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Abstract—This paper proposes auction based energy
trading among electric vehicles (EVs) with consideration
of practical battery status. At an arbitrary time, each EV
can be a seller or a buyer according to their residual bat-
tery level and required energy for reaching the pre-defined
destination. Under energy trading among EVs, there is
an energy pool managed by an auctioneer in the market
that gathers surplus energy from sellers and supplies it
to buyers by using an auction mechanism. Each buyer
individually decides the initial bidding price and the amount
of energy to buy from sellers according to an expected
cost savings compared with buying from macrogrids as
well as its battery wear-out cost and charging/discharging
efficiency. Similarly, each seller also individually decides
its initial selling price and the amount of energy for sale
subject to a trade-off between the received revenue and
discharging cost depending on its battery status. Notably,
we provide a battery status model of EVs for designing well-
defined utilities of both sellers and buyers. We design a
naive auction process such that, in the auction process,
the auctioneer controls the bidding increment to determine
the best prices on a set of energies offered to multiple
buyers through an iterative procedure. Finally, we show
that distributing the energy based on a well-defined utility
function converges to a unique optimal distribution for
maximizing the payoff of all participating EVs.

Index Terms—Electric vehicle, energy trading, battery
degradation, naive auction, auction theory

I. INTRODUCTION

DUE to technological developments in battery systems
(e.g., cycle life, sensing technology to measure state of

battery) and an increased focus on renewable energy sources,
electric vehicles (EVs) have been emerging rapidly as part
of the next-generation transportation paradigm [1], [2]. These
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EVs are powered through a collector system by electricity
from off-vehicle sources, or a self-contained battery, represent-
ing a totally different system from the traditional gasoline pow-
ered vehicles. EVs are thus more environmentally friendly and
more energy efficient. However, the proliferation of EVs may
lead to change in the energy consumption pattern of power
systems and induce overload on the macrogrid by increasing
peak demand. Correspondingly, this new transportation system
faces technical challenges such as pricing and optimal charging
/ discharging control for efficient demand management in the
EV market [3]–[7].

Various forms of energy charging problems have been
studied in the literature, aiming at optimal operation of EVs
taking into account charging cost decided by the regulator
in a specific region [8], and estimated battery wear-out cost
[9]–[11]. Moreover, in recent works, based on the dynamic
programming theorem in [12], Dubey et al. suggest a way to
control EVs’ charging rates and charging time in a local power
system using time of use (ToU) pricing by considering the
stability of voltage frequency in a given region. In [13], Yuan
et al. suggest the Stackelberg game approach to analyze the
competitive market between charging stations and EV users
where EV users determine their charging operation according
to the distance to reach charging stations and the waiting time.
Even though there have been various approaches to control
EVs’ charging behavior, irregular and simultaneous charging
needs from various EVs could lead to injurious effects on
power systems (i.e., macrogrid, electric power system) such as
power quality at the distribution level and peak load increment.
For instance, high demand for charging energy due to rapid
EV penetration induces an energy imbalance between supply
and demand in local grid systems [14], [15]. Such rapidly
increased demand also requires more charging infrastructure
for alleviate waiting time for charging [16]. In this context, in
order to open the EV market by reducing the impact on the
conventional power system, it is necessary to present a solution
from the perspective of the entire EV market rather than a
charging approach for individual EV. These concerns have
recently motivated scholars of market-based energy trading
mechanisms among EVs [13], [17]–[19]. More specifically
researchers consider a situation where, at a given time, several
EVs have superfluous energy in their battery system that they
wish to sell to the charging station, whereas some others do not
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have sufficient energy to reach their destination and need to
buy the shortfall from the charging station. Such energy trading
among EVs can reduce the reliance on the macrogrid and the
energy loss incurred in long-distance transmission from the
macrogrid.

