijTijt + Z Tijts VteT,i€C.

JEF: JES: JEA:
(C))

Thus, the energy that the ALCE must buy from the grid at a
give time period is:

Y di—a, ts<t<t,
d, =4 i€ ] (5)

Z diy, Otherwise,

i€C
where ¢; is the energy bought form the AEV at time interval
t within the option window defined by time intervals ¢, and
te. Recall that a plain call option can only be exercised once,
and the ALCE has the right, but not the obligation, to exercise.
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Hence, we need to add the following constraints. Let z; = 1,
if energy is purchased by the ALCE from the AEV during the
time interval ¢ and 0 otherwise, and () is the option quantity.
Then we can write that

te

Y u <1, and g = Qz,

t=t;

Vi <t<te. (6

Let IT;, K and V' be the market price of electricity, the option
strike price, and the option value (paid once a day) respectively.
The ALCE aims to minimize the total cost of its LCEs using
the model below.

WME(KL Y, QT =

te
min Y Md,+ Y Kq+V, (7
teT t=ts
s.L., (1)—(6),

dl;diz-,(Jl:rijt >0, Vte T, VTECV_]E.AL (8)

Tijr € {0 1}, VteT, Vie CVJ €S, 9)
Yijt € {0,1}, vte T, VieC,VjeA;, (10)
z €{0,1}, VteT. (11)

2) AEV'’s model for plain option: Let B denote the set of
EV batteries in the AEV. For a given time interval ¢ € T,
energy balance of the battery b € B can be written as:

BoSot = PoSva—1 + Piy — Ppp» Vte T,VbeB, (12

where ¢, is the maximum capacity of the battery b, sy, € (0, 1)
is the state of charge of battery b at the end of time interval £,
p;t is the amount of energy that the b*" battery draws from
the grid at time interval £, and p,, is the amount of energy that
is extracted from battery. We assume that, the state of charge
of EV batteries are not allowed to be 0 nor 1, and hence the
following constraint is added to the model.

Syt < spe < S, VEET, Ve B, 0< Sy < Sy < 1. (13)

Furthermore, the charging (discharging) rate of a battery have
a technical upper bound, which in general is a convex and
monotonically decreasing (increasing) function of the current
state of charge. For simplicity, we assume the bounds to be
constant. Hence, we can write that

0< o < Pruh Vte T, Vbe B, and (14)

0<p, <P w,, VteT,WeB, (15

where P (P~) is the charging (discharging) upper bound,
and wy; (wy,) is 1 if battery b is charging (discharging) at time
interval ¢, and 0 otherwise. The next constraint guarantees that
the battery b is not in charging and discharging simultaneously

during time interval t:
wh +wy, <ww, VEET, VbeE B, (16)

where wy, is a binary parameter with the value of 1 if the bth
battery is connected, i.e., the EV is in the parking lot, and 0
otherwise.

We assume that the EV owners are assessed a flat price

g (¢/kWh) for charging, even though the aggregation (AEV)
pays to the system operator based on time varying prices. The
flat price assumption is considered to relieve EV owners of
price anxiety. Note that, the value of the flat price (g (¢/kW h))
can always be adjusted by the aggregation to meet its objective
(profit or non profit). Hence, AEV receives a revenue from
each EV equal to g(syr, — ss0)@s, Where sy is the initial
state of charge and 7}, € 7T is the departure time of the b"
EV. We denote the minimum required state of charge at the
time of departure of the b** EV as dyr,. Similarly, we denote
the desired state of charge at the time of departure as pyr;. If
the state of charge at the time of departure is above pyr,, the
revenue for the surplus energy is assessed by AEV at a lower
rate of g — ju1, where yuq is the overcharge penalty. The AEV
also pays the EV owner an undercharge penalty jio (¢/EWh)
for each unit of energy below py7, at the time of departure.
To calculate the total amount of undercharge and overcharge
penalties, we introduce two continuous variables as follows:

Vb e B, a7

ST, — POT, = Sll, = Slz,
where s}, s? > 0. Then the total overcharge and undercharge
penalty (revenue losses) are computed as /11 Z,,E B ¢);,s,1, and

1o E,,E B(;‘Jhsi, respectively. The option related constraints are
discussed next.

The following constraint is introduced to account for the
power that AEV commits to ALCE in the option window:

> vy = @(IL K)

beB

ts <t <te. (18)

The option quantity must be supplied using the stored power
if the option is exercised. However, the AEV does not know
the decision making process of the ALCE, therefore it must
estimate ¢;. We denote as estimate of the vector g given the
random price of electricity IT as g(IT, K'), or in component-
wise form, ¢,(IT, ). Hence the AEV’s model for the plain
option is formulated as follows.

YK, V,Q,II) =

. 1 2
min E E H[p;; + E Opsy, + L2 E Db 5,
teT beB beB beB

ta

— g(svr, — sp0)Pp — K Z @(IL K) -V, (19)

t=t,
s, (12)=(18),
Piys Pors 5ot 55, 55 > 0,
uﬁ,w;, e {0,1},

vte T, Vbe B, (20)
Vte T,Vbe B, (21)

where
(LK) = Qz(ILK), t,<t<t,, (22)
te
Z(ILK) = argmax Y (I, — K)%, (23)
z
t=ts
Le
gty ¥ & £ 24)
t=ts
2 €{0,1}, ts<t<t.. (25
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For simplicity of notation, we define C' = (K, V, Q) for the
plain option, and write the disutility functions as u*-“§(C, II)
and «*®V(C,TI). Note that these disutilities are random
variables.

B. Operational Models with swing option

Swing call option for electricity, as considered here, differs
from our plain call option in the following manner: purchase
of contract quantity can be divided among one or more time
intervals within the window; purchase quantities may have
time dependent bounds; the strike price may either be fixed
or vary for different time intervals; the ramp up/down rates of
quantity purchased may also be bounded.

1) ALCE’s model for swing option: In addition to constraints
(1)=(5) and (8)—(11) in the ALCE’s model for plain option,
we need a few other constraints as described below. In a swing
contract, if ALCE exercises the option, the energy bought at
each interval as well as the total quantity bought over the
contract window must satisfy

Quz <q1 < Quzy, ts<t<t,, and (26)
te

Qz<) @ <@z @7)
t=t.

where Q;(Q;) and Q(Q) are the lower (upper) bounds for
energy purchase during a time interval ¢ and over the total
contract window, respectively. Also, z, = 1 if the option is
exercised at time interval ¢ and O otherwise, and z = 1 if the
option is exercised at least once within the window. Therefore
the relationship between z;, and z is given as

te

> u < (te—ta+1)2 (28)

t=ts

Then the ALCE model for a swing call option can be given as
A E(K,V,Q1, Q1. Q, Q. TI) =
- e

min Y Id; + Z Kq +V, (29)
teT t=t,
st (1) — (5),(8) — (11),(26) — (28), z € {0,1}.  (30)

2) AEV’s model for swing option: Since the AEV is
subjected to the value of ¢, chosen by the ALCE, the same
general model proposed for plain option in (19) applies for
the second stage problem in a swing contract. However, the
first stage must consider the additional contract parameters.
Then we have that

(K, V,Qr, Qu, Q,Q,TI) =

min Y ) Tpy, + )y Gush + 2 ) Gusi

teT beB beB beB

te
—g(sem, —sw0)dw — K Y G(ILK)-V, (31)

t=tg

s.t., (12)-(18),(20), (21),

arg max Z(H‘ — K)q, (32)

ts<t<t, (33)

Qi< ) @<Qz G4
t=t,
Le

> f < (te—ts +1)7, 35)

t=ty

He{0,1} t,<t<ts, (36)

z € {0,1}. (37
For simplicity of notation, we define C’ =

(K,V,Q:,Q:,Q,Q) for the swing option, and write
the disutility functions as uA'CE(C’,TI) and w"EV(C’, II).
This two-stage formulation was adapted from [8].

III. CALL OPTION CONTRACT DESIGN

In this section, we present the model to obtain the optimal
strike price and option value when all the other option
parameters are given for the plain and swing option contracts.
We use the Nash’s approach to the bargaining problem to
obtain a fair option contract for both ALCE and AEV while
considering their relative market power.

The objectives of ALCE and AEV are to minimize their
disutility by establishing an optimal option contract. However,
since the objectives are in conflict, a contract that simultane-
ously minimizes their costs does not exist. In such a scenario,
the aggregators may cooperatively bargain with each other to
find the most appropriate contract. The bargaining problem
can be formalized as follows [28]. Let n = 1,2, ..., N be the
set of players, and S be a closed and convex subset of RY
that represents the set of feasible payoff (cost) allocations
that the players can get if they cooperate. Let uf denote the
minimal (maximal) payoff (cost) that the kth player would
expect without cooperation. The vector (S,ud, ..., ul) is called
a N-person bargaining problem. We chose the Nash bargaining
solution (NBS) to address the two person (ALCE and AEV)
bargaining problem. NBS is known to be invariant, Pareto
optimal, independent of irrelevant alternatives, and symmetrical.
In a bilateral negotiation, it is reasonable to expect that the
player with higher market power will have a larger share
of the benefits than the weaker player. To incorporate the
market power, we use the generalized Nash bargaining solution
(GNBS) approach [12]. The GNBS for the plain option contract
can be formulated as:

max (]E[uALCE(O, 1)) — Eu”-“(C, H)])u
(E[u = (0,11)] - E[w*™(C, ) RS
st (1) — (25),
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where o € (0,1) is an indicator of ALCE’s relative market
power, and E[u*'“E(0,TI)]) is ALCE’s expected payoff at the
disagreement point; E[u*EY (0,TI)] denotes the same for AEV.
The GNBS formulation for the swing option is similar to
that of plain option, the only difference being in the set of
constraints that define the feasible set. It can be written as

max (]E[UALCE(O._H)] - ]E[uALCE(C’,H)])a

(B (0,m)] - ERA™ (¢, ) Y 39
s.t., (1) = (5),(8) — (11),(12)—(18), (20),(21),
(26) —(28),(30),(32) — (37).

Note that, uALCE(C, II) and w"EV(C, II) can be written as

wALCE(CL TT) = wACE(K,0,Q,TT) + V (40)
«"BV(C,II) = «"BV(K,0,Q,TI) — V. (41)

Similar expressions can be written for the swing option.

In the rest of this section, we present an approach for
obtaining the optimal values of the option parameters. An
expression for the option value V' can be found using the first
and second order conditions for a given strike price K. Let,
for the plain option, we denote the objective function of the
NBS problem as N, where

¥ =(E5(0,m)] - EpA<E(c, m)))”
(R 0. m) - E™(c.m)) . @)

For swing option, the expression for IV is same as above with
C replaced by C".

Proposition 1. For any given K and @), the optimal option
value V' is given as

V=(1- u)(]E{uALCE(O,II)] - E[uALCE(é,n)])
2 43)
- (IE[UAEV(O,nn & lE[uAEV(C,l'I)]),

where C = [K,0,Q| for the plain option and C =
[K,0, &, Q. Q, Q| for the swing option.

The value of V in (43) maximizes N. Note that, since
V' does not appear in any of the constraints of the GNBS
model (38) and (39), we can use the first and the second order
conditions. Taking the logarithm of N and letting % =
0, we obtain the optimal V' in (43). It can be checked that
% < 0 for all & € (0,1). Note that the option value
V' can be obtained by independently solving the models of
ALCE and AEV.

Note that, if both K and V' are given, since there are no
other common variables between the ALCE’s and the AEV’s
models, the optimal solution of the GNBS formulation in (38)
and (39) can be found by solving the models of the ALCE and
AEV individually. However, if only V' is given, the optimal
solution of the problem can be found by effectively exploring
the possible values of K. Also, to obtain optimal values
for the option parameters (K and V') as well as the GNBS
solution, we need to asses the value of E[u**“E(C,IT)| and

E[u &V (C,TI)], for which we use the sequential Montecarlo
simulation approach as implemented in [21] and [20].

