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Abstract: In recent years, the interest in electric vehicles (EVs) in the research community has been
growing, particularly in the context of decarbonization. Additionally, there is a growing increase
in their number, leading to massive energy demand on the charging stations (CSs). Energy trading
management for CSs puts great pressure on the power grid and is a stimulating challenge in smart
cities. In this paper, we propose an innovative market formulation in which autonomous vehicles and
smart charging and discharging stations are motivated to cooperate dynamically with changing roles.
In order to mathematically formulate the energy trading market, we adopt a double auction strategy
that is repeated in steps. In this strategy, EVs and CSs participate by buying and selling energy. The
investigated problem has high complexity, and thus, multi-objective optimization is employed so
as to encapsulate the opposing objectives that the EVs and CSs have. Multi-objective optimization
leads to a fairer and more efficient market operation. The performance of the presented approach is
investigated through analytical and experimental results. More specifically, the proposed algorithm
achieves up to 52.5% reduction in energy consumption. The performance evaluation proves that
the suggested strategy offers both fairness and significant energy benefits, encouraging both electric
vehicles and charging stations to take part in a double auction energy trading system.

Keywords: smart cities; electric vehicles (EVs); charging stations (CSs); energy trading; auction;
optimization theory

1. Introduction
1.1. Motivation

The rapid development of the Internet of Things (IoT) has enabled new technologies
and innovative solutions in smart cities and affected every single aspect of everyday life.
One noteworthy advancement in smart cities is electric vehicle (EV) technology. The market
for EVs has grown rapidly in recent years and is predicted to grow at a fast pace over the
coming decades, since their use is expected to decarbonize road transport [1,2]. EV sales
are expected to reach 16.21 million vehicles by 2027 [3].

Electric vehicles are by design pollution free and environmentally efficient, often use
renewable resources, and have a positive impact on the smart city transportation system.
However, their extensive use poses great challenges for the power grid network, as the
charging and discharging of the EVs incur high amounts of total energy transfers. A single
vehicle does not impact the energy market significantly, but as vehicle owners use the smart
grid network during specific hours of the day, we contend that the cooperation of large
numbers of vehicles could provide remarkable energy reductions, especially during peak
load periods. Additionally, the dynamic use of charging and discharging stations plays
a key role in the energy balancing of the smart transport system. The question is how to
motivate the EV and CS owners to participate and cooperate in a market model, considering
that they are self-interested, competitive, and seeking to maximize their individual benefits.
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The main challenge is to design an incentive-compatible market that leads to social welfare
maximization and efficient energy allocation.

1.2. Related Work

Numerous works in the literature focused on innovative strategies in smart cities and a
number of them center around the use of EVs. An overview of energy trading algorithms is
offered in [4]. The authors focus on the most important milestones in the evolution of smart
cities and compare dynamic pricing approaches concerning the energy trading of EVs.

The imbalance between energy demand and supply poses a great challenge in the
management of transportation systems; thus, dynamic pricing [5] has drawn attention in
the past years and has been thoroughly investigated in the literature. A multi-leader multi-
follower Stackelberg game for energy trading is proposed by the authors in [6]. The paper
considers multiple parameters (e.g., electricity usage, time of use, location, and type of
EVs) in order to design a dynamic pricing system. Dai et al. [7] propose a dynamic pricing
scheme based on a Stackelberg game for EV charging stations as well. Game theory is
employed, as well, to solve the problem of dynamic pricing in the competitive environment,
where multiple EVs and CSs coexist. A hierarchical game approach is proposed in [8]. The
authors propose an integrated framework in order to effectively navigate EVs to electric
vehicle charging stations in real time. Similarly, the price competition is modeled through
game formulations that adjust the energy prices dynamically in [9-11]. The authors in [12]
propose a prediction-based charging scheme that receives dynamic pricing information via
wireless communication.

A novel coordinated dynamic pricing model that aims at reducing the overlaps be-
tween residential and CS loads is presented in [13]. The pricing policy is formulated as a
constrained optimization problem in order to encourage the vehicle owners to uniformly
use the charging and discharging stations. Different applications of dynamic pricing strate-
gies are discussed in [14,15]. In [16,17], one-state and two-stage stochastic models for EV
charging scheduling are presented. In these works, the dynamic pricing and the challenges
of renewable resources are examined. A mathematical formulation problem focuses on
the minimization of the charging waiting time in [18]. The approach is based on a cloud
computing calendar that schedules the priorities and the arrivals of the vehicles’ owners
to the CSs. An intelligent pricing scheme for EVs management is investigated in [19]. A
real-time dynamic pricing model for the energy trading between EVs is proposed in [20].
The authors use a decentralized cloud computing architecture based on software-defined
networking technology and network function virtualization. Different pricing models
are proposed to maximize the utility of the smart grid. However, in previous works, the
cooperation between different participants in the energy market is not explicitly considered
and explained. In order for energy trading to be efficient, a lot of information needs to be
exchanged. However, EVs and CSs often prefer not to disclose their energy information.
Thus, the research community explored the challenges of auctions in the energy trading
market.