Recently, some energy trading models among EVs were
proposed [18], [20]. The work of [20] represents a cloud-
based vehicle-to-vehicle (V2V) energy exchange framework.
They suggested an energy switch center (ESC) to share EVs’
energy in a local grid. However, since their design purpose is
to maximize the profit of the ESC, there is lack of motivation
for EV users’ spontaneous participation in a practical market
environment. Kang et al. [18] proposed a localized peer-to-
peer EV energy trading model. In the proposed model, to
maximize social welfare in the EV market, both the elec-
tricity pricing and the amount of traded energy of EVs can
be decided through an iterative double auction mechanism.
However, since the final transaction price decided by the
auctioneer is focused on maximizing the social welfare, there
is a fairness problem among the EV market participants. For
instance, some EVs whose trading price is not appropriate to
reflect the transaction price could not participate in the market
trading. This is a well-known limitation of the double auction
mechanism. Moreover, there is lack of consideration of the
impact of the amount of trading energy on the transaction
price. From the general demand and supply theorem, trading
quantity should be considered for determining the market
price. As another approach to energy trading models among
EVs, the auction mechanism were proposed [21]–[24]. In
[21], [22], Saad et al presented a surplus energy trading
method using double auction mechanism. Zhou et al show
a way to maximize social welfare in plug-in electric vehicles
environment by designing online auction problem in [23]. In
addition, Shafie et al suggest auction-theory as a solution
in a day-ahead and real-time energy reserve market in [24].
Nevertheless, all of the previous works in [18], [20]–[24]
do not consider characteristics of the battery such as battery
deterioration, wear-out cost and SoC. These characteristics
should be considered to design more practical energy trading
market behavior among EVs.

In this light, this paper proposes auction based energy
trading among EVs with consideration of practical battery
status. The contribution of this paper are summarized as
follows.

• Under our approach, sellers and buyers determine their
initial trading price and energy independently by the
previous trading and pricing data received from the
macrogrid. Accordingly, buyers and sellers submit their
preferred transaction prices and trading energy to the
auctioneer where the auctioneer acts as a broker in this
paper, it allocates the trading energy of users depending
on their initial bidding prices.

• To alleviate a fairness problem from conventional works,
that is some EVs are required to sacrifice their own
interest for social welfare, the proposed energy trading
mechanism operates a market that makes all players
participate as price-makers who determine their bidding

price depending on their own utility function.
• For designing more practical energy trading market, a

battery wear-out cost depending on the SoC level and
the discharging constraint are considered for determining
optimal bidding strategies.

• For the purpose of studying the economic benefits of
such an auction based energy trading mechanism in EVs,
we analyze it using the framework of the naive-auction
mechanism by deriving optimal energy trading price for
each individual EV with consideration the energy trading
volume in the market.

• Through rigorous auction-based market analysis, we rep-
resent the efficiency of our approach with different trad-
ing mechanism. Furthermore, specific algorithm proce-
dure and complexity analysis are provided for a scalabil-
ity study.

We thereby can set a more practical utility function for
EV users in a market, suggest a way that EV users could
participate in the market in a more aggressive position as a
price-maker, not simply as a price-taker.

The rest of this paper is constructed as follows. In Section
II, we describe the system model and provide details of the
optimization process, which considers a battery degradation
model. In Section III, we derive the unit bidding price and
trading quantity based on the optimization approach, and we
formulate the trading problem as a naive auction mechanism.
Numerical results are presented in Section IV. Finally, we
conclude this paper in Section V.

II. SYSTEM MODEL

The application scenarios of the business model for the
EV trading have been widely introduced in both industry
and academia. Specifically, in industry, from [25], automatic
charging, connected charging, vehicle to infrastructure and
vehicle to grid are some of the existing or planned solutions to
minimize negative consequences of EV. In academia, in [18],
[26], [27], they considered bidirectional-charging infrastruc-
ture, which can trade electricity in a localized area. In a con-
ventional power grid, the generated electricity is transported
through a complex energy transportation mesh resulting in
high losses in the network and correspondingly low efficiency.
Unlike so, EVs with surplus energy can discharge energy
to satisfy electricity demand of local area, thus balancing
electricity supply and demand locally in hotspots.

Based on these perspectives, we consider a case where EVs
are parked in the region. Each EV has a different SoC level
and energy required to reach the destination. As illustrated in
Fig. 1, each EV determines their bidding or selling price based
on their status and essential energy to reach the destination.We
assume that EVs are connected into the energy pool and
they can exchange energy via an auctioneer, who has the
role of a broker in the trading. Here, to simplify our EV
trading market model, the proposed model does not include
a support from a vehicle to grid (i.e., microgrid) technology
in trading. That is, only trading among EVs is considered. All
of the information of EVs are transferred to the auctioneer,
who determines whether energy should be offered from the
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macrogrid or residual energy should be injected into the
macrogrid considering the total amount of deficit and surplus
energy.
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Fig. 1: Energy trading among multiple electric vehicles inter-
connected station.