IV. NUMERICAL STUDY

The numerical study objectives are: 1) to evaluate the cost
and benefit of ALCE and AEV by entering into a bilateral
trading contract, and 2) to examine the optimal choices of
the contract parameter values. For this purpose we construct
a sample numerical problem as follows. It is considered, for
simplicity, that the ALCE and the AEV are connected to the
same node of a network. The ALCE is comprised of five load
consuming entities (LCEs), which are identical except that each
has a separate time window (3-11, 5-14, 7-14, 12-21, and
1017 hours) to operate its shiftable and adjustable loads. The
total load of the ALCE is obtained by scaling down load data
(by a factor of 240) from the DAY node of the PJM network
in the U.S. The scaling factor was chosen to make the scope
of ALCE’s operation comparable to that of the AEV, described
later. Of the total ALCE load, 40% is considered fixed and
the remaining 60% is divided equally between shiftable and
adjustable loads. The AEV is comprised of 200 EVs, each
with battery capacity rating of 30 kWh. We assume that all
EVs arrive at the parking facility at 8 AM and depart at 6 PM;
random arrival and departure of EVs have been modeled in
[22]. We also assume that EVs arrive to the parking facility
with an average of 50% state of charge (SOC) and have an
average desired SOC of 70% at the time of departure. The
minimum and maximum SOC at the time of departure are 60%
and 90%, respectively. It is considered that the EV owners pay
a flat price to AEV for charging @ 8¢/kWh. The AEV incurs
an undercharge/overcharge penalty (paid to the EV owners
@ 5¢/kWh) if the SOC of an EV at the time of departure is
below or above the desired SOC of 70%. The hourly locational
marginal prices (LMPs) of electricity at the network node,
where ALCE and AEV are connected, are obtained as follows.
We consider the LMP data from DAY node of the PIM network
during July 15, 2017 to July 30, 2017. From this LMP data,
we calculate the mean and variance for each hour, and use
those as parameters of the normal distributions that we assume
to describe the hourly LMP variations. Random samples from
these hourly distributions are drawn to generate a number
of daily price scenarios, which are used in the Montecarlo
simulation approach to solve the GNBS model.

Our GNBS model considers option quantity and market
power as input. The decision variables are strike price and
option value. However, since simultaneous optimization of both
decision variables is computationally challenging, we optimize
one parameter given the other. For the sample numerical
problem, the time window for the option contract is considered
to be from 3 PM to 6 PM. For the swing call option, the upper
limit for quantity in any given time interval within the window
is 250 kWh. Our model is implemented using Julia-0.6.2
and GUROBI 7.5.2. The results are summarized in Figures 2
through 4.

We first addressed our objective of assessing benefits of
ALCE and AEV in entering into a bilateral contract. For this,
we obtained the optimal values of their costs with and without
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Fig. 2: ALCE and AEV cost for different optimal strike prices
in plain call option

contract, for various combinations of contract parameters K,
V, and «, and a constant option quantity of 1000kWh. Figure
2 presents the results obtained from a plain option contract.
For each value of the ALCE market power (o) and a wide
range of strike prices (K), our solution approach obtained
the corresponding optimal option values (V') as well as the
expected costs for both ALCE and AEV (denoted as E[u”LCE|
and E[u”EV]). As observed from the figure, the cost reduces
with increasing market power, for both parties. The cost curves
have three distinct regions: for K values from $0/MWh to
$55/MWh, $55/MWh to $105/MWh, and over $105/MWh. The
first region presents a number of alternative optimal solutions
(i.e., various optimal combinations of K and V). In the second
region, the cost increases with K for both ALCE and AEV.
This is due to the fact that for X' >$55/MWh, the contract is
often not exercised as some of the daily price scenarios do
not exceed the strike price within the contract time window,
thus reducing the benefits derived from the contract. In the
third region, for X >$105/MWh, none of the daily price
scenarios generated for our sample numerical problem exceed
the strike price. This yields an option value of zero, and
the corresponding costs represent the case with no contract
(disagreement point). The disagreement cost for ALEA and
AEV are $3145.8 and $4, respectively. It is evident from the
results that, for the chosen numerical problem and the price
scenarios, the ALCE and AEV should select any strike price
that is below the threshold of $55/MWh to maximize their
benefits from a bilateral contract. The maximum total benefit
resulting from such a bilateral contract is $52.65 per day,
which is the sum of the differences between the disagreement
cost and cost for K below $55/MWh for ALCE and AEV.
Their respective shares of the benefit are @ x $52.65 and
(1 — @) x $52.65, respectively. Similar cost/benefit patterns
have also been observed for swing option, and hence not
presented here. We also examined benefits as a function of the
option quantity (@). Increasing trends for benefits vs. option
quantity were observed for both option types, for the range @
between 0-1000 kWh. This is depicted in Figure 3 for ALCE.
This increasing pattern should hold as long as ALCE has the
capacity to fully consume the option quantity. If @) grows too
large beyond ALCE’s capacity, then the plain option benefit
will sharply drop to zero. In our numerical problem, the AEV
did not have the capacity to offer () larger than what ALCE
can accommodate. Hence, we could not generate a scenario

30 s L s L
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25 | —&— Swing call option |-

&
=
920
S
i

o 20 40 60 &0 1000
Option quantity [Q, kWh]

Fig. 3: ALCE cost saving comparison for different option
quantites

where the plain option benefit would drop to zero.

Hereafter, per objective 2 of our numerical study, we
explored the relationships between the optimal values of the
contract parameters for plain option. Figure 4 (left) shows the
optimal option values (V') corresponding to a range of strike
prices (K), for various levels of ALCE market power (). The
optimal option values were obtained solving (43). It can be
observed that V' decreases monotonically (up to a certain point)
with increases in K. Interestingly, the value of V' drops below
zero in some cases, which indicates that, beyond a certain
value of K (e.g., approximately $36/MWh for a=0.8), the
GNBS makes the option value negative, where AEV pays the
fee to ALCE. For lower values of ALCE’s relative market
power, V' becomes negative at relatively higher strike prices.
Beyond a certain strike price ($70/MWh), the option value paid
by AEV starts to decrease (move towards zero). This is due to
the fact that, at such high values of K, an increasing number
of the price scenarios remain below the strike price, thus not
triggering the option purchase and reducing AEV’s revenue.
Further increases in the value of K gradually pushes the V' to
zero. It is observed that the turning point for V' is independent
of market power, as it depends only on the strike price and the
considered set of price scenarios. A similar trend is observed
(not presented here) for the swing call option, where the turning
point for V' is lower and approximately at K = $55/MWh.
This reduction is as expected since AEV’s revenue is higher
in plain call option in this numerical example. Figure 4 (right)
depicts the impact of option quantity () on parameters V' and
K, for a=0.2. We observe the following. V' increases with @),
albeit at a slower pace as K increases. Beyond a certain strike
price (e.g., K =$70/MWh), V' decreases with increasing Q.
Finally, if K is increased further (e.g., K >$75/MWh), V
remains constant at zero.

V. CONCLUDING REMARKS

Although energy trading in power markets is expanding
among prosumers at the peer-to-peer level, trading among
aggregations of end-use consumers has not yet been adequately
explored. In this paper, our objective has been to promote
local energy trading among aggregations of empowered end-
use consumers. We have developed a bilateral option contract
framework between two types of such aggregations , namely,

35



@
3

* [~m=ALCE market power () =0.2[
| |===ALCE market power (a) =0.5
™\s = =~ ALCE market power («) = 0.8/ |

—=—Strike price (K) = 0 SMWh

BO [ Strike price (K) = 10 S/MWh
| —A—Strike price (K) = 30 SMWh

7| === strike price (K) = 50 s/

IS
s
/

p 70 $MWh
T [==—strike price (k) = 75 smwn

°
Option value [V,$]
8 &

Option value [V,$]
: 5
°

s
S

”»

S

o ZI) 4'0 é 9‘0 N:)O 120 o 200 4(')0 660 H;D 1000
Strike price [K,$/MWh] Option quantity [Q,kWh]
Fig. 4: Optimal option values for given strike prices and
quantities (plain option)

aggregation of load consuming entities only (ALCE) and
aggregation of electric vehicles (AEV). The framework uses
a generalized Nash bargaining solution approach to find
the optimal contract parameters. Using a sample numerical
problem, we have examined the properties of two different
kinds of option contracts (plain and swing) and assessed
their benefits to the participating aggregations. We have
demonstrated via numerical results that the aggregations of
end-use consumers can benefit from bilateral contracts for
trading electricity.

Our methodology has a few limitations that may be ad-
dressed in future work. First, we have assumed that both ALCE
and AEV are loads on the same bus of the network. In practice,
energy trading can occur between aggregations connected to
different buses. In that case, congestion costs and differences
in hourly LMPs must be considered for option contract design.
This will require incorporation of an optimal power flow
model in our methodology. Second, we have assumed in our
model implementation that the EVs arrive to and depart from
the parking facility at set times. A more generalized model
implementation will consider the parking lots as smart hubs
in which the EVs come and go throughout the day depending
on their trip plans and charging needs. Finally, although we
incorporate relative market power in bilateral contract design
and examine its impact, it is not clear how to estimate its
numerical value. The traditional approach to study market
power in electricity markets uses concentration measures such
as the Hirschman-Herfindahl Index (HHI) or the quantity
modulated price index (QMPI) [15]. These measures are mostly
used to estimate generators’ market power and are used by
FERC as fundamental screening tools for merger analysis
in this sector. Research has shown that concentration based
measures can be misleading indicators of the market power
in electricity markets [4]. From a demand-side perspective, a
body of research agrees that market power is a function of
demand elasticity and the ability to respond to time-varying
price signals. However, how to estimate the relative market
power of peers engaged in energy trading remains an open
research question.
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Abstract

Shared autonomous electric vehicles (SAEVs) are expected to replace a significant fraction of
human driven ride sharing vehicles in cities and swrrounding urban areas. This change will only
be possible if proper cyber-physical system (CPS) infrastructure is made available to support
their operations. We address this need by developing a methodology for planning as well as
real-time decision making for operating a system of SAEVs and charging hubs located across
the serving area. The charging hubs are considered to host limited capacity battery banks and
photo voltaic (PV) generators. Our methodology considers a number of practical features of
power and transportation systems, including consideration of day-ahead load commitment by
solving an alternating current power flow model, real time price spikes of electricity, energy
arbitrage, randomness in passenger demand, balking of passengers while waiting for a ride, and
allowing charging for privately owned electric vehicles in the hubs. We demonstrated the utility
of our methodology by implementing it on a sample CPS. It is shown through numerical results
that the methodology is able to make planning decisions for day ahead commitment of power,
as well as make real time operating decisions for the SAEVs and the hubs (including for its
battery banks and PV generators). We also examine some of the system design issues such as
hub capacity needed to support a fleet of given size, and impact of hub capacity and fleet size on
system performance. We discuss the computational challenges of our methodology and propose a
simplified myopic solution approach that is capable of dealing with much larger fleet sizes and a
variety of hub capacities. Reduction in computation time and the optimality gap for the myopic

approach are examined.