Many works in the literature adopted auctions. In [21,22], blockchain technology
and double auction theory are combined in a vehicle transport system. Double auction is
employed for energy trading and pricing valuation and different mechanisms for EV
networks are presented in [23,24]. The authors in [23,24] propose an energy trading
platform for EV charging that allows EVs with excess energy to provide for the empty
batteries of other EVs. Furthermore, in [25,26], double auction strategies exploit surplus
energy to be stored and shared among vehicle owners. Truthful double auction frameworks
for dynamic energy trading that incentivize vehicles to participate in an energy trading
market are proposed in [27-29]. To address false bidding attacks, a multi-round incentive
compatibility auction mechanism is proposed in [30]. Zhai et al. [31] investigate the
use of an exponential-based online auction scheme that ensures differential privacy of
the bidders and trades the energy between the vehicles and CSs. The works in [32,33]
proposed bidding and scheduling models for microgrids, which include electric vehicles.
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In [34], a fair double auction model is investigated that finds an equilibrium based on price
anticipation where the social welfare of the participating market players is maximized.
The authors in [35] propose an online double auction for energy trading between electric
vehicles and a microgrid center controller.

After the attentive study of the literature, we concluded that the researchers have
investigated the energy trading problem of electric vehicles thoroughly and their mathemat-
ical and experimental results are remarkable and worth mentioning. Nonetheless, there are
still challenging gaps that can be investigated in the energy trading problem between the
vehicles and charging stations network. To this end, we mention the following limitations
of the works of the literature that leave the research field open for further investigation:

*  Most of the works consider a rather small number of electric vehicles and charging
stations. However, an algorithm for energy trading needs to be applicable to a larger
network of EVs and CSs.

¢ A subset of the state-of-the-art works do not consider energy savings to be a main
objective for their proposed strategy. Rather privacy and security issues receive great
attention. For example, obtaining anonymity in the auction is examined.

*  Fewer works motivate the involved participants to enter the energy trading market
through the environmentally profitable use of renewable energy sources.

Table 1 summarizes the conceptions and formations of the previous works in the
literature, concerning the number of involved parties, the strategy they proposed, and the
objectives For the number of players, let us highlight the two following observations: First,
the number of players consists of the number of EVs and CSs. Second, small refers to the
case when the number of EVs is less than 100 and CSs are less than 10).

Table 1. Comparison to the state of the art with respect to the NET scheme.

Key Elements State of the Art This Work
Number of players small [6,7,9-11,19,21-23,30,34] large
large [8,12,13,17,18,20,26,27,29,33]
not stated [14,16,24,25,28,31,32,35]

Strategy Stackelberg game [6,7,11] double auction
hierarchical game [8]
non-cooperative game [9,10,29]
optimization [13,14]
stochastic model [16,17]
cloud computing [18,20]
Bayesian game [21]
blockchain and double auction [22]
double auction [23-25,27,28,34,35]
reverse auction [26,33]
single auction [30,31]
mixed-integer linear programming [32]

Objective(s) dynamic pricing [6,8,9,12,13,15,16,19,20,28] social welfare
electricity cost [7]
revenue of CSs [8,9,11,19,26,27,33]
total network cost [14,17,20,32]
travel time and energy price [10]
waiting time [18]
social welfare [21,22,24,31,34,35]

1.3. Contributions

In this paper, we explore an energy trading market with asymmetric information.
Asymmetric information means that the independent participants of the market (i.e., vehi-
cles and charging stations) may not know which actions are beneficial for their opponents,
which poses a great challenge in the energy trading problem. It is observed that vehicles
often need more energy during peak hours, a fact that creates large imbalances in the
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energy demand during the day. Moreover, the charging stations are motivated to trade
energy in the market depending on their needs that differ through the time of the day. As a
consequence, the buyers (i.e., EVs) and the sellers (i.e., EVs and CSs) can be motivated to
disclose truthfully their demands by using an incentive-compatible strategy. Assuming
that the market can gather this information, the question is how to reach an equilibrium
between the buyers’ and sellers’ requests, while optimizing the operation of the market.
Another challenge that we need to deal with in the energy model is the different desires
and needs of the participants. More specifically, the interests of the EVs and CSs may be
conflicting. Thus, the tool to be employed needs to solve the aforementioned issues. We
regard double auction for the complex energy trading market for the aforesaid reasons [36].
Double auction is an appropriate tool to converge to an optimal solution when the partic-
ipants have conflicting interests, are not willing to disclose their bidding information, and
have a large number of participants involved in the market. More specifically, concerning the
privacy issued, double auction employs data privacy and communication mechanisms (e.g.,
public key cryptography, homomorphic encryption, and cryptographic hash functions [37])
and assures the security of the procedure.

In this paper, an energy trading strategy is presented. The investigated strategy takes
into account the distinctive characteristics of the market participants (i.e., vehicles and
charging stations), the system layout and the time-varying energy characteristics (i.e., peak
and off peak periods). In the energy trading algorithm that we propose, EVs can either buy
or sell energy and the CSs can sell energy. In the investigated approach, the EVs that act as
buyers bid for energy, and the EVs and CSs that act as sellers ask a price for energy through
an iterative algorithm that gradually converges to an optimal efficient solution, without the
need for any other information.

The main contributions of the paper are as follows:

¢ We present a novel energy trading market; EVs compete with one another to purchase
energy from different EVs and CSs. The CSs serve as sellers whereas each EV acts as a
buyer or a seller.