Let the time be divided into consecutive fixed-length time
intervals. In each time interval, some EVs have surplus energy
that they wish to sell, whereas some other EVs do not have
sufficient energy to reach their destination and need to buy the
shortfall from the market. To model this, we define N as a
set of buyers and M as set of sellers. By summation of these
two sets, R is the total number of EVs who participate in the
market.

In each time period, all participants decide their position
depending on their current SoC level and necessity. After
determining the EV’s position, all players decide on the
initial bidding & selling price and the amount of trading
energy by the optimization process in an hour-ahead time line.
Considering the law of demand and supply, a buyer who sets
low price would be allocated low amount of energy. Therefore,
in the optimization process, buyers set their purchase price
considering the previous trading data. From the seller’s point
of view, in the case of a person who sets the selling price too
high, the sales order may be placed last, and the transaction
may not proceed. Therefore, we consider an individual EV’s
historical trading data in optimization to derive a rational
trading cost.

For each j ∈ M , we define Ês,j as the amount of energy
that seller j wants to sell. Let ωj

S,init be the seller’s wear-
out cost depending on the initial SoC level when the seller
enters the trading market. Thus, the cost charged for seller, due
to battery degradation is Ês,jω

j
S,init. Considering the auction

mechanism, cs,j has meaning of the initial selling price in
auction trading. Therefore, cs,jÊs,j has an implicit meaning
of estimated revenue from sales. In the utility function of seller
j, we consider both the profit of selling energy and the wear-
out cost in order to derive a more reasonable decision of the
seller.

For each i ∈ N , cb,i also has meaning of the initial bidding
price, as mentioned above. cb,i is the initial bidding price
before participating in the auction. However, it means the
final purchase price after a transaction is concluded. Since
Ěb,i is the amount of energy that buyer i wants to buy,

Ěb,iω
i
S,init means the wear-out cost in the battery that arises

from charging the energy. Compared with stationary price in
a charging station, the main aim of the buyer is to charge
energy at a lower price than at the charging station. Therefore,
the objective function of the buyer is the difference between
the stationary price and the initial bidding price. Here, pmin

denotes the minimum payment price for buyers, which is based
on energy generation cost from macrogrid. In this context, we
expect cb,i ≥ pmin to hold for all i ∈ N otherwise macrogrid
would buy the energy from this EV market, instead of energy
generation.

In determining the transaction quantity, for each j ∈ M ,
when selling energy Ês,j from seller j the seller’s current sell-
ing price and the maximum trading cost should be considered.
let

Ês,j = β
(ps − cs,j

ps

)
Es,j . (1)

Here, ps is the maximum selling price corresponding with
the sale price at the charging station, which is determined
by macrogrid. And, 0 ≤ β ≤ 1 is the weighting factor that
servers as a measure of interest level for selling energy to the
market. Note that the above term

(
ps−cs,j

ps

)
in (1) originates

from the assumption that 1) cs,j ≤ ps to hold for all j ∈ J
in this context because otherwise the buyers would pay less
by directly obtaining the same amount of energy from the
macrogrid. Also, 2) to encourage sellers with low bid prices,
the transaction quantity of sellers is determined in proportion
to
(

ps−cs,j
ps

)
.

In a similar manner, the decision of trading energy for buyer
i is

Ěb,i =
(

1− α
(ps − cb,i

ps

))
Eb,i. (2)

Here, 1 ≤ α is the weighting factor that serves as a
measure of the interest level for buying energy from the
charging station. Note that, in addition to the same assumption
1) in (1), to encourage buyers with higher bid prices, the
transaction quantity from buyers is determined in proportion
to
(

1 − α
(

ps−cb,i
ps

))
. In our model, depending on the total

surplus energy and deficit in (1),(2), the auctioneer determines
whether to make up the shortfall from the macrogrid or not.

A. Battery Wear-out Model

To derive a realistic decision in the optimization process,
we consider the battery degradation model in EVs for a
practical approach, which is mentioned in [28]–[31]. Most
battery degradation models are calculated by the cycle life,
which is determined by the number of times the battery is
operated and the depth of discharge (DoD) in the battery. In
the paper, we denote the DoD by x ∈ [0, 1] and the SoC by
y ∈ [0, 1]. Assuming the normalized value of battery capacity
is 1, then we have x+y = 1. As illustrated in Fig.2, we could
assure the relation between DoD and cycle life as

L(x) =
a

xb
. (3)

In equation (3), a and b are determined by the characteristics
of the battery, as illustrated in Fig.2. In Fig.2, we represent
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Fig. 2: Energy trading among multiple electric vehicles inter-
connected station.