Keywords— Shared autonomous electric vehicles, day-ahead commitment, cyber-physical infrastructure

1 Introduction

Shared autonomous electric vehicles (SAEVs) are expected to replace a significant portion of the human

driven automobiles on urban roads. The ride sharing companies serving cities and surrounding suburbs are
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Figure 1: A three-tier diagram depicting interactions between population demographics, road
network, and the power network in City of Tampa

soon likely to adopt a new business model, which will use SAEVs leased from large feet-owning companies
instead of cars owned and driven by individual contractors. However, switching to a fleet of SAEVs for ride
sharing will be feasible only if a proper cyber-physical system (CPS) is available for charging the batteries
as well as coordinating among the vehicles and the transportation needs. The CPS will comprise physical

hubs with charging stations, located across the service area, together with a supervisory communication

and control system that will optimally manage the real-time (RT) operation of the SAEVs and the hubs.

The hubs may have limited solar (PV) generation and stand alone battery banks. The hubs are capable of
discharging both the SAEV batteries and the stand alone battery banks for selling power back to the grid,
when appropriate (e.g., when the RT price of electricity is high). The hubs may allow private electric vehicle
(EV) owners to charge for a fee when some charging stations are not occupied by fleet SAEVs. Hence, the
control actions of the CPS will include the following: making day ahead (DA) power purchase commitment
for each hub, and making real time operating decisions. The real time decisions will include 1) choosing
the next action for each SAEV from among: serve a customer, charge or discharge at a hub, and idle at a

parking lot, 2) for battery banks at each hub, either charge using grid/PV power or discharge to SAEVs

and/or back to the grid, and 3) select the number of privately owned EVs to allow charging at each hub.

Figure 1 presents a schematic of the interactions among the 3-tiers of infrastructure (geographic distribution
of the population centers, the road network, and the power network) that is supported by the CPS.

In this paper, we develop a model-based methodology to obtain optimal operational strategies for a
system of SAEVs and CPI serving an area. The objective of our methodology is to maximize the operational
revenue of a given system for varying transportation demand and electricity prices. The system includes a
fleet of heterogeneous SAEVs and a set of hubs characterized by their location, number and type of charging
stations, PV generation capacity, and size of battery bank. It is assumed that there exists a varying level
of demand for charging of privately owned EVs, which the system can serve, when deemed appropriate, to
increase revenue. The operational revenue sources (for both income and expenses) are the following: passenger
fare, selling power back to the grid, fees from the private EV owners, payment to the grid for electricity

consumed, and parking fees for idling SAEVs. We consider that the operational decisions for the fleet and
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the CPI are made by an operator as follows. S/he first commits a fraction of the estimated hourly charging
load in the day ahead market, considering that any shortfall (excess) can be bought (sold) in the real time
market. Thereafter, the fleet operator makes the real time operational decisions. The methodology is thus
formulated as a sequential two-stage model. The first stage solves for the day ahead electricity purchase
commitment decisions using a two-stage stochastic program, which considers the uncertainties in hourly load
consumptions and real time prices. The second stage is formulated as a robust mixed integer linear program
that decides the optimal actions in short time intervals for the SAEVs and the hubs.

The key contribution of this paper is a new methodology for operational decision making in an emerging
cyber physical system (CPS) supporting both transportation and electric power networks. The application of
the methodology on a sample problem yields insights for how to design such a CPS, for example determining
the number of SAEVs, the number of the hubs with their locations and capacities, charging technology, and
PV and battery bank sizes, together with whether to allow charging of privately owned EVs. Our methodology
considers a number of practical features of power markets and the transportation sector including two-time
scale (DA and RT) power market settlement, prices spikes in the RT market, power network constraints
via AC optimal power flow (ACOPF) model, time varying travel demands, and balking of passengers.
Our methodology addresses uncertainties in the RT electricity prices, PV generation, charging demands of
privately owned EVs, and travel demand for the fleet vehicles. The novelty of our methodology also includes a
reformulation of the model presented in Zhang et al. (2016) for SAEV scheduling and routing, which resulted
in a reduction in the number of integer variables making the model easier to solve for a larger number of
vehicles. The other novelty of our methodology is the integration within the transportation model a number
of power network related constraints, which have been traditionally ignored; most of the openly available
literature on electric vehicle integration focuses either mainly on the transportation aspects with simplifying
assumptions about the electric power issues or vice versa.

Our methodology will create a number of other opportunities to benefit the electric power systems. As
vehicle electrification soars, the percentage of electricity consumed for transportation will rise dramatically.
A sizable part of this increase will be due to proliferation of SAEV-supported passenger ride sharing. Hence,
a cyber-connected infrastructure for planned charging/discharging of large fleets of SAEVs will create an
opportunity for network load balancing. Moreover, the temporal arbitrage potential of these fleets of vehicles
would help power systems operators to reduce reserve generation requirement for maintaining system reliability.
This will help to reduce operational cost of the power networks and consequently reduce cost to all consumers.

The rest of the paper is organized as follows. Section 2 presents a brief review of the recent literature on
EV and SAEV operations. In Section 3 we give an overview of the step by step approach of our methodology.
Section 4 contains the models used in each of the steps of the methodology, namely the ad hoc vehicle
scheduling and charging model (Sectiond.1), load schedule and market clearing price estimation models
(Section 4.2), two-stage stochastic model for day ahead commitment for the hubs (Section 4.3), and real
time operational model (Section 4.4). The operational methodology is implemented on a case study built
using demographic, transportation, and electric power information from the City of Tampa and its suburbs.
Results from the case study are presented in Section 5. Due to the computational complexities of some of
the steps of the operational methodology, an alternative myopic modeling approach and its comparative

performance are presented in Section 6. Section 8 contains the concluding remarks.

41



2 Related literature

Though there is abundant literature on charging of privately owned EVs, work on SAEVs addressing issues
like strategies for charge and discharge, locating charging stations, and algorithms for real-time control are
still very limited (Iacobucci et al. 2019). Our study reveals that almost all of the relevant models for operation
of EV or SAEV focus primarily on either the transportation or the electricity aspects of the problem. For
example, charging-facility (hub) sizing and location models are typically approached from the transportation
perspective. Whereas the models for optimal operation of the facilities deal mostly with power related
considerations. Hub sizing and location models consider temporal-spatial distribution of the origin-destination
of the trips, space availability across the road network, and charging strategies with implicit assumption that
the power network related constraints are satisfied. On the other hand, the operational models are formed
using electricity network characteristics, such as varying electricity prices, arbitrage contracts, active and

reactive power, voltage capacities, and other network constraints, while considering the transportation related

parameters as exogenous. In what follows, we examine the related literature on operation of EVs and SAEVs.

Optimal operation of EV fleets has received much attention in the recent literature. Operation of EV
parking/charging lots at workplaces and commercial buildings by making power purchase commitments in
the day ahead market is examined in Sedighizadeh et al. (2019). The paper considers uncertainties in the
demand for charging, EV arrival and departure times, and electricity prices. However, some of the common
features like providing services to the grid (e.g., load balancing) and charging of the EVs by renewable
generation are not included. A real-time charging scheme for EV parking lots enabling them to participate in
demand response programs is studied via a deterministic model in Yao et al. (2017). The model manages the
impact of the parking lot on the power grid by setting a maximum limit for the power drawn at any point
in time. It considers the charging priorities of all connected EVs to satisfy energy requirements while also

guarantying fairness. The authors in Subramanian & Das (2019) present a model to study how increasing

demand response capacity of a growing number of EV parking lots will promote dynamic pricing of electricity.

The model considers day-ahead and real-time settlements, power network constraints (including congestion),
real time prices uncertainties, and a granular parking lot operation with a large volume of EVs comprising
different models, battery capacities, and charging needs; injecting power back to the grid or any other forms of
temporal arbitrage are not considered. A model offered in Turan et al. (2019) minimizes power consumption
and losses of an EV parking lot that is supplied by the grid as well as rooftop photo-voltaic panels. The
model features include charging from non-dispatchable generation, dynamically varying electricity prices,
reserve power for grid support, and meeting network capacity constraints.

Several papers on the operation of SAEV fleets and location of charging hubs have appeared in the
open literature. A model proposed in Lam et al. (2018) studies how to coordinate a fleet of autonomous
EVs to park at appropriate parking facilities to support vehicle-to-grid services. The authors also develop a
distributed algorithm based on dual decomposition to solve the model efficiently. The model does not consider
the electricity price and assumes that the availability of all vehicles is known in advance. A fleet of SAEV
is simulated in Chen et al. (2016) via a discrete-time agent-based model to examine the capabilities of this
vehicles to be shared, self-charged, and right sized considering passenger travels needs. The simulation model
results are used to analyze the impacts of vehicle range and charging infrastructure on fleet size, charging
station location, ability to meet trip demand, user wait times, and induced vehicle-miles traveled. The above
agent-based simulation model was extended in Farhan & Chen (2018). The extended model determines the
optimal routes to pick up and drop off multiple travelers within a given time interval using vehicles with
fixed seating capacities. Thus the problem is formulated as a capacitated vehicle routing problem with time

windows, which is then decomposed into a number of subproblems. The solution methodology first assigns
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travel requests to vehicles, and then constructs an itinerary to pick up and drop off the travelers. According
to the authors, Farhan & Chen (2018) is the first study that analyzes the dynamic ridesharing operations of
SAEVs from the perspective of a fleet operator. A two-stage multi-objective optimization model for planning
of an autonomous connected electric vehicle (ACEV)-based car-sharing system is given in Miao et al. (2019).
Each stage is a multi-objective optimization model where both users and service providers objectives are
considered. The authors also propose a hybrid parking mechanism to attain a compromise between user
flexibility and system management efficiency. The work presented in Kang et al. (2017) offers a framework to
optimally design a fleet of autonomous electric vehicles. The framework comprises four components, namely,
fleet size and assignment schedule, sizing and location of charging stations, vehicle powertrain requirements,
and service fees.

A methodology to simultaneously optimize SAEV charging, routing, and rebalancing can be found in
Tacobucci et al. (2018a). It considers different time frames for the transport services and charging of the
SAEVs by using a model-predictive control approach. The charging of the vehicles is optimized over longer
time scales to minimize electricity costs. The results from the charging optimization problem are used as
constraints for the vehicle routing and rebalancing problem, which is optimized at shorter time-scales to
minimize waiting times for the passengers. The objective function for the above methodology is formulated
as the weighted sum of the passenger waiting time, rebalancing time, and the cost of electricity, which is
assumed to be known. The methodology in Iacobucci et al. (2018a) was extended in Iacobucci et al. (2019)
to consider injecting power back to the grid (V2G). According to the authors, optimal rebalancing of SAEVs
and their charging with time-varying electricity prices have not been presented to the literature earlier. A
mixed-integer linear program to optimally schedule charge and discharge of an aggregation of SAEVs to
minimize total operational costs of microgrids or virtual power plants can be found in Iacobucci et al. (2018b).
Our methodology for optimal joint operation of a system of hubs and a large fleet of SAEVs differs from
the literature discussed above in a number of significant ways. Instead of assuming time varying prices of
electricity to be known, we incorporate power network operations in our methodology by embedding an
ACOPF model. The ACOPF model yields the day ahead market clearing prices (MCPs) considering power
consumption by the base load (of the community) as well as the loads generated by the SAEVs, which are
determined by the vehicle scheduling and charging strategies. We model the time varying real time prices at
the nodes by using the MCPs and estimates of frequency and amplitude of price spikes. We use the DA and
RT prices to make the DA commitments for the hubs, which are then used to solve a real time model for
making operational decisions for the SAEVs (i.e., to serve a demand, to charge, to discharge, or to park and

idle). The hubs are assumed to have limited solar generation and battery storage capacities.