*  We propose an iterative double auction approach that optimizes social welfare, and at
the same time is individually rational and incentive-compatible. More specifically, our
approach motivates participation among EVs and CSs and the truthful disclosure of
their actual energy needs and demands.

¢ In order to gather pertinent information concerning the performance of the proposed
strategy, we validate the problem theoretically and through simulations. The outcomes
of our investigation show the possible energy and monetary gains and provide the EVs
with the motivation they need to choose to engage in an energy allocation negotiation
with the CSs and the rival vehicles.

The remainder of the paper is organized as follows. Section 2 describes the system
layout. In Section 3, we introduce the double auction strategy and the optimization
approach that formulates the market. In Section 4, we present the iterative double auction
algorithm. The outcomes, analytical and experimental, are shown in Sections 5-7 and
conclude this paper.

2. System Model and Operation
2.1. System Model

We consider a geographical area where a number of charging and discharging stations
are deployed and a number of electric vehicles are moving. The illustration below shows
the system configuration used in this experiment (Figure 1). More specifically, in the
investigated system layout, we have the following entities along with their individual
characteristics:

1.  EVs: In the examined geographical area, we consider a number of N vehicles, denoted
by EV,,, wheren € N = {1,...,N} . The vehicles perform charging and discharging
in the CSs in order to charge their batteries or offer energy to other vehicles.
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2. CSs: Each station has a number of plug-in sockets and is equipped with a bidirectional
charge and discharge controller to ensure bidirectional energy flows. We assume that
there is a set of M CSs, denoted by CS,,, where m € M = {1,..., M}. The set of CSs
may be under different ownership parties and buy electricity from the power grid in
order to offer it to the vehicles.

o)
EV,

v o =

2 EV, EV

7

Cs, s,

o)

EVg

= ==Y
EV, EV;

i‘E Charging Station (CS)
oy

EV,
EVe N &  Electric Vehicle (EV)

Figure 1. System model with N EVs and M CSs.

2.2. Vehicle Traffic

The number of EVs is rapidly growing and is expected to grow even more significantly
in the upcoming years. As a result, the charging infrastructure is also increasing; however,
not at the same pace as the number of vehicles. The vehicle owners expect to charge
their vehicles quickly, posing great pressure on the electric grid. Additionally, substantial
imbalances are observed in the charging demand of the vehicles throughout the day [38].
More specifically, more users are expected to charge their vehicle batteries during the
morning, from 6 a.m. to 9 a.m., and in the evening, from 2 p.m. to 6 p.m., since around
these time periods, most of the vehicles are expected to be on the move and would need
charging [13,18].

3. Problem Formulation
3.1. The Energy Market

We introduce an energy trading market, where the owners of the EVs and the charging
stations compete to purchase energy and distribute it among them. Each one of them
pursues dissimilar goals and reaps a variety of advantages. To implement the trading
market’s process, a central auctioneer is therefore used. With a specific role to play, the EVs
and CSs take part in the decision-making process. In order to maximize their energy and
cost profits, EVs simultaneously submit bids (i.e., offers to receive and buy energy from
other vehicles and CSs), as well as asks (i.e., offers to deliver and sell energy to other EVs).
The EVs take part in the auction multiple times; however, each round allows each electric
vehicle to either buy energy or sell energy. However, the CSs are willing to sell energy to
the EVs by submitting asks to the central auctioneer.

Designing a market mechanism that addresses the issue of energy trading while also
satisfying the desired economic features is a difficult task. Since the true needs of the
involved parties are unclear, an impartial entity must serve as the auctioneer in the market.
Additionally, since the sources of bids and asks are the only ones who know their values,
a method that compels players to be completely honest about their truthful needs and
demands is required. The auctioneer is in charge of acquiring these data and utilizing their
knowledge, he uses an auction to match the bids and asks in order to limit market energy
consumption and assure lower participant costs. The successful buyers and sellers, the
precise transaction prices, and the agreed-upon amounts are decided at the conclusion
of the procedure. We assume that the auctioneer has no motivation to stray from the
overarching objective (such as social welfare) the auctioneer imposed. We conclude that a
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double auction technique is best for our situation after taking the aforementioned facts into
account.

3.2. The Double Auction Strategy

The three phases of the proposed auction-based method are described here, together
with the decision-makers responsible for each phase (in parenthesis).

1.  In the bids and asks collection phase (EVs, CSs), the vehicles submit their bids and
asks to the auctioneer, requesting energy trading. The SCs simultaneously submit
their asks. The details of the needed energy and the associated costs are included in
each bid and ask that is submitted to the auctioneer.

2. Inthe allocation and pricing phase (auctioneer), the auctioneer gathers the bids and
the asks. The energy trading problem is solved in a way that maximizes the system’s
social welfare and the auctioneer determines the successful bids and asks. At the end,
the auctioneer should end up with non-negative payments.

3. In the energy trading phase (auctioneer, EVs, CSs), using the allocation from the
previous phase as a guide, the auctioneer chooses the payment amount for each
winner. The decision of the energy allocation problem is used by EVs and SCs to
decide whether to receive or send energy.

Figure 2 illustrates the double auction strategy.

oure B
BV, EV, EV, BV uyers

( )
Bid Bid .
Bid Bid
Bids and asks collection | Step 1

Step 2
) "
EV, EVy Sellers
cs, CSy

Figure 2. Auction illustration.