data of EV batteries for the relation between cycle life and
their DoD, as depicted in [32]. In the simulation, SAFT
is a high energy cell that is manufactured by the company
SAFT and the set of parameters include aSAFT = 1331
and bSAFT = 1.825. The U.S. Advanced Battery Consortium
(USABC) is the basis for estimating the battery degradation of
a future battery system with parameters of aUSABC = 2744
and bUSABC = 1.665. Based on this thesis, scenario 2030
is a case, which assumed parameters aScenario2030 = 4000
and bScenario2030 = 1.632. The plot of nickel-metal hydride
(NiMH) is a battery manufactured by A123 company. For
every DoD level in the battery, it is possible to calculate a
value of lifetime throughput Lx, as derived in [28].

Lx = Bcap × x× L(x) (4)

is the averaged value of lifetime throughput in different DoD
levels. Based on different battery characteristics in (3) and the
relation between cycle life and DoD in Fig.2, we can derive
the battery wear-out cost (ω̂k

x) using the battery price and its
lifetime throughput (Lx):

ω̂k
x =

(Battery price)

(Lifetime throughput)×
√

(Efficiency)
(5)

=
Bprice

xBcapL(x)
√
µ

In (5), µ is the efficiency for charging or discharging the
battery and Bprice is the actual battery price in the market.
However, in the trading mechanism, EVs determine the trading
price and the amount of energy depending on their SoC level
(y = 1− x ∈ [0, 1]), and we reformulate (5) as

ωy
k =

Bprice

(1− y)BcapL(1− y)
√
µ
. (6)

As can be seen in Fig.2, cycle life is greatly influenced by
the DoD value. This means the calculation of the battery wear-
out cost according to the SoC level has a strong influence on
the determination of the charging decision and amount in EV
users’ perspective. Therefore, in (6), we focus on the initial

SoC state and the battery characteristics to determine the wear-
out cost in the bidding process.

B. Utility function of buyer

As we assumed, each EV user plays a role considering
the distance between the current state and destination. After
deciding the number of buyers in the trading, each buyer sets
its utility as follows:

Ui(cb,i) = (ps − cb,i)Ěb,i − Ěb,iω
i
S,init (7)

to determine the bidding price and trading amount of buyer
i in the current time interval. Since Ěb,i means the amount
that the buyer wants to allocate, the first term (ps − cb,i)Ěb,i

represents the estimate margin that buyer i would earn from
trading. The second term Ěb,iω

i
S,init is the wear-out cost of

buyer i, depending on its initial SoC level.
Here, to determine the buyer’s initial bidding price and the

amount of energy, we consider practical constraints (8)-(10)
to solve the problem:

St
b,i = Sinit

b,i + Ěb,iη
ch (8)

Smin
b,i ≤ St

b,i ≤ Smax
b,i (9)

pmin ≤ cb,i ≤ ps. (10)

In (8) and (9), we set a battery constraint to considers the
initial SoC level and charging tolerance based on each user’s
battery characteristics. Let ηch be the charging efficiency of
the battery to address the energy loss during charging, and
Smin and Smax are the minimum and maximum SoC levels
for a proper usage interval for efficient battery operation. Also,
we set the price constraint in (10), so that the purchase price
should be set higher than the production price of energy.

C. Utility function of seller

From the seller’s point of view, the main purpose of selling
residual energy is to maximize its profit. Thus, for each j ∈M ,
the utility function of seller j is defined as

Uj(cs,j) = cs,jÊs,j − Ês,jω
j
S,init (11)

In (11), (cs,jÊs,j) is the total profit that the seller earned by
participating in the trading and Ês,jω

j
S,init is the wear-out cost.

Therefore, (11) depicts the net profit of the seller when the
selling price is cs,j .

St
s,j = Sinit

j − Ês,j/η
dis (12)

Smin
s,j ≤ St

s,j (13)
pmin ≤ cb,i ≤ ps (14)

In (12), since ηdis is the discharging efficiency of the battery
to address the energy loss during discharging, (12) means the
next SoC level after the discharging process. (13) represents
the discharging constraint to leave energy to reach the desti-
nation. Also, to prevent the situation where the seller set the
selling price too high, we set the price constraint in (14).
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III. TRADING ANALYSIS

Local energy trading among EVs in our proposed mecha-
nism is a way to combine a naive auction and the optimization
process within a certain time interval.