3 Overview of the Operational Methodology

In this section, we present a brief outline of the steps of our methodology. The complete details for each
steps are presented the subsequent section. The methodology has the following steps: 1) for a large number
of days, we use daily historical data on electricity prices, transportation demand, PV generation at the hubs,
and EV charging demand to develop ad-hoc load schedule scenarios for the hubs, and then select a smaller
representative subset using a scenario reduction technique, 2) for each selected load scenario, we solve an
ACOPF model to estimate the DA MCPs and the corresponding RT prices, 3) we then use these MCPs and
RT prices to obtain the DA commitments for each hubs, and 4) given the DA commitment, RT prices, and
demands for transportation and EV charging, we solve a RT operational model to obtain optimal strategies
for the CPS.
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e Step 1. Develop ad hoc load schedule scenarios: For this step, we first gather a large number of daily
time varying historical data sets on prices of electricity, transportation demand for SAEVs, amount
of PV generation at the hubs, and charging demand for privately owned EVs. For each daily data
scenario, we solve a planning model to obtain a system operational strategy that maximizes the gross
profit. The gross profit includes: fare received from the passengers, receipts from selling power back
to the grid, charging fees from the private EV owners, payment to the grid for electricity consumed,
and parking fees paid for idling SAEVs. The planning model yields, for each daily data scenario, a
time varying load consumption schedule for each hub. A scenario reduction technique, available in the
literature, is then used to select a small subset of the load schedules at the hubs. As alluded earlier,
the system operational strategy obtained by the planning model comprises decisions on 1) choosing
the next action for each SAEV, namely, whether to serve a customer, charge or discharge at a hub, or
idle at a parking lot, 2) operating the battery banks at each hub to either charge or discharge, and 3)
selecting the number of privately owned EVs to allow charging at each hub.

Step 2. Calculate DA MCPs and RT prices: For each of the selected load schedule scenarios from
step 1, together with the existing base loads in the power network that supports the hubs, we solve an
ACOPF model. The ACOPF yields the DA MCPs at each node. Using an existing approach from
the literature, we use the DA MCPs to generate daily RT prices with spikes of chosen amplitudes and

frequencies.

Step 3. Obtain DA commitment for each hub: In this step, for each load schedule from Step 1 and
corresponding DA MCP and RT prices from Step 2, we use a two stage stochastic model to determine
DA commitment for each time interval for each hub. The two stage stochastic model minimizes cost of
power purchase by optimally balancing purchase from the DA and the RT markets considering the

variations in MCP and RT prices over the time intervals of a day.

Step 4. Develop a real time operational strategy for the CPS: In this final step of our methodology,
we use a robust version the planning model of Step 1 to accommodate the uncertainties associated with
parameters such as transportation demand, RT prices, PV generation at the hubs, and EV charging
demand. Instead of assuming the uncertain parameters to be known for all time intervals of the day,
as in the planning model, the real time model is solved for each time period (say, an hour) while
considering a range of possible values for the parameters, based on their confidence intervals, in the

remaining time periods of the day.

Operational Methodology

In this section, we present the models for each of the four steps of our methodology. All notation used in

these models is introduced as needed. However, a list of the complete notation is included in Appendix A for

ease of reference.

4.1 Planning Model for Ad-Hoc Load Schedules

The planning model is formulated as a mixed integer program with the objective of maximizing the gross

profit from the operation of the CPS. The operational elements considered in the model are: serving the

transportation needs, charging and discharging of the SAEVs and the battery banks, utilization of the PV

generation, and acceptance of EV charging requests. In what follows, we develop all the necessary constraints
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associated with transportation (1)-(6), energy (7)-(19), and privately owned EVs (20)-(23). Thereafter, we
present the objective function of the planning model.

The transportation problem formulation considered in our model is inspired by the vehicle scheduling and
routing model for autonomous mobility-on-demand systems proposed in Zhang et al. (2016). This model was
expanded to consider charging constraints in Iacobucci et al. (2018a) and V2G in Iacobucci et al. (2019). The
model formulations in these papers keep track of the vehicles’ position while traveling within an arc, which
significantly increases the complexity of the models. We develop a simplified version of the original model
presented in Zhang et al. (2016) and extend it to consider balking of the passengers and power-market-related
constraints as follows.

Let T be the set of all time periods, N be the set of all nodes in the transportation network, and A be
the set of all arcs in the network. We define 7;;; and d;j; as the number of passenger demand arrivals and the
unserved demand, respectively, at node i with destination j (i, € A) at time ¢ € 7. Let B denote the set of
all SAEVs. Let B is the set of all SAEVs. We define for b € B 1’?]’1 = 1 if vehicle b departs with a passenger
from node i € N to node j at time period ¢, and 0 otherwise. The demand left unserved in any given node is
equal to the number of customers already waiting, plus the new arrivals, minus the demand served at the

current time period:

dijip1 = (L= B)dije + Yije — Zl‘?ﬂ — bijis Y(i,j) e AteT, (1)

beB
where 8 € (0,1) denotes the fraction of the already waiting customers that balk and the dummy 0 < b, <1
is introduced to cancel out the fractional part of (1 — 8)d;;; (avoiding infeasibilty for any 3). Let H and P
be the subsets of the nodes in the transportation network in which the smart hubs and parking facilities are

located, respectively. We define 2}, = 1 if vehicle b waited in node i from time ¢ — 1 to time ¢, and 0 otherwise.

Then, the following constraint guarantees that SAEVs park only at nodes with parking lots or smart hubs.
25 =0, VteT,beBig¢HUP (2)

Let yé’ﬂ = 1 if vehicle b is departing empty from node 7 to j at time period ¢, and 0 otherwise. Also let be
p?l = 1 if at time period t, the vehicle b arrives at node i at time ¢. Then, the following constraints determine
if vehicle b stays at, arrive to, or depart from node 7 at time .

An SAEV arrives to node i at time t if it departed from node j exactly 7;; time units before, where 7;;
is the travel time between nodes j and 7. The following constraints considers the arrival to node 7 from all

possible j.

A L VieN,teT,beB. (3)
(i) €Ay <t

Constraint (4) ensures that the vehicle will either stay parked at a node or depart from it, both actions can

not happen simultaneously.

Z(Z?ALH + Z x?jt + Z y?jt) <1, Vte T,beB. (4)
iEN (i,j)eA (ij)eA

The next constraint considers that a vehicle is either arriving to a node, it was already parked there or neither.
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Hence, we have that
2+ P <1, VieN,teT,beB. (5)

An SAEV stays at a node for the next time period if it was already idling at a node and did not depart

in the current time period. This considered in the following constraint.

2 =2+ 0k — Z (@ + Y2i0)» VieN,teT,beB. (6)
(i,j)eA

In the remaining part of this subsection, we model the vehicle charging aspect of the problem. We
consider a system of smart hubs located at different nodes of a transportation network. The SAEV fleet
operator coordinates the fleet of SAEVs to meet the transportation demand of the city while satisfying
charging needs of the vehicles. Charging schedule depends on the varying electricity prices at the nodes and
the transportation demand. In addition to the fleet of SAEVs, the smart hubs are considered to offer charging
services to privately owned EVs. the fleet operator may charge SAEVs when the prices are low and sell the
excess energy to the grid if the prices are high enough. The DA commitment of the system of hubs may also
be sold back to the grid if the RT prices rise significantly. Finally, we consider that each hub also has a bank
of stand-alone batteries and rooftop solar generation which give additional flexibility to the operator. The
fleet of SAEVs is subject to routing constraints (1) — (6) as well as some charging constraints as follows.

Let ¢, denote the battery capacity of SAEV b, ¢® be the energy consumed by SAEV b per unit time
period on the road, p;’j be the total charge added to SAEV b at hub A at time period ¢, and pﬁ’lf be total
energy discharged from SAEV b at hub % and time period ¢. The state of charge of SAEV b (s?) changes over
time depending on whether the vehicle is charging, discharging, idling or traveling. Then, we can write the
energy conservation of SAEV b as

¢b.sf+1 = ¢psb + z pl,’:,r - Z p',’lf —e(1 - Z zl-b)H_l) YteT,beB. (7)
heH heH ieN

Note from (7) that if SAEV b has been parked at any node 7 (i.e., zﬁ 1+1); then the last term is equal to zero
(no energy consumed). Total energy charged to an SAEV b might come from either the grid (g2, ), the rooftop

solar system (f7,), or the bank of stand-alone batteries (¢},). Then, we can write the total amount charged as

Pht =€ + Fis + G VteT,beBheH, (8)

where
e < FR™zh e VteT,be BheH, (9)
ehe < Enzp g vte T,be B,heH. (10)

and F{*** is the installed solar power and E}, is the aggregated battery capacity. Note that F;"** and E}, are
acting as big-Ms in these equations. We assume that both the charge and discharge rates are constant and

denoted by PT and P, respectively. Hence, we can write that

of < Prwdf vteT,be BheH, (11)
by <Pl vte T,be BheH (12)
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where w?: and ’”Zt_ are binary variables equal to 1 if SAEV b is charging or discharging, respectively, at
hub h at time period ¢, and 0 otherwise. The next constraint guarantees that 1) the SAEVs can charge
or discharge only if they are parked at a hub and 2) they are not charging and discharging simultaneously
during time period t:

wif +wly <2y vte T,be B,heH. (13)

In general, the state of charge of SAEV batteries is not allowed to be either 0 or 1. We define S, and S, as
the minimum and maximum allowable state of charge for SAEV b at any time, respectively. Then SAEVs

state of charge is bounded by
8% < sb < 80, vt eT,beB. (14)

Let P,j' , and P, be the charging and discharging rates, respectively, of the bank of stand alone battery
at hub h. Let gp; and f,l'ﬁ be the fraction of the energy charged to the bank of stand-alone batteries coming
from the grid and the available solar power, respectively. Let p;, denote the total energy discharged from the
bank of stand-alone batteries at hub A and time period ¢ and sy, denote its state of charge. Then, power

conservation of the bank of stand-alone batteries is given by:
Enshit1 = Ensne + gne + fi, — Prs VteT,heH. (15)

where both the charging and discharging rates of the battery bank are bounded as:

gne + i < P VteT,heH, (16)
P < Py s VteT,heH. (17)

Energy discharged from the bank of stand-alone batteries is used to 1) charge the SAEVs and the privately
owned EVs at the hubs, and 2) to sell in the RT market (denoted by p;,). Hence, we can write that

P =D en+ehs + P Vte T, he#H, (18)
beEB

where, (i,EuV is the total energy added form the bank of Stand-alone batteries to the privately owned EVs at

hub h at time period ¢. Similarly, the available solar power at the hubs (F},;) is used to 1) charge the parked
SAEVs, the bank of stand-alone batteries, and the privately owned EVs ( f,ﬁv), and 2) to sell in the RT
market (f,,). Then we have that:

Yo B B el fn = Fi VteT,heH. (19)
beB

If deemed appropriate, hubs’ operator will disclose available charging stations to privately owned EVs.