Step 3

3.3. The Bids and Asks Collection Phase

The vehicles and the charging stations are responsible for determining how much
energy they are willing to trade in the market. From their side, the EVs need to calculate
the amount of energy they want to either buy or sell from CSs and other EVs. Thus, the
auctioneer receives both bids and asks from the vehicles. On the other side, the CSs that
may be owned by different parties are responsible for determining the price for selling
energy to the vehicles. Thus, the CSs acknowledge to the auctioneer their asks. In a
previous work [39], we exploited a double auction approach to mathematically formulate a
different problem. A resource-sharing market was developed in order to motivate mobile
network operators (owning base stations, with various traffic load and diverse numbers
of subscribers) and a third party (owning a network of small cells) to trade bandwidth
resources through a double auction mechanism. A similar approach is followed in this
work and is presented below.
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3.3.1. Bids

We assume that one vehicle n € N is willing to receive energy from another vehicle or
from a charging station. Furthermore, we assume that the EV (represented by EV},) requests
energy from another vehicle (EV};) or a charging station (CS,), and this amount of energy
is denoted by x,, ,, where m € N = {1,..., N} withm #n,orm e M ={1,...,M}. We
define the energy trading request vector for EV;, to all vehicles and CSs as x,, = (xy,m, Vi €

N\ {n},Vm € M) and the total traded energy of EV,, as X,, = Y Xnm-
meN /{n},meM,
Each bid corresponds to the unit of the traded energy. Thus, the EVs determine how

much energy is needed for charging. Energy offers are sent by the EVs for different energy
requests based on the utility they receive when charging the vehicle. The charging benefit
can be calculated as:

J(xnm) = Egtatus + Xn, (1)
where E}

Siatus corresponds to the amount of energy that the battery of the vehicle has before
bidding and x;, is the requested energy. The amount of energy that a vehicle requests from
other vehicles and charging stations must satisfy the following inequalities:

0 S Xn S E,Tgl/
where E!; is the available energy of other vehicles (m € N\ {n}) or charging stations
(m € M), and
0<ux, < Eirflmx - gtutusr

where E}, . is the maximum capacity of the vehicle. Based on the cost of the exchanged
energy, a price by, can be used to valuate the utility produced from the requested energy.
This starting bid amount is provided to the auctioneer.

3.3.2. Asks

The EVs calculate asks to offer energy to other vehicles. The energy traded between
the vehicles is calculated to produce the asks in a manner similar to that of the bids. To
begin with, we consider each EV to be ready to contribute energy resources equal to yy,p
to other EVs denoted by EV),, where p € '\ {n}. The electric vehicles must determine
how much energy they are willing to exchange. We define the energy trading vector for
EV, to other vehicles as v, = (yn,p, Vp € N\ {n}) and the total traded energy of EV; as

Y, = ) Yn,p-
peN /{n}

The traded energy corresponds to each ask. As a result, the EVs decide how much
energy they are willing to release for recharging other vehicles. Based on the utility they
obtain when providing energy to the vehicles, the EVs are anticipated to submit requests
for multi-unit energy offers. Thus, the utility is represented as:

V(]/H,P) = ;ltatus — Yn, (2)

where, 0 <y, < E;’; ;- The cost can be evaluated by a price a,, ,, based on the electricity cost
of the traded energy, and is sent to the auctioneer.

Additionally, requests for energy to be provided to electric vehicles are also generated
by the charging stations. The requests match the energy that can be provided in order to
boost the CSs’ revenue. The amount of energy provided to the EVs is calculated by the CSs.
We assume that a CSy, is willing to offer v, , units of energy to a vehicle denoted by EV,,,
where n € N. We define the energy trading vector for SCy, as Y = (Ym,n, V1 € N) and
the total traded energy as Y, = ZN Yimn-

ne

The unit of traded energy is represented by each ask. As a result, the CSs choose how
much energy to give to electric vehicles. The CSs are required to determine requests for
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multi-unit energy offers depending on the utility they obtain when providing energy to the
EVs. The utility is represented as:

V(]/mrn) = Egutus — Ym, 3)

where E7} , . corresponds to the available energy of the charging station CS;,,. The corre-

sponding ask is denoted with &, , and sent to the auctioneer.

3.4. The Allocation and Pricing Phase

The objectives of the vehicles and the charging stations obviously contradict one
another. The vehicles requesting energy want the energy at the lowest price they can obtain.
The vehicles and the charging stations offering energy want to offer it at the highest price
possible. Therefore, it is extremely improbable that the parties involved are able to come to
an agreement if they decide how much energy to trade on their own.

Due to the auctioneer’s goal of obtaining a balance between the competing interests of
the involved parties (i.e., EVs and CSs), their job is essential to achieve a smooth operation
of the market. According to the total amount of energy required, energy trading decisions
must be made while simultaneously the auctioneer takes into account the various expenses
associated with energy trading between vehicles and CSs. Therefore, a social welfare
optimization problem can be used to resolve these particular market characteristics. It
is also highlighted that social welfare optimization is a general paradigm for ensuring
justice in systems where there are several involved parties. The choice represents the
overall best option after social welfare optimization maps out each person’s preferences.
Individual preferences are mapped through social welfare optimization and the solution to
the problem represents the overall system optimum.