A. Preliminaries

A naive auction is a special case of auction trading where
all players participate in the trading as price makers. In auction
theory, players are classified as sellers and bidders. In the
original work of Dimitri P. Bertsekas, a naive auction model is
applied to markets where there are many diverse participants as
multiple sellers and multiple bidders. For examples of multiple
players auction trading in a homogeneous object in a smart
grid, see [33].

In general, each player in auction trading is rational and
self-centered and aims to maximize its own utility. Unlike
game theory, where the strategy is determined flexibly by
considering the choices of other participants, in our approach,
players determine their initial bidding price in the absence of
information about other people. Therefore, in such an auction
mechanism, each participant needs to determine the optimal
transaction price according to their transaction record and
current state.

On the other hand, in the naive auction mechanism, the price
gap between bidder and seller is not a problem. By applying
the bidding transition to the one side of the participants, the
auction operates so that the transactions among all participants
can proceed. This market operation is based on the partic-
ipants’ initial trading prices. Therefore, as we will show in
Section III-B, derived from the utility function Ui(cb,i), we
calculate the solution of a quadratic equation and determine the
optimal bidding price that satisfies the constraints for buyers.
In this way, the buyers can set their initial bidding price to
participate in the auction. As a result, by conducting the same
approach from the seller’s point of view, it is possible to
proceed with a full-scale auction-based transaction. In this
section, we first find the optimal value of each participants
from the optimization process, and then plug the results into
the naive auction and draw a conclusion.

B. Initial bidding price

When we solve the above optimization problem, (7)-(10)
can be rewritten as follows:

Problem 1:

max
cb,i

(ps − cb,i − ωi
S,init)

(
1− α

(ps − cb,i
ps

))
Eb,i(15)

s.t. cb,i ≤
ps
α

(Smax
b,i − Sinit

b,i

Eb,iηch
+ α− 1

)
(16)

cb,i ≥
ps
α

(Smin
b,i − Sinit

b,i

Eb,iηch
+ α− 1

)
(17)

cb,i ≤ ps (18)
cb,i ≥ pmin (19)

The above problem is a convex optimization problem of a
single variable, and we solve the problem as follows:

1) Derive the maximum value through the first derivative.
2) Check the maximum value is within constraints

First derivation: To obtain an optimal solution to the problem,
we differentiate (15) by cb,i

∂Ui(cb,i)

∂cb,i
(20)

=
α

ps
(ps−cb,i−ωi

S,init)Eb,i −
(

1−α
(ps−cb,i

ps

))
Eb,i (21)

= 0 (22)

∴ c∗b,i =
1

2
(ps − ωi

S,init) +
ps
2α

(α− 1) (23)

Value comparison: In the case of (15), the form of the
second polynomial is shown, and we need to compare c∗i
with constraints (16) and (18). If the value of c∗i is within
the constraints the global optimal solution is c∗i , otherwise,
the solution is the smallest among them.

Comparing c∗i with ps as derived in (18),

ps − c∗b,i = ps −
1

2
(ps − ωi

S,init)−
ps
2α

(α− 1) (24)

=
ps
2α

+
ωi
S,init

2
≥ 0.

Therefore, the optimal solution for initial bidding price is

či = min
{
c∗b,i,

ps
α

(Smax
b,i − Sinit

b,i

Eb,iηch
+ α− 1

)}
(25)

C. Initial selling price

In determining the initial selling price of the seller, equation
(11)-(14) can be reconstructed in the following form.

Problem 2:

max
cs,j

P (cs,j) = (cs,j − ωj
S,init)β

(ps − cs,j
ps

)
Es,j (26)

s.t. ps

(
1−

ηdisch(Sinit
s,j − Smin

s,j )

βEs,j

)
≤ cs,j (27)

pmin ≤ cs,j (28)
cs,j ≤ ps (29)

The utility function of the seller is also a single variable type
polynomial problem same approach as the utility of buyer’.
Therefore, we use the same approach to derive the optimal
selling price.

First derivation: To obtain an optimal solution in the
problem, we differentiate (26) by cs,j
∂Uj(cs,j)

∂cs,j
= β

(ps − cs,j
ps

)
Es,j −

β

ps
(cs,j − ωj

S,init)Es,j

(30)
= 0

∴ c∗s,j =
1

2
(ps + ωj

S,init) (31)
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Value comparison: Using the same approach as depicted in
Section III-B, by comparing c∗j with the constraints given in
(27) - (29), we can determine the optimal selling price.

ps − c∗s,j = ps −
1

2
(ps + ωj

S,init) (32)

=
1

2
(ps − ωj

S,init) ≥ 0.