The EV owners will pay the RT price of electricity plus a fee (5 per time period they stay charging at the
hubs. Without loss of generality, we consider that each EV will request v number of time periods to the hubs
(v={1,---,V}, where V is the maximum number of time periods that a privately owned EV are allowed
to stay (charging) in the smart hubs). Let W}, be the number of EVs requesting v time periods at hub h
at time period t, and wy, is the number of requests that are accepted. The EV charging requests that are
accepted in the current time period will occupy charging stations at the hubs at the beginning of the next
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time period. Then, we have that:
wh 41 < Wiy, YheH,teT. (20)

The number of charging stations used by the privately owned EVs at any time period (cp) is equal to
the number of accepted EVs in the current time period, plus, the number of EVs that were charging in the

previous time period:

\'4 \4
che =) Wh+ D W, (y1)s YheH,teT. (21)

v=1 v=2

As the total energy consumed by the privately owned EVs is supplied by the grid (g,ﬁv), the bank of

stand-alone batteries (e£), and solar power (f£"), we have that:

ens +fn +gn = Ptem, VheH,teT. (22)

The number of available charging stations for SAEVs at any given time period is C}, — ¢, hence we have
that:

3wl + k) < O —ene VheHteT (23)
beB

We consider that the SAEVs can park at city parking lots, which has cost a;, for each time period it stays
parked. The SAEVs also pay the cost of electricity consumed () to the SO. The revenue for the fleet and
the hub system comes from three sources, namely, energy sold to the grid (valuated at 7, ), payments from
privately owned EVs, and payments received from the passengers (¢, per time period on the road). Then,

the smart hubs operational model can be formulated as:

max ZZ Z yi'lT,-jz?jl - Z Z Z rx,,zg, = Z Z Wllt(z (g[;’u = P?,T)

teT beB (ij)eA PEP tcTbEB heH 1T beB
+ ght _ﬁ[:[ = fh_z +.‘1}ﬁv) + Z z“lltp+f5ht + Z ZC}LUM (24)
heH 1T heH 1eT
s.t., (1) - (23)

Each of the terms in the objective function correspond to the following:
. ZteT‘ ZbeB E(i,j)eA wtrij:z?ﬂ: fee paid by the passengers
R
® > ep 21T Dper OpZp: Parking cost

® D et e Thi ( 2 beB (ggl —pg;) + Ght — Py — fra + gf,v): total electricity cost, including power
bought and sold by the SAEVs and the stand-alone batteries, solar power injected to the grid, and
power bought by the privately owned EVs

o Y en 2eTThiPen + Y e DoieT Cacne fee paid by the privately owned EVs, including RT price
of electricity and cost of using the smart hubs

We solve two modified versions at different stages of the methodology. First, we solve a deterministic
version of the model in the “Ad hoc load schedule” step, and then we robustify the model in the “MPC-based
RT operation” step. In what follows, we describe each of the steps of the methodology.
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4.2 load Schedule and Market Clearing Price Estimation

In this step, we generate an ad hoc load schedule based on historical data. This schedule serves as an input for
the day-ahead commitment model, which is described later. A few parameters of our model that are required
for this step are: electricity price (mp, which is function of the DA and RT prices), charging demand of the
privately owned EVs (captured by W}!,), available solar power (F},;), and passenger arrivals (7). All these
parameters are stochastic. We construct distributions for these parameters based on prior information, and
generate random samples of the vector V = {mns, Wi, Fue,Yije }, Vi, j, t, h. Then, we can obtain the minimal-
cost load schedule for each hub and for any given realization of V as Dy = Y ;5 g +gr, +gEV*Vhe H,it € T,
where the values of the variables are obtained from the optimal solution of (24), subjected to (1)-(23). Let V7
be a realization of the random vector V. Then, we denote the set of minimal cost load schedule scenarios for
each hub h as Dy, = {Dp,(V7) : Vt,j = {1,- -+, N}}, where N is the number of randomly selected samples of
V. We select a relatively large value for N so that the variations of the components of V are well represented
in the samples.

To reduce computational burden in the DA commitment process, we select a representative subset of the
load schedules, using a scenario reduction technique adopted form Growe-Kuska et al. (2003). This technique
selects a subset of the load scenarios, denoted by €2, and it assigns to each a probability of occurrence
pu® Vw € . We use the load schedule Df, and the generators DA bids to solve the ACOPF model presented
in Appendix B (Equations (43) — (55)). Solution of the ACOPF model yields an estimate of the day-ahead
market clearing prices (MCP%,) at each bus n € N'. The ACOPF model is solved in practice for each hour of
the day, whereas our operational model has shorter time periods. Hence, to solve the ACOPF model for each
hour, we sum the loads of all time periods within the hour. Note that, more than one hub may be directly
connected by a single bus in the grid. The total real and reactive power load at each bus is equal to the sum
of all the loads connected to the bus (houses, industries, the hubs, etc.). The real power load of each hub h,

in a given scenario w, is equal to D, while the reactive power demand is a fraction of Df,.

4.3 Two-Stage Stochastic Model for Day Ahead Commitment

Using the method proposed in Das & Wollenberg (2005), we estimate the RT prices at bus n as 7%, =
MCP3, (1 + ¢|, where € = Mie; + Maco. The values of the random variables ¢; and e are drawn from normal
and Cauchy distributions, respectively, and (M;,My) is a bivariate random variable that takes values of (0,1)
with probability ps and (1,0) with probability (1 — ps), where ps denotes the probability of occurrence of
price spikes. The normal random variable ¢; captures the usual variability in the real time prices, whereas
the Cauchy random variable e» generates the price spikes. Using the load schedules of each hub (D},),
the estimated market clearing prices (MCP})), and the corresponding real time prices (7%,), we develop a
two-stage stochastic model to optimally determine the DA commitment.

The two-stage model assumes that each hub can sell (buy) excess (shortfall) quantities in the RT market.
We denote phD,A as the quantity committed to in the DA market by hub h at time period ¢. Then, the hourly

ﬁA for all time periods belonging to the hour. Let p‘,‘;"RT"' and

DA commitment is equal to the sum of the p,
p;;:l,nT— be the quantities bought from and sold to the RT market, respectively, by hub h at time period ¢ in

scenario w € . Then, the DA commitment for all the hubs is obtained by solving the following model.

i [pw DA \RT : RT—
min 30w [ 3 (MCPEaRY + mni™ — (ms — 60|

weN teT neN heHn
s.t., pRA+ p‘,‘:[RT"' - p‘,‘l’“RT_ =D& YVheH,teT,we,
(25)
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where #,, is the set of hubs directly connected to bus n, and 677 is a penalty for not using the DA committed
quantity. The objective of the above formulation is to minimize the expected electricity cost of the system of
hubs.

4.4 Real Time operational model

Once the DA commitment for the hubs is made, the SO discloses the DA prices, m5*, and the fleet operator
PAYS D pen DT mPAPRA. We divide the power bought form the grid, at any time period, using its DA

and RT components as follows.

gb, = ghPA 4 ghRT, VYheH,teT,beB, (26)
Ghe = .‘lm + ghi t Yhe H,teT, (27)
gEY =gEViDA 4 gEV:RT VheH,teT. (28)

The DA commitment is used to 1) charge the batteries of the SAEVs, privately owned EVs, and the
battery bank and 2) sell it in the RT market if profitable, i.e., if the RT prices are high, the hubs may use
their DA commitment to arbitrage in the RT market. Then, we can write the following.

b.DA EV,DA RT— DA T
Iny T+ ght + Gt +Pht  =Pht s Vhe H,teT, (29)

beB

where pfff is the actual quantities sold to the RT market by hub h € H at time period ¢ € 7. Selling back
to the grid not only benefits the system of hubs (economically), but also helps the system operator to match
demand and supply (RT prices are high when the current demand in the network is high in comparison to
the supply).

To simplify the formulation of the RT operational model, we define the dummy variables a®T and af'T as:

Z Z Trh hl (30)

heH T
=3 > Vbe B (31)
heM 1T
where IRT ny and lZ’tRT are defined as:
IRE = Pten + P, + g — 98T — g0, VheH,teT, (32)
HARES o e WeBheHteT. (33)

Note that when Iff > 0, the hubs are getting revenue from RT transactions with the grid. Similarly,

lb .RT
ht

fraction of the DA commitment that is sell back to the grid we include:

=3 > (fT — 6" )pfT- (34)

heH 1T

when >0, SAEV b is injecting power to to the grid, else it is drawing power. Finally, to consider the

12

50



1 -
Tyt s Dlu
Q 2 \ g
v
1 I |l 2
Wi 2 Di D, e | (O, McP! ) ‘§ o é
S £ o \
E 3 s 7 2 > 2 = Pt o
P Il 810 8 o2 |82 @omemy [FE——Fg
] oo e oS
£ : B . 2= . z o [Eo
Ty ] s o . £3 . Ta  Tu =
o £ . Ec . U
3 DV | B oo |B5| P Moy | B o
3 ht 3 ht rE: At atr ht 5 E
Yl = N H ]
i Di &
Input: Histcrical data (clectricity Input: Representative  Input: Sclected load scenario Input: Day ahcad
prices, EV deman, solar subset ot the optimal and corresponding MCPs commitrment quantity
ceneration, and travel demand) load scenarios and real time prices and prices

Figure 2: Summary of the operational methodology

Then, we can re-write the objective function 24 at any time period 7 as:

|7 |71
D 3) DD DR RN LS SRS AR 3D BTIED 3D Bp I MNC)
t=7 beB (i,j)EA beB heH 1T t=7 peP beB

The abode objective function is subjected to constraints (2) — (18), (21) — (23), (26) — (29), (32) and (33), in
which we must now replace Vt € T by Vt € {r,-+ |7_—|} Additionally, the model is also subjected to the
robust versions of those constraints with uncertain parameters, namely, constraints (1), (19), (20), and (30).
In Appendix D, we show the robust counterparts of such constraints. A schematic of our methodology is

presented in Figure 2.

5 A Numerical Case Study

We demonstrate our methodology by implementing it on a sample problem where a CPS operates within a
city’s transportation and power networks; a schematic representation of the problem is given in Figure 3.
The CPS is considered to have the following features. It has fleet of 500 SAEVs, each with a battery
size of 100 kWh and a range efficiency of 0.293 kWh per mile on city roads (similar to Tesla model S). The
SAEVs are supported by a system of five hubs each with 50 super-chargers, each with a charge/discharge rate
of 7T0kW. Each hub has a battery bank with a capacity of 600 kWh and a charge/discharge rate of 300 kW;
these parameters are adopted from Kwon et al. (2015). Each hub is also considered to have solar generation
facility with a peak capacity of 200 kW. Generation from these PV units across the day is modeled using the
patterns obtained from Tampa Electric Company (TECO). It is considered that the above CPS supports
passenger transportation in the City of Tampa, Florida, USA and its suburbs. For ease of computation, the
origins and destinations (ODs) of transportation demand are clustered into twelve nodes as shown in Figure
4a. A similar clustering approach was used in lacobucci et al. (2019). Five of those nodes are considered to
be the locations of the hubs (nodes 1, 6, 8, 9 and 10). The average travel times from each hub to the rest of
the service area are depicted in heat maps as shown in Figure 4b to Figure 4f; the travel time data is adopted
from Uber (2020). Based on the travel time data, we assumed that all ODs are multiples of 15 minutes (one

time period) apart and the maximum trip duration is 75 minutes (five time periods). The transportation
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Figure 3: Schematic of a CPS interacting with power and transportation networks

Table 1: Generator cost functions used in the case study

Generator Cost function Generator Cost function

la 0.100P; + 12P, + 100  4c 0.100P; + 19F, + 70
1b 0.100P; + 20F, + 30 5a 0.100P; + 17F, + 60
lc 0.1001?;5 + 08F, + 40 5b 0.120P; + 18P, + 50
4a 0.100P;} + 10F, + 50 5c 0.085P; + 20P, + 80
4b 0.100P2 + 25P, + 150

demands served by the SAEVs for each time period are generated using the actual daily travel requests in
Tampa; we assume that 30% of these requests are for the SAEVs. The distribution of these demands over the

time periods of a day are considered to be same as in Zhou et al. (2003). For charging demand of privately

owned EVs, we use the arrival patterns and fleet composition as presented in (Subramanian & Das 2019).

EVs request charging for up to four time periods, and once accepted they remain charging till the request is
fulfilled. The cost and fees of the system are considered as follows. The SAEVs pay a parking fee of $10/hour
and receive $45/hour for transporting passengers. The privately owned EVs pay a facility fee $8/hour plus
the prevailing real time price of electricity.