In the start of the allocation and pricing phase, the auctioneer is tasked with selecting
the energy trading matrices denoted as:

Xy = (Xnm,Vm € M,Vm € M\ {n}), 4)
Yn = (Ynp,Vp € N\ {n}), ©)
Ym = (Ymn,n €N), (6)

The next step is for the auctioneer to define the matrices for the bids and asks, denoted as:

bum = (Xpm,Ym € N\ {n},Vm € M), (7)
ﬂn,p = (yn,p,VP € N\ {Tl}), (8)
amn = (Ymu, Y1 € N). 9)

To find the optimal solution for the bids and asks, we need to define the optimization
problems.

The purpose of the following optimization problem, which involves the bidding of
the EVs seeking energy, is to have each EV’s unique cost for asking energy for charging be
as low as possible:

BIDS (vehicles): Iglil‘l J(Xn,m) (10)

n,m

st. bym >0,Yme N\ {n},Vme M. (11)
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The EVs address the following optimization problem and their will is to maximize the
income of providing energy through the offered asks:

ASKS (vehicles): max V (yy,p) (12)
anp
st app >0,Vpe N\ {n}. (13)

In order to determine the optimal asks of the CSs, the charging stations tackle the
maximization problem shown below:

ASKS (charging stations): max V (Y,.) (14)
aAm,n
st amy >0,VYn e N. (15)

The auctioneer determines the optimal Xy, yn, and ym, after receiving the bids and
asks, by figuring out the social welfare minimization problem:

P1: min Z Z Xnm — (Z Z Ynp + Z Z ym,n) (16)

Xn,Yn,Ym neN\{n} meM neN peN\{n} meMneN

st. Y Xpm+ Ely < EpaeVn €N, (17)
neN
Z yﬂ,P —= statuS/vp € N\ {7’1} (18)
Z Ymu < El,Nne N, (19)
meM

Ynp +Ymn < Xum, V1 € N,Vp e N\ {n},Vm € M, (20)
Xnm + Ynp € {Xnm, Ynpt,Vn € N,Vp € N\ {n},Vm € M, (21)
Ynp > 0,Ymn > 0,Xp,m > 0,Yn € N,Vp € N'\ {n},Vm € M. (22)

The objective function (16) is strictly concave and tries to reduce the disparity between
the advantages of trading energy among the various participants. The constraints (17)-(19)
make sure that the overall quantity of energy to be traded does not exceed the amount
that is available for the EVs and CSs. According to constraint (20), each vehicle’s desired
amount of exchanged energy must be satisfied by the amount that the EVs and CSs decide
to admit. A vehicle can only be a buyer or a seller, thanks to constraint (21). Last but not
least, constraint (22) ensures that the transferred energy resources are not negative.

The constraint set is not convex, since the constraint (21) is not linear. By using the
Big-M notation, the problem is transformed as follows:

P2: min Z Z Xnm — (Z Z Ynp + Z Z ]/m,n) (23)

XnnYm o e N\ {n} meM neN peN\{n} meMneN
st Y Xum+El; < Epg, VneN, (24)
neN
Z Ynp < Edtatus, VP € N\ {1}, (25)
Z Y < E™ 1€ N, (26)
meM
Ynp + Ymn < Xnm,Vn € N,Vp € N\ {n},Vm € M, (27)
Xnm < (Elay — Ebiatus) ¢, Vn € N,Vm € M, (28)
Ynp < Epy-d,Nn e N,Vp e N'\ {n}, (29)
c+d<1, (30)

Ynp = 0,Ymu =0, X0, > 0,Yn € N,Vp € N'\ {n},Vm € M. (31)
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The problem P2 belongs to the class of multi-objective optimization problems, with
objectives that are contradictory. The minimization of the vehicles’ cost for energy request-
ing does not necessarily imply the maximization of the EV and CS income for offering
the energy. More specifically, the problem P2 is an NP-Complete problem. Thus, a global
optimum is difficult to approach, especially when there is a large number of variables [40].
However, there are different solutions that represent the best feasible state of the investi-
gated system. In our previous work [39], the social welfare multi-objective maximization
problem is solved through the use of the method of Lagrange multipliers and the determi-
nation of the Karush-Kuhn-Tucker conditions. In [39], the energy market consisted of one
third-party small cell network owner and just a few (up to five) mobile network operators.
However, in the energy market that we investigate, we came to the conclusion that this
method was not suitable. In the investigated problem, the number of involved parties is
really high, consisting of a large number of CSs and an even larger number of EVs. Thus, a
different approach needs to be investigated. Additionally, an optimization problem with
antagonistic parties may have a variety of solutions, some of them being optimal. In order
to find the optimal solutions, every objective should be examined separately and with the
consideration of the conflicting objectives. To that end, a mechanism needs to be found in
order to narrow down the solutions, so as to find the ones that are optimal. To overcome
the high level of complexity of the multi-objective optimization problem, metaheuristics
are employed. More specifically, metaheuristic approaches are used to determine the best
representation or a good approximation of these optimal solutions, which are sometimes
referred to as the Pareto optimal set or as the optimal Pareto Front. These metaheuristic
methods (also sometimes called genetics) have become a very active research area, and
several algorithms have been proposed [41].