From the seller’s point of view, if the minimum selling
price (pmin) is less than the wear-out cost, there is no profit
by participating in the market. Assuming that the minimum
selling price is equal to wear-out cost, in (28)

c∗s,j − pmin =
1

2
(ps + ωj

S,init)− pmin (33)

=
1

2
(ps − ωj

S,init) ≥ 0.

Therefore, the optimal solution for the initial selling price is

ĉj = max
{
c∗s,j , ps

(
1−

ηdisch(Sinit
s,j − Smin

s,j )

βEs,j

)}
(34)

D. Naive auction trading

As illustrated in Fig.3, there are two cases depending on
the total amount of trading energy of buyers (

∑
i∈N Ei) and

sellers (
∑

j∈M Ej). The probability of the cases that there are
no sellers or buyers in the market is slight, and therefore we
excluded these cases. Fig.3a represents the scenario where the
total amount of deficit energy is higher than that of selling in
the market. In this condition, the auctioneer draws the shortage
from the macrogrid to satisfy all of the buyers’ demand.
Accordingly, the macrogird indirectly involves in the auction
market. For simplicity, here, we do not consider that macrogrid
participants as a bidder. This is due to fact that under the
condition cs,j ≤ ps in (1) to hold for all j ∈ J in this context,
macrogrid does not have any incentives to participate in the
market as a bidder. Also in Fig.3b, we can see that the total
amount of surplus energy is higher than the total amount of
deficit in the market. In this case, the remaining surplus energy
is injected into the macrogrid at generation price of electricity.

In the naive auction [34], [35], since the assignment is
symmetric, it is possible to exchange the roles of persons and
objects, which stems from the idea of [36]. Therefore, there
are two different approaches in a naive auction mechanism:
unassigned objects lower their selling prices as much as
possible to attract a person, and unassigned objects select the
best person who bids the price that maximizes the value of
objects. In this paper, we consider both cases depending on
a comparison between the total amount of surplus and deficit
energy. To meet the energy necessities of all electric vehicle
users, participants who do not have a transaction are set to
trade at a fixed price with macrogrid. In the case of such
auction-based trading system, the auctioneer only determines
the auction type according to the total amount of transactions,
and the actual transaction bidding and transaction amount are
automatically determined according to the price and amount
of the desired transaction of each user. In this mechanism,
assuming the energy distribution through an energy pool in the
region, we could make it possible that whole of participants
distributed their necessity through the market.
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𝐸1(macrogrid)

(b)

Fig. 3: Naive auction trading in two cases. The Sum of deficit
energy is higher than that of the surplus (3a), and sum of
surplus energy is higher than that of the deficit (3b).

1) Forward auction: When there is insufficient selling
energy in the market, the total sales charge will be increased
according to the principle of supply and demand economic
theory in forward auction algorithm. Although this mechanism
increases the transaction prices, buyers reluctantly participate
in the market, since it is possible to purchase the necessary
energy at a lower cost rather than charging in the station.
Therefore, when the total deficit energy is higher than surplus,
we propose a trading mechanism that increases the bidding
prices to maximize the seller’s profits.

Bidding increment: Buyer i finds an object ji that offers
maximal value, that is

ji = argmax
j∈M

(p̂ij − ĉj) (35)

and then:

1) Trading takes place with the seller, which is assigned to ji
at the beginning of the round.

2) Set the trading price of object ji to the level at
which seller j is indifferent between ji and the second
best object. Therefore, set the trading price p̂ji to

p̂ji + γi. (36)

where
γi = vi − wi + ε. (37)

In (37), vi is the maximum profit, which is derived by trading
with the best seller

vi = max
j∈M
{p̂ij − ĉj} (38)

and wi is the second highest profit

wi = max
j∈M,j 6=ji

{p̂ij − ĉj} (39)
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which is the maximum profit trading other than ji. In the
auction process, at each round bidder i raises its bidding price
by bidding increment γi. Note that (37) cannot be negative,
since vi ≥ wi, which means bidding prices tend to increase.
Also, in the equation of bidding increment, ε > 0 is required
to avoid infinite iterations when multiple objects’ selling price
is the same which makes no change in bidding increment.

Assignment Phase: In the market, j, who is selected as the
best seller (which means minimum selling price in trading),
determines the trading price (p̂j):

p̂j = min
i∈N