The power grid to which the CPS is connected is considered to be the modified PJM 5-bus network, as
shown in Figure 3. The network has the two load nodes (2 and 3) and three generating nodes (1, 4, and 5)
with three identical generators of 800 MW capacity in each. The characteristics of the six transmission lines,
i.e., capacity, reactance, and susceptance, are adopted from Li & Bo (2010). The generator cost functions are
assumed to be quadratic with parameters presented in Table 1, which are obtained from Das & Wollenberg
(2005). The base load of the 5-bus network is considered to be same as the DAY zone of the PJM network
(U.S.A.) between July 15, 2019 to July 30, 2019 (summer days only, to avoid seasonal variability). For each
of the daily base load data, we solve an ACOPF model (43) (see appendix) to estimate the MCPs at the two
load nodes.

For implementing our methodology, we need to develop historical data for transportation demand,

electricity price, PV generation at the hubs, and EV charging demand. For this purpose, we use the available
data, as described above, to estimate the parameters of the appropriate probability distributions for each

time period of a day, namely normal distributions for the nodal electricity prices and PV generation, and
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(d) Trinity smart hub

(e) University of South Florida smart hub (f) Downtown smart hub
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Figure 4: Simplified City of Tampa transportation network and location of the smart hubs
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Poisson distributions for the transportation and EV charging demands. We then draw one hundred samples
for all time periods from each of these distributions and solve (24), as described in Section 4.2, to generate
the ad-hoc load scenarios. The scenario reduction technique is then used to obtain ten representative load
scenarios with respective probabilities. For each of these ten load scenarios along with the base load of the
city, we solve the ACOPF model (43) to estimate the DA MCPs and then derive the RT prices at each load
node. Hereafter, considering the selected load and price scenarios and their corresponding probabilities, we
solve the two-stage model (25) to obtain the hourly DA commitments. Using the DA commitments, we solve
the real time operational model in (35). We implemented our methodology on the sample problem using
Julia 0.7.1 as programming language and GUROBI 9.0.0 as optimization solver. The results are organized
to address three key goals of the numerical study: 1) to demonstrate that our methodology is capable of
yielding real-time operational strategies for the CPS, 2) to demonstrate the influence of power network on
CPS operation, and 3) to measure the added financial benefits of the CPS derived from power network
considerations.

Our methodology was successful in obtaining real time action choices for the CPS elements (SAEVs, hubs,
battery banks, and PV generators) for all 96 time periods of a day. Some of these action choices are depicted
in the figures that are discussed next. Figure 5a illustrates the distribution of the SAEVs arriving at the
nodes throughout the day (vehicles in between nodes are not included). Although, in our implementation, all
the SAEVs were assigned to be at hub nodes (100 in each) at time period 1, it can be seen that the vehicles
are well distributed across the city during the day. The maximum aggregated number of SAEVs arriving
at the nodes at any time period is observed to be less than 40% of the fleet size, meaning 60% or more of

the SAEVs are traveling between nodes. The SAEVSs served a total of 10,288 trips during the day out of

53,441 trips generated. This indicates that the fleet size of 500 is inadequate for the demand considered here.
Figure 5b shows the number of SAEVs charging at the hubs (at nodes 1, 6, 8, 9, and 10) throughout the day.

Average occupancy of the hubs is observed to be around 35. Hence, a system of five hubs with 50 charging
stations in each is generally underutilized for a fleet size of 500; only the hub at node 8 can be observed to
be fully occupied for a few time periods of the day. This indicates that there is available capacity for the
CPS to offer charging services to privately owned EVs. Figure 5¢ shows the number of privately owned EVs
that were allowed to charge at the hubs, as determined by the optimal solution. Note that the pattern of
EV charging demand, adopted from Subramanian & Das (2019), is mostly concentrated during the morning
hours, which explains the result in Figure 5¢. Figure 5d shows the number of SAEVs idling (neither serving
trips, traveling empty, nor charging). SAEVs can be seen to idle only at the hub nodes and at those time
periods when higher numbers of EVs are allowed at the hubs. The total idle time of the SAEVs is less than
1.6%, which aligns well with the fact that the demand for trips in the system is very high for the given fleet
size. We noted that our methodology generated a total gross profit of $229,193 per day, which includes $3,494
from serving the privately owned EVs and $2498 from arbitrage using the battery banks. Hence, optimal
operation of the CPS with 500 SAEVs and five hubs of 50 charging station could generate an estimated
annual gross profit close to 84 million dollars. However, this estimate is high for the following reasons: 1) the
trip demand for the sample problem is too high for a fleet size of 500 and hence there is little to no idle time
for the vehicles, 2) no time lag is accounted for between drop off and pick up when a passenger is available at
a node, 3) no connect/disconnect time loss at the hubs is considered, and 4) outages for vehicle break down
and maintenance are not included.

Since our methodology does not address how to select the optimal number of hubs and their capacities
needed for a system, we conducted a sensitivity analysis. For a number of different fleet sizes, between 100

and 500, we determined the approximate number of charging stations in each of the five hubs, beyond which

16

54



o
w

o (=] (=1 o
< o« ~N ¥

S3IOIYBA JO JaqUNN

Q [ (=] Q
o [Ie} (=] I'e]

S3DIY3A JO Jaquinp

1g

(b) Number of SAEVs chargin

(a) Arrival of SAEVs

o
['2]

=3 o o o
<+ 50 ~N ¥

SB[DIYDA JO JaquInN

Q
re}

o Q o o
< (32 N -

SB[0IYeA 0 JequnN

<

SAEVs

d) Idle

(

Distribution of SAEVs and charging patterns of SAEVs and EVs

Number of EVs charging

(c)

5:

Figure

17

55



e
<

@ Actual ratio

z as- — -+ Fitted tredline
<
[
T
o
:ﬂﬁ-
g
Bos 5
=
g " » m
Eus ——e— o e e i ; N—
Y = o %
Los-
E n7-
-
Cm-

(8] | L | |

00 20 00 00

Number of vehicles

Figure 6: Optimal hub capacity - fleet size ratio

the gross profit of the CPS did not seem to increase significantly. We approximated these points using the
fit3 technique presented in (7). We plotted the ratio of the total charging capacity (in all five hubs combined)
to the number of SAEVs in the system. Figure 6 shows that the average value of the ratio is 0.41 (with a
standard deviation of 0.038) for the fleet sizes considered.

To measure the influence of power network on CPS operation, the second goal of our case study, we
plotted the actual grid consumption by the CPS in conjunction with the DA commitment and the RT prices,
which together guide the charging strategy. The plots are shown in Figure 7 for only two hubs (1 and 10) that
are connected to two different load buses in the sample power network. In these figures, the bars indicate DA
commitment by the hubs, the red line represents the RT prices, and the bold line shows the energy consumed
by the hubs from the grid. Figure 7a depicts the results for the case in which privately owned EVs are not
allowed to charge at the hubs. We notice that the energy consumption from the grid is closely aligned with
the DA commitment, which means that the CPS operator is able to hedge against the RT price risk through
its two-stage stochastic DA commitment model. The consumption from the grid can be seen to be generally
slightly higher that the DA commitment. However, at some of the time periods, say 24-36 (in hub 1) and
65-70 (in hub 10) when the RT prices are higher, the DA commitment is larger than actual consumption.
This offers opportunities for arbitrage as the excess commitment is sold back to the RT market. We notice
however that the energy arbitrage potential of the sample CPS, with only 500 vehicles serving a significantly
high passenger demand, is very limited since the revenue from passenger fare is higher than that from energy
arbitrage. Figure 7b presents results for the scenario when privately owned EVs are allowed to charge at the
hubs. As we have seen in Figure 5¢, the CPS allows more EVs to charge in the early morning hours (around
time period 20). Hence for both hubs 1 and 10, the DA commitment as well as the grid consumption are
much higher in the early hours (see Figure 7b), while for the remainder of the day they are similar to Figure
Ta.

In order to fulfill the third goal of our numerical study, i.e., to assess the financial benefits derived from
power network considerations, we measured the cost savings attained by the hubs by buying power through
optimal DA commitments and reduce exposure to RT price variations. Recall that the DA commitment
requires solution of the ACOPF model via steps 1-3 of our methodology. We obtained the operational
strategies for the CPS using two approaches: 1) by using the complete methodology including optimal DA
commitment and 2) by eliminating DA commitment and paying RT prices for the grid consumption at the
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hubs. The increase in gross profit for using DA commitment was assessed for a number of scenarios with an
increasing level of RT price spikes. This was accomplished by increasing the location parameter of the Cauchy
distribution that was used to generate the price spikes. Note that the location parameter is the median/mode

value of the price spike. As in Das & Wollenberg (2005), we kept the value of the scale parameter same as

the location parameter. We plotted the increase in gross profit with increasing RT price spikes, see Figure 8.

As expected, in the absence of price spikes (when location and scale parameters are set to zero), the increase

in gross profit from using DA commitment is negligible. However, as the intensity of price spikes increases,

DA commitment yields an increasing level of gross profit. For a typical range of median values of RT price
spikes in the U.S. markets, for which the location parameter lies between $0.2/kWh to $0.4/kWh, the CPS

achieved an increase in the gross profit between $2000 to $3000 per day.

5.1 Comments on computational challenges

Recall that, the part of our methodology that addresses the transportation needs uses a variant of an existing
model (Zhang et al. 2016). However, we have reformulated the constraints in Zhang et al. (2016) and our
version uses a significantly less number of binary variables. Though this reduction makes our methodology
easier to solve, the computational times for both the planning and the real time operational models still
increase exponentially with the fleet size. This is due to the fact that even when the number of integer
variables in our methodology grows linearly with the fleet size, computation time for mixed integer programs
(MIPs) increases exponentially with the number of integer variables. Furthermore, in our methodology

we need to solve many iterations of the planning model, which is needed to capture the variability of the

electricity price, transportation demand, solar generation, and charging demand of the privately owned EVs.

This task is computationally burdensome, especially for large fleet sizes. We have also observed that with
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Figure 8: Financial impact of the DA commitment methodology on the profit

smaller hub capacities, finding acceptable solutions of the MIP models in our methodology becomes difficult
using commercial optimization solvers (like GUROBI). We conjecture that this occurs because the number
of feasible schedules for the SAEVs decreases with reduced hub capacities; this is analogous to the findings
reported in studies that compared uncapacitated and capacitated facility location problems, e.g., Verter
(2011). As we have discussed earlier, the fleet size of 500 is very small for the level of transportation demand
in our CPS, and also five hubs of capacity fifty is perhaps more than what is optimal for a fleet of 500. Hence,
we develop a simpler approach for the planning and operation models of our methodology that is expected to

obtain near-optimal solutions efficiently for systems with larger fleet sizes and limited hub capacities.

6 A myopic approach for planning and operational decisions

The simplified methodology uses a myopic approach that applies to the tasks of obtaining ad hoc load
schedules (in step 1) and real time operational strategies (in step 4). For step 1, the myopic approach works
as follows. Instead of finding the operational strategies of SAEVs, battery banks, and EVs using a single
optimization model, as in the optimal approach, we obtain the operational strategies sequentially as follows.
First, we optimize the charge/discharge schedule of the battery banks at all hubs by considering the electricity
prices only, i.e., based on temporal arbitrage alone. Then, we use this charge/discharge schedule of the battery
banks, expected PV generation, and historical prices to solve a myopic model to determine the actions of
the SAEVs that are not committed, for each time period of the day. This model is presented later in this
section. Thereafter, we decide the number of privately-owned EVs that are allowed to enter the hubs at
each time period of the day. The above sequential strategies determine the ad hoc load schedule (i.e., how
much power to buy from the grid). Note that, the scheduled energy discharge from the battery banks and
the generation by the PV are prioritized for use first by the SAEVs and then EVs; any unused quantity is
injected back to the grid. For step 4 of our methodology, the myopic approach works in a similar manner as
for step 1. The main difference being that instead of using historical prices, we use DA commitment and real
time prices (along with discharge schedule of battery banks and PV generation) to obtain actions for SAEVs

not committed to other tasks in each time period.
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6.1 Myopic model for selecting actions for the SAEVs

We solve a sequence of (modified) linear assignment problems to decide the next action of SAEV b. Let i‘?j,
2, ufvz"', and 15,11_ be equal to 1 if SAEV b is assigned to 1) pick a customers from i to j, 2) park at node 4, 3)
charge at hub h, and 4) discharge and hub h, respectively, and 0 otherwise. Then, at each time period we

can solve the following optimization model.