For our multi-objective optimization issue, the metaheuristic algorithm searches
through a collection of potential combinations of the decision variables to identify the
Pareto optimal [40]. However, it is impossible to simultaneously optimize all or even a
large number of objectives. As a result, first, separate calculations are made for the ob-
jectives that reduce the energy cost of EVs and increase seller energy income. Obviously,
these solutions belong to the Pareto Front and, in fact, are its endpoints. Continuously,
a simple procedure to locate additional Pareto solutions (if there are any) is started. The
solutions are then sorted in accordance with one of the objectives (e.g., income of CSs).
Finally, the algorithm begins at the point with the lowest cost for the vehicles and moves
on to succeeding options until the lowest-cost solutions are discovered. The search is then
restarted from this solution and added to the Pareto Front.

Through the use of metaheuristics, the multi-objective problem can be solved efficiently
and quickly for different numbers of EVs and CSs [41-43].

4. Double Auction Algorithm

In this section, we present the Iterative Minimization Energy Trading (IMET) algorithm
that solves the energy trading problem. This method uses an iterative process that builds
up to equilibrium to determine the optimal values for the bids and asks of the EVs and the
CSs. Algorithm 1 provides a description of the iterative procedure.

Proposition 1. The Iterative Minimization Energy Trading (IMET) algorithm is efficient, individ-
ually rational, and incentive compatible.

Proof. The Pareto Front, which depicts the ideal and optimal set of solutions, is where
the IMET method converges. The solutions integrate the bidders” objectives that were
described by the optimization problems, denoted as BIDS (vehicles), ASKS (vehicles),
and ASKS (charging stations). Then, these contradicting objectives are incorporated in
the optimization problem P2, and through Algorithm 1, the optimal solutions are reached,
proving the efficiency of the algorithm. Individual rationality is demonstrated by the fact
that the utility of the winning participants is always non-negative. Towards achieving
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incentive compatibility, submitting to the auctioneer the real bids and asks is the preferred
tactic for all players. When a player makes an untruthful bid, the winning bid must be
higher than the lower truthful bid; as a result, the utility is lower than it would have been if
the player had made an untruthful bet. When the player changes the bidding approach,
the dishonest bidder is unable to maximize their utility. This demonstrates that the buyer
has no reason to be dishonest. The asks also follow the same rationale. [J

Algorithm 1 Iterative Minimization Energy Trading (IMET) algorithm

1: Initialize the system in study
2: Compute bids that minimize the EV cost and add solution, denoted as S% to the Pareto
Front

: Find alternative solutions, denoted as Sl.l, wherei =1,...,n according to EV cost
: Sort alternative solutions in order of increasing value

i=1

do

Find j > i, such as S} is the best solution in terms of EV, CS income

Add S} to the Pareto Front

j=j+1

10: whilej <mn

11: Compute asks that maximize EV income, and add solution, denoted as S% to the Pareto
Front

12: Find alternative solutions, denoted as 51-2, wherei =1, ...,n according to EV income

13: Sort alternative solutions in order of decreasing value

R A

14 i=1

15: do

16: Find j > i, such as SJZ is the best solution in terms of EV cost, CS income
17: Add S]2 to the Pareto Front

18: j=j+1

19: whilej <mn

20: Compute asks that maximize CS income and add solution, denoted as Si’ to the Pareto
Front

21: Find alternative solutions, denoted as S?, wherei =1, ...,n according to CS income

22: Sort alternative solutions in order of decreasing value

23:i=1

24: do

25: Find j > i, such as S?, the best solution in terms of EV cost and CS income
26: Add S}?’ to the Pareto Front

27: j=j+1

28: whilej <mn

5. Performance Evaluation

In this section, numerical results are presented to validate our analysis. The section
is composed of three parts. We first describe the simulated scenario that was used for
our performance assessment. The results of the algorithm’s convergence are then shown.
Finally, we demonstrate a performance assessment of the suggested approach in terms of
convergence, bidding values and energy savings compared to the works of the literature.

5.1. Simulation Scenario

The simulation scenario corresponds to a dense network of charging and discharging
stations in an urban area where a large number of electric vehicles are moving and are
willing to trade their energy by participating in the double auction market. We assume
that there is a large number of EVs and CSs, so as to have a variety of bids and asks that
vary significantly from one to another. More specifically, our simulation scenario consists
of 50 charging stations that are distributed around the area of a city center. We assume that
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the EVs are moving around the city center and their numbers range between 500 to 1000.
Additionally, we assume that the maximum battery capacity of the EVs is set approximately
to 400 km and the power consumption is set to 22 kWh for every 160 km [29].

Regarding the works of the literature [13,18], we decided to examine two different
charging scenarios as representatives, since the charging behavior is categorized into two
distinctive cases:

*  Weekend: The electric vehicles are charged on Saturdays and Sundays. These days, it
is observed that less energy is needed since the vehicles are not moving a lot.

*  Weekday: The electric vehicles are charged during the days of the week, meaning
from Monday to Friday. The energy needed these days is higher since the EVs require
more energy due to working days.

5.2. Convergence Analysis

In our research analysis, we take into account various numbers of EVs that travel
across the network of charging stations and investigate how the suggested method behaves.
In Figure 3, we first demonstrate how the number of EVs affects the number of iterations,
and then we depict the social welfare attained in each iteration by the optimization problem
P2 for various electric vehicles and for different days. In Figure 3a, we observe that as the
number of EVs increases, the number of iterations increases as well, since the higher the
number of EVs, the higher the number of possible combinations for energy trading. When
our configuration consists of more EVs, it is more difficult to converge. It is important
to point out that when the number of vehicles is relatively low, the number of iterations
is small and this number is still not high for even a higher number of EVs. As a result,
since the decision to trade energy is made within a short period of time—usually a few
minutes—the number of repetitions is never prohibitive. Additionally, we observe that
for weekdays, the number of iterations is a bit higher than the ones on weekends, since
the charging traffic is higher on weekdays, when more vehicles require higher energy
trading. In the second subplot (Figure 3b), we notice that the proposed algorithm only
needs about 100 iterations to reach the optimal solution. For a lower number of electric cars
(500 EVs), the social welfare is lower than when the number of EVs is higher (1000 EVs).
This is explained since when our configuration consists of fewer cars, there is no need
for achieving more energy trading agreements. As the number of cars increases, there
are more possible combinations for energy trading and thus, better solutions are chosen.
When comparing the days that the energy trading takes place, we observe that during
weekends, the social welfare is lower due to the lower charging needs that the vehicles
have these days.
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Figure 3. Convergence analysis and social welfare. (a) Number of iterations vs. the number of electric
cars in the system configuration. (b) Evolution of social welfare for different number of EVs.
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To verify the effectiveness of the iterative algorithm, the computation time for conver-
gence for various numbers of vehicles is shown in Table 2. As it is observed, the algorithm is
completed in polynomial time. From the results in the table, we conclude two observations.
First, the computation time for convergence increases as the number of electric vehicles
increases, something that is logical. Second, the time for convergence is lower on weekends,
since the charging needs of the EVs are lower than on weekdays.

Table 2. Computation time for convergence (in s).

Number of EVs 500 550 600 650 700 750 800 850 900 950 1000
Weekend 0.42 0.43 0.47 0.55 0.59 0.76 0.79 0.88 1.1 1.4 1.6
Weekday 0.50 0.55 0.57 0.72 0.78 0.96 1.4 1.6 1.8 21 23

5.3. Numerical Results

In Figure 4, we plot the clearing price of the involved participants in terms of iterations
(Figure 4a) and in terms of the daytime (Figure 4b). As we explained before in Section 3.2,
the vehicles and the charging stations participate in the trading market in order to share
energy. Thus, EVs and CSs propose bids and asks referring to the price that each one of
them valuates the energy to be traded. It is clear that the bids and asks cannot be matched
due to the participants” different objectives. However, by motivating the involved parties
to participate in the energy trading market, a clearing price can be reached. The clearing
price refers to the price where the bids and asks are in equilibrium. This clearing price is
reached through price discovery as buyers and sellers attempt to find the most beneficial
price and this is achieved through the proposed iterative algorithm. By observing the
first subplot (Figure 4a), the clearing price of the energy trading auction for the iterative
algorithm (i.e., IMET) is plotted. It is evident that after a few rounds, the clearing price
converges to an optimal value. Despite the fact that the initial values of bids and asks were
chosen at random, we see that the optimal values for maximizing social welfare are quickly
determined. It is also observed that the bids increase as the energy to be traded increases
since the energy needs of the vehicles grow. This is the reason why the bidding prices are
higher on weekdays instead of the price on weekends. During the weekdays, the higher
energy needs increase the competition, and as a consequence, higher clearing prices are
reached. Following similar observations, the energy cost is plotted during the different
hours of the day in Figure 4b. More specifically, the energy cost refers to the clearing
price that is achieved through the iterative auction strategy. Referring to Section 2.2, we
recall that the energy needs are higher during the morning, from 6 a.m. to 9 a.m., and in
the evening, from 2 p.m. to 6 p.m., since around these time periods, most of the vehicles
are expected to be on the move and would need charging. Accordingly, the energy price
fluctuates with the energy demands during the day. Over and above that, it is noted that
the equilibrium energy cost is decided every hour of the day and is highly affected by the
demands of that time. Last but not least, as mentioned in previous figures, the energy cost
is lower over the weekends, when the energy trading is lower.

We evaluate the effectiveness of our proposed scheme by comparing the auction-based
energy trading technique (referred to as IMET), with two benchmark approaches:

1. A double auction scheme, wherein the income of the involved participants is the dom-
inant objective to be maximized [23]. The trading price is proposed to be estimated
by the k-factor rule and, thus, we will be referring to this solution as k-factor Double
Auction (k-DA),

2. one benchmark solution (No Energy Trading (NET)), where each vehicle is charged
independently without any agreement and consensus with the other EVs and the CSs.
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Figure 4. Convergence analysis and social welfare. (a) Evolution of clearing price. (b) Clearing price
for the energy trading auction.

To provide more context for the potential advantages that can be realized through
the suggested energy trading method, the energy savings and the completion time are
quantified in Table 3. The comparison of energy savings between the suggested IMET
algorithm and the work from the literature (i.e., k-DA) in relation to the NET scheme is
shown in the table. Particularly, as observed, the proposed iterative algorithm guarantees
higher energy gains compared to the state-of-the-art work. By adopting the IMET strategy,
the involved parties are motivated to participate in the energy trading market more often,
and thus, higher gains are achieved. Another observation is that the higher the energy
needs, the higher the energy gains are. More specifically, during weekdays, energy gains
reach up to 52.5%. Furthermore, our proposal achieves better performance in terms of
completion time. The IMET scheme is designed to converge in very few seconds.