- nb b bzb b4 b+ B i
Hgs Z Zw{ﬂu - Z Zam - Z Z"h Wy + Z Z”n W

(i.j)EAbEB ieN beB heH beB heH beB
st, Y. @+ B+ (u‘;,b,_* 0 wﬁ’f) =1 WeB
(i,j)€A iEN heH
Soah <dy VG, eA (36)
beB
(@t +ah) <Cn Vhen
beB
0 < il 2t 0t vy <1

where, zb'i’j., a?, 7r,bl+., and wz_ is the revenues (cost) that vehicle b will receive for picking a customers

from 7 to j, park at node i, charge at hub h, and discharge and hub h, respectively. These values depend on
the arrival time 6 at which each SAEV complete its trip. To compute each of these values, we define the
minimum state of charge that an SAEV must have at arrival to node k as s = S, + ;—ijth, for the closest
hub h. Then, the revenue from picking a customer in 7 to j is defined as:

) biiTii, if 8§ > ginin
wlb_] - UQ/A}, 0 =4 ' (37)
-M, otherwise
where M is a big positive number. The cost from parking at node in 7 is defined as,
b a; + L, if 53 > s?‘i“
by & ; (38)
M, otherwise

where L is a positive integer that is chosen such that the "apparent” cost of parking is higher that the
average cost of electricity (such that an SAEV will choose to charge instead of park in most cases). When
the electricity price spikes, it might be more convenient to park the vehicle until the price decreases; the

value of L must be chosen to consider such situations. The discharging cost is defined as,

Lb— _ ) o min{P~, ¢°(sh - Shy, if sh > sy'i" (39)
. —-M, otherwise
Finally, the charging cost is defined as,
abes Tho min{ P+, ¢*(S® —sb)}, if sh > sy (40)
h M, otherwise

Note that for the discharging cost is calculated using the electricity price at arrival, 79, whereas for the

21

59



charging cost we use Tpg, which is defined as,

Ch — Nno
Ch

The = max{ ,0}7rh0 VYheH (41)

where,

Nh,o = {71?]1‘0 + PI;} =5 IDIQ)AJ

e (42)

is the maximum number of vehicles that can be charged using either the expected available solar power, the
discharged power from the bank of strand-alone batteries or the DA commitment. The logic behind Equation
(41) is as follows. For simplicity, assume that Ny < Cj, and that all charging (C},) are assigned to be used
at time #. Then, the assigned SAEVs will pay 0 x Npg + mhg X (Cp — Npg). By multiplying and dividing

the above equation by C},, we have Q”E—'N‘“’-m,o x Cp. Hence, we have that (—‘%Vﬂwho is the average price

paid by the SAEVs if all charging stations are used. Considering that Ny might be greater that Cj, leads to

Equation (41). Hence, we are assigning SAEVs to charge assuming they will pay the average price.

7 Results from case study using the myopic approach

We first assess the performance of the myopic approach by comparing its computation time and gross profit
with those obtained from the original version of our methodology. All computational experiments are carried
out on a Dell Optiplex 9020 with Intel(R) Core(TM) i7-4790 CPU @ 3.60 GHz, 4-core processor, 16 GB
RAM, and Microsoft Windows 10 Enterprise operating system. We first assessed the savings in computation
time for a number of fleet sizes ranging from 50 to 500. Recall that the myopic approach is different from the
original methodology only in steps 1 and 4. The savings in computational time from step 1 is much more
significant than that obtained from step 4. In step 1 of the original methodology, we sequentially solve for
100 iterations of the planning model using a single thread, for which the total solution time is approximately
10 days. Whereas, the myopic approach completes step 1 in a little over 4 hours. As regards step 4, the
savings are more modest, though significant. For each of the fleet sizes, we compute 20 iterations of the
step 4, 10 using the myopic approach and 10 using the original methodology. The box plots in Figure 9a
show the reductions in computation time. It can be seen that for 500 SAEVs, the myopic approach obtains
the solution in about 2 minutes, whereas the original methodology takes about 120 minutes. Hereafter, we
assessed the quality of the solution obtained by the myopic approach as shown in Figure 9b. We notice that
the myopic approach yields on average an optimality gap of 21.5%, and it does not appear to be influenced
by the fleet size.

Using the myopic approach, we examined the impact of the hub capacity on gross profit, SAEV idle time,
and unsatisfied demands in the CPS for a 24 hour period. Hub capacities between 50 and 250 for each hub
were considered for fleet sizes of 500, 1000, 2000, and 5000. The results are shown in Figure 10. Regarding
gross profit, we notice that for fleet size of 500, the gross profit is almost constant. The hub capacity of 50

for a fleet of 500 is already too high and by increasing it further it has little to no impact on gross profit.

The fleet of 1000 vehicles benefits from an increase in hub capacity beyond 50, but its gross profit does not
grow much after a hub capacity of 100. For fleet sizes of 2000 and 5000, the gross profit continues to rise as
the hub capacity increases. An interesting observation is that for the fleet of 5000, the gross profits are lower
than those for the fleet of 2000. This is due to the fact that the fleet size of 5000 is too high for the range
of hub capacities (50-250), and hence many of the SAEVs have to park and idle at the hubs and wait for
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charging facility to become available. While parked, SAEVs pay a parking fee, thus lowering the gross profit.
The gross profit from the fleet of 5000 is higher than the fleet of 2000 for hub capacities beyond 250. As
regards idle time of the SAEVs, it approaches zero as the hub capacity increases, for all fleet sizes. Note that
in the myopic approach, SAEVs idle only when there is either no demand for transportation and/or there is
no available charging/discharging facility. Since 50 charging stations per hub is large enough, the fleet of 500
has little to no idle time. For a fleet size of 1000, the idle time reaches zero at hub capacity of 150. Fleets of
2000 and 5000 can benefit from hub capacities higher than 250, as the idle time continues to decrease and
gross profit continues to increase. Finally, as expected, the unserved passenger demand also decreases as the
hub capacity increases. Note that the unserved demand can be reduced only to a point, which depends on
the fleet size, by increasing hub capacity. Since the fleet size of 5000 is very large for the given demand, it
appears that by increasing hub capacity beyond 250 the unserved demand may be driven to zero.
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8 Conclusions

Various alliances of technology and manufacturing companies are earnestly developing and testing autonomous
electric vehicles capable of navigating busy streets in major cities. These developments are likely to bring a
major transformation in which shared autonomous electric vehicles (SAEVs) will replace a significant number
of the human driven automobiles used by the ride sharing companies. However, effective switching to fleets of
SAEVs will be possible if supporting cyber-physical system (CPS) infrastructures are available in cities and
suburbs. These systems will provide the physical facilities (hubs) for the vehicles to charge and discharge as
well as make the real time decisions for the vehicles and the hubs. This paper presents a methodology that
yields optimal operational strategies for a fleet of SAEVs and its supporting CPS aimed at maximizing gross
profit. Recognizing the computational challenges of our methodology, we have also developed a heuristic
(myopic) version of the methodology, which is capable of obtaining near optimal operating strategies for ride
sharing services with large fleets of SAEVs.

Our methodology is novel as it incorporates power network considerations in SAEV fleet operation
planning. Existing papers addressing transportation with autonomous electric vehicles focus mostly on the
transportation aspects while making simplifying assumptions for power related issues. Use of an alternating
current optimal power flow (ACOPF) model to engage the service providers to commit for power purchase in
the day ahead market, considering real time price spikes, arbitrage with battery banks, and solar generation,
has not been presented to the literature. Numerical study shows that ACOPF guided consideration of power
networks in SAEV fleet planning can yield between $2000-$3000 in savings per day (near a million dollars
per year) for a service provider with a relatively small fleet size of 500 SAEVs under the given conditions of
our study. Our numerical study also unravels interesting insight about limited potential for energy arbitrage
via vehicle-to-grid (V2G) using SAEV batteries; as in the presence of sufficient transportation demand and
a moderate level of real time price spikes, SAEVs can earn more revenue serving passengers compared to
sitting idle and engaging in V2G.

Not considered in our methodology are the issues of selecting the optimal number of hubs needed for a
system as well as locating the hubs appropriately within the transportation service network. We also did not
consider the costs of the vehicles, the hubs (land, building, and charging technology), repair and maintenance,
and other statutory needs. Adequate consideration of all of these in addition to the aspects considered
already can yield a comprehensive methodology for both design and operation of a system of SAEVs and
supporting CPS. However, computational complexities associated with obtaining the optimal solution of such

a methodology might make its implementation difficult. It remains a topic of our future research.
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Appendix A Summary of important notation

Sets
e N: Set of all nodes on the transportation network
e B: Set of all SAEVs

e T: Set of all time periods; note that in general 7 # T as the transportation and power network

operations might have different time frames
e A: Set of all arcs in the transportation network

e H: Subset of the nodes in the transportation network in which the smart charge/discharge hubs are
located

e P: Subset of the nodes in the transportation network in which there are parking/idling facilities
e Dj: Set of minimum cost load schedules at hub A for given historical information (price, demand, etc.)

o (): Subset of selected scenarios through a scenario reduction technique

26

64



Parameters

7Yij¢: Number of passenger arrivals at node i with destination j (i,j € A) at time t € T

7;;: Travel time between nodes i and j (i,j € A)

3: Balking rate (0 < 8 < 1)

ay,: Parking fee per time period at parking lot p € P

y: Price paid by the customer per unit time period for a trip originating at time t € T

Cp: Facility fee paid by privately owned EVs per unit time period when charging at hub h € H
7 Historical price of electricity at the node supporting hub h € H at time t € T

7PA: Actual DA price at node h € H at time t € T

TI'ELT : Actual RT price at node h € H at time t € T

m¢,: Estimated RT price in scenario w € Q2 at hub h € H at time period t € T

¢p: Battery capacity of SAEV b € B

¢y: Energy consumption of SAEV b € B per unit time period on the road

Sy, Sp: Lower and upper bounds to SAEV b € B state of charge

Pt: Maximum energy that can be added to a vehicle per unit time period, same for all hubs
P~: Maximum energy that can be discharged from a vehicle per unit time period, same for all hubs
Fyy F2#%: Solar generation at hub h € H at time ¢ € 7 and installed solar capacity, respectively

Ep, Py, P,: Capacity, charging rate, and discharging rate, respectively, of the bank of stand alone
battery at hub h € H

V: Maximum number of time periods that a privately owned EV can charge in a hub

Wy,: Number of privately owned EVs requesting charging services for v < V' time periods at hub
heH attimet €T

C}j: Total number of charging stations installed at hub h € H

Dpy: Minimal cost load schedule for each time period t € T at hub h € H

Dy, Selected load schedule for each time period t € T at hub h € H from scenario w €
1t Probability of scenario w € ©

P,gA: DA commitment of hub h € H at time period t € T
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Decision variables

. x’i’ﬂ: 1 if vehicle b € B is departing with passengers from node i to node j (i,j € N) at time t € T,

and 0 otherwise

oyl T if vehicle b € B is departing empty from node i to node j (i,j € N) at time ¢t € 7, and 0

otherwise
. Pl;:: Total charge added to SAEV b € B at hub h € H at time period t € T

. pg'”_ Pn: Total energy discharged from SAEV b € B and from the bank of stand-alone batteries,
respectively, at hub h € H and time period t € T

e Py, Fraction of the total discharged energy sold to the main grid by the bank of stand-alone battery
at hub h € H and time period t € T

. e;’” ,eﬁv: Energy added form the bank of Stand-alone battery to SAEV b € B and privately owned EVs,

respectively, at hub h € H at time period ¢t € T

o 1, f,fl, £V Solar energy added to SAEV b € B, bank of stand-alone batteries, and privately owned
EVs, respectively, at hub h € H and time period t € T

e f,: Solar energy sold directly to the main grid

o gb,.9n,gFY: Total energy bought from the grid to charge SAEV b € B, the bank of stand alone
batteries, and the privately owned EVs, respectively, at hub h € H and time period t € T

. w?j: 1 if SAEV b € B is charging at hub h € H and time period ¢ € T, 0 otherwise
. wzl_: 1if SAEV b € B is discharging at hub k € H and time period ¢ € 7, 0 otherwise
° pflT_: Fraction of the DA commitment sold to the RT market by hub h € H at time period t € T
e wy,: Number of charging stations assigned to privately owned EVs at hub h € H at time period ¢ € T
the vehicles stay v time period units at the smart hubs
Other variables
o zl: 1if vehicle b € B waited in node i € NV from time ¢ — 1 to time ¢ (t € T), and 0 otherwise
o pb: 1if at time period t € T, the vehicle b € B will arrived at node i € N
e d;;: Number of passengers left unserved at node i with destination j (i, j € N) at time period t € T
e b;j: Dummy variable to avoid infeasibility (0 < b;;; < 1)

o 5% sp: State of charge of SAEV b € B and the bank of stand-alone batteries in hub h € H, respectively,
at time period t € T; 0 < 8%, sp < 1, Vb, v, h, t

e a"T: RT electricity profit, i.e., revenue from selling to the grid in the RT market minus cost of buying
in the RT market

e cj: Number of charging stations occupied by privately owned EVs at hub h € H at time period t € T
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Appendix B Alternative current optimal power flow (ACOPF)

It has been shown that the conventional non-linear load flow equations for both radial (Jabr 2006) and meshed

networks (Jabr 2008) can be transformed into a second order cone program (SOCP). In this subsection, we

present a modified version of such formulations.

B.0.1 ACOPF model notations

Sets

G: Set of all generators in the network

N: Set of all buses in the network

Gi: Subset of generators that are connected to bus i € A’
N; : Subset of buses that are directly linked to bus i € N’
T Set of all time periods

L: Set of all lines in the network

Parameters

P%: Active power load at bus i € N at time t € T

QFL: Reactive power load at bus i € N at time t € T

G;: Conductance of line ij € £

Bij: Susceptance of line ij € £

I"J F;;+ Real and reactive power capacity of line ij € £, respectively

By, }79: Lower and upper bound, respectively, of real power supply by generator g € G

Qg, Qg: Lower and upper bound, respectively, of reactive power supply by generator g € G

Vi, Vi: Voltage lower and upper bound, respectively, at node i € A

Decision variables

Pgt: Real power dispatch from generator g € G at time t € T

Qgt: Reactive power dispatch form generator g € G at time t € T

Other variables

pije: Real power flow from bus i € N to node j € N at time t € T
giji: Reactive power flow from bus i € A" to node j € N at time t € T

2

uy: Transformed voltage at bus i € N and time ¢t € T; uy = ‘—/\/':21 where Vj; is the actual voltage at
node i € N and time t € T and it can be calculated after the optimization model is solved

ri;i: Intermediate variable; 75, = V;;Vj, cos(0; — 6;), where 6; and 6; are the voltage angles at buses

i € N and j € N, respectively

Tije: Intermediate variable; 74, = Vi,V sin(6; — 6;)

29

67



Appendix C ACOPF model formulation

The SOCP formulation of the traditional non-linear ACOPF problem is presented below.

min Z Z Cy(pgt)

teT geg

s.t., Z Pgt — Z Pijt = Pf[

g€ JEN

Z‘Jgt i Z’]iﬂ=Qfl

9€G; ieN;

pijt =V2Gijui — Gijrij + Bijiije
ijt = V2Bijuir — Bijrij — GijTsju

t s Ay
= Fj <pijt < Fjj
—F; <qij < Fj
&SP@SPQ

2, =2
Tt Tije < 2uiuge

Tijt = Tjit

Tijt = —Tjit

VieN,teT
VieN,teT

Vije L,teT
Vije L,ite T
Vije L,teT
Vije Lite T
VYgeG,teT
VgeG,teT
VieN,teT
Vije LiteT

Vije L

Yije L

(54)
(55)

In the objective function (43), Cy(-) denotes the cost function of generator g. Hence, the above formulation

minimizes the total electricity cost of the network over all time periods. Real and reactive power balance

at node i and time period ¢ are considered by equations (44) and (45), respectively. Equations (46) and

(47) are the real and reactive power flows, respectively, from node 7 to node j at time period t. Real and

reactive line flow capacities of arc ij are given by equations (48) and (49). Equation (50) and (51) bound the

generators real and reactive power outputs, respectively. Equation (52) bounds the voltage of each node of

the network. Equation (53) is a conic constraint to account for the relation between power flow components

and the voltage at each node. Finally, Equations (54) and (55) consider the relation between the power

flowing from node i to j and the power flowing from j to i. Also, the voltage at node 1 (substation node) is

s 5 V2 i ¢
considered to be known. Hence, we can write that uy; = ﬁ WVt € T. The above formulation is a SOCP since

any constraint of the form {u,v,w > 0:u < \/ow} is equivalent to {u,v,w > 0: \/u? + (252)?} < e}

Appendix D Robustification of the operational model

D.1 Robust optimization

Robust optimization studies how to solve linear optimization problems with uncertain data. Under this

approach, we are willing to settle for suboptimal solutions for the mean values of the data in order to ensure

that the solution remains feasible and near optimal when the data changes. To formulate a robust linear
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program, consider the following linear optimization problem:

max cTx
st., Az <b (56)
ze X

where A is an m X n matrix, x is an n x 1 vector (decision variables), ¢T is a 1 x n vector, and bis a m x 1
vector. Without loss of generality, it is considered that data uncertainty only affects the elements in matrix

A. This is the case since we can re-write the problem as:

max =z

st., z—cz<0
Ax —bY <0 (57)
rzeX
Y=1

if there are uncertainties in ¢ or b. Consider a particular row 7 of the matrix A and let 7; represent the set of
coefficients in row i that are subject to uncertainty. Also, it is considered that the probability distribution
of each component a;j,j € J; is unknown, but the values in which a;; ranges are known and defined by
[a; j — Q45,845 + &,-j], where @;; is the best estimate of a;;, and a;; is maximum feasible deviation from @;;.
Bertsimas & Sim (2004) proved that the robust counterpart of a linear problem with the form of (56) can be
also formulated by introducing a set of non-negative variables (y;, p;;, and z;) and a parameter I'; that takes
values in the interval [0, | 7;|]. The role of I'; is to adjust the robustness of the proposed method against the
level of conservatism of the solution (Bertsimas & Sim 2004). Then, the robust reformulation is given by:

max cTz
st Y @yzi+ali+ Y py<b Vi
] J€Ti
2i + pij 2 @iy Vi,je Ji
—yi<z <y Vi (58)
T; €EX Vi
pi; >0 Vi, je T
y; =0 Vg
2120 Vi

By solving (58), we are robust against expected disturbances in the parameters of our model.

D.2 Robust counter part of the operational model

In this subsection we present the robust versions of the constraints with uncertain parameters, namely,
constraints (1), (19), (20), and (30). Recall that the state of the system is completely known at the current
time period 7, and hence, the robust constraints are only included for time periods 7 + 1 and onward. Then,

we have that:
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e Robust counterpart of constraint (1):

dijri1 = Bdijr +ijr — ZJB%T — bije V(i 5) e N
beB

dij 141 = B +’7ijtyi}l = ZZ?J] — bije — Z;YJLF;’J-L = Q%t V(i,j) e Nt e {r+1,---,|T[}

beB
2?jt+qz7jtZ:Vijty;’jtv(iaj)eﬁzte{T+1="':|T|}
-y, <Y, <wl, VGG eNte{r+1,-- [T}
Y, =1 VG5 eNte{r+1, -,[TI}

ijt

e Robust counterpart of constraint (19):

Sttt =Fu VheH
beB

Zfil:t + fh + fie = FrYa, — 230hy — ahe VheH,te{r+1,-- [T}

beB
z,ﬁ«}—q,lF, ZI:"my,ﬁ YheH,te{r+1,--,|TI}
—yh <YE <yfvheH,te {r+1,---,|T]}

Yip=1  VheHte{r+1--,[Tl}
e Robust counterpart of constraint (20):

wh 1 < Wi VheH,ved{l, - ,V}

whe1 SWh Y™ = VT — iV vhe Hite {r+ 1, [TIhve {1, ,V}
2E 4 O > WeatEY Ve tte {r+1, -, [Tlhve {1, ,V}

BV <YV < BV Vh e Hyt e {r+ 1, [TIHv € {1, , V)

YOEV —iVheHte {r+1,,[Thoe {1, ,V}

e Robust counterpart of constraint (30):

|7

RT __ RT;RT =RT;RT
a - Z Thr lh-r * E : Z Thit lht — zrtl'RT — Z E q,

heH heH t=7+1
mr+ary > vhe YheHte{r+1,- |T|}
T 'E RT T
_ylrz{l Slllfl Syhl Vh€H=t€{T+1="'=|T|}

e Robust counterpart of constraint (31):

7]
T =Y w4+ > Y mhy —zriTarT— Y Y 4
heH heHt=1+1 heHt=7+1
zorr + R > AR WeBheH te{r+1,---,[TI}
T e I g Rt YoeBheH,t€{r+1,--,|T[}
32

(59)
(60)

(61)
(62)
(63)

(64)
(65)

(66)
(67)
(68)

(74)

(75)
(76)

(77)

(78)
(79)
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e Robust counterpart of constraint (34):

il |7
T =Y (g 6 T+ 30 Y (G 8 )P —apalba = Y- D apt (80)
heH heH t=7+1 heH t=7+4+1
oA +apit > Ayt YheH,te{r+1,---,|TI} (81)
—yt <o <yt VheHte{r+1,--,|T]} (82)

All the new variables introduced in this model satisty the conditions established in subsection D.1. Also
note that, 7T, Fy,,, WY, and v;;, are known, while 7T, Fp,, WY, and 5 Vt € {r + 1,--- ,|T|} are the
best estimates of such parameters in the upcoming time periods. We estimate the RT prices (with spikes) as
i = mPA(1 + ¢). There are many techniques available to estimate the available solar power Fp,. In Inman
et al. (2013), the authors review the theory behind these forecasting methodologies, and present a number of
successful applications of solar forecasting methods for both the solar resource and the power output of solar
plants. Estimating origin-destination (O-D) matrices is also a widely studied area. A mayor reference in this
area is Bell (1991). More recently, an O-D prediction algorithm for autonomous mobility-on-demand systems
with ride-sharing was proposed in Alonso-Mora et al. (2017). Based on historical data, the authors compute
a probability distribution over future demand and then, samples from the learned probability distribution
are incorporated into a decoupled vehicle routing and passenger assignment method to take into account
the predicted future demand. The values of W7}, and 7;j; are chosen equal to the mean value of the fitted
probability distributions. Finally, the values of 75T, g IV,";'“ Dpy, and 4y VE € {T+ 1, -+ ,|IT|} can be
chosen such that the maximum deviation from the best estimate matches the confidence interval of the

selected forecast method.
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