Table 3. Comparison to the state of the art with respect to the NET scheme.

Time Algorithm Energy Saving (%) Completion Time (s)
Weekend IMET 453 0.82
k-DA 32.7 6.6
Weekday IMET 52.5 1.2
k-DA 39.8 10.1

6. Discussion

We analyzed a double auction that is significantly distinct from other designs investi-
gated in the literature. Earlier works have quantified the benefits of energy trading in rather
restricted areas, with a relatively small number of vehicles and charging stations. Other
works examine markets with complete data and select competitive strategies. However, in
the market, it becomes more difficult to reach an agreement when participants are unwilling
to disclose their needs and demands. The selected solution for such markets is the double
auction theory, in which the auctioneer attempts to match the desires of buyers and sellers.
Different double auction approaches have been analyzed in the literature. In this paper, we
adopted a market mechanism based on the maximization of social welfare. We formulated
a social welfare function to map the individual preferences of the energy market in a single
objective. At this point, we recall that the EVs are motivated to minimize the cost of buying
energy to charge and, at the same time, they want to maximize the price at which they are
willing to sell the offered energy for charging other vehicles. To these conflicting interests,
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the maximization of asks of the CSs is also added. Multi-objective problems often belong
to NP-hard problems, and an optimal solution is difficult to be found, especially when
the number of variables is large. In order to converge the optimal solution, social welfare
optimization is preferred, since the social welfare function combines the multiple objectives
in a single function without neglecting the different and often conflicting preferences of the
involved participants, e.g., EVs and CSs. The social welfare function that we propose ranks
the solutions as less desirable, more desirable, or indifferent. The different solutions that
exist represent the best feasible state of the investigated system. In order to find the best
possible approximation of these optimal solutions, Pareto Front is employed. An iterative
double-auction mechanism that satisfies all the desirable economic properties is used to
resolve the limited market information and the conflicting objectives of the participants
(i.e., electric vehicles and charging stations). Therefore, the proposed algorithm optimizes
energy and cost efficiency in emergent and future applications for smart cities.

7. Conclusions

In this paper, motivated by the challenges of smart cities, e.g., an increasing number
of electric vehicles and charging stations’ novel capabilities, an innovative double auction
strategy was proposed. The investigated algorithm achieved energy savings and quick
optimal decision, thus encouraging the EVs and CSs to participate in a trading market to
share their energy. To meet the economic goals of all involved parties, an iterative algorithm
(referred as IMET) was devised. A variety of EVs and the energy demands during different
days were tested with the innovative scheme in the performance evaluation section. The
findings demonstrate that our suggested algorithm considerably enhances the operation
of the market with regards to energy savings. In some cases, the energy savings amount
to a reduction of up to 52.5%. The optimal values are also achieved in only a few steps.
The suggested strategy offers both fairness and significant energy benefits, encouraging
both electric vehicles and charging stations to take part in a double auction energy trading
system. The involved stakeholders of the energy trading market are the following;:

1.  The owners of the electric vehicles. We assume that each EV is owned by a different
independent owner that acts individually and has individual objectives.

2. The owners of the charging stations. Different energy operators may own multiple
charging stations or each CS may be owned by independent third parties. Similarly,
the owners have distinctive objectives.

The distinctive objectives of the EV and CS owners consist of cost reduction and
the efficient use of energy resources independently and for the whole energy trading
market. Therefore, the social welfare function combines multiple objectives in a single
function without neglecting the different and often conflicting preferences of the involved
participants. The algorithm converges to the optimal solution that motivates EVs and CSs
to participate in the energy market.

A potential extension of the work could involve the evaluation of alternative algo-
rithms for solving the energy trading problem. In addition, we intend to examine the
market under different cases and scenarios and evaluate double auction strategies in terms
of different parameters and various metrics. Last but not least, privacy and security issues
are an emerging challenge that could be investigated in future work.
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Abbreviations

CS Charging Station

EV Electric Vehicle

IMET Iterative Minimization Energy Trading

TIoT Internet of Things

N Set of EVs

M Set of CSs

EV, Electric Vehicle n

CS,, Charging Station m

Xp,m Amount of energy requested by EV), from EV},, or CSy,
Xn Energy trading request vector by EVj, from EVs and CSs
Xu Total traded energy of EV,

J(xnm)  Charging benefit for energy requested by EV;, from EV;, or CS,
Elotus Amount of energy of the EV}, or CS;, before bidding

i Available energy of EV,;, or CSy,

El oy Maximum battery capacity of EV,

bym Cost of energy requested for EV}, and paid to EVj; or CS,
Yup Amount of energy offered for EV), from EV),

Yn Energy trading request vector by EV}, from EVs

Y, Total traded energy of EV,

V(ynp) Charging benefit for energy offered by EV, to EV),

an,p Cost of energy requested from EV), and paid to EV),

Ymn Amount of energy offered for EV}, from EV,

Ym Energy trading request vector from CS,; to all vehicles
Y Total traded energy of CSy,

V(ymn) Charging benefit for energy offered by CS,, to EVj,

A n Cost of energy requested from EV}; and paid to CS;,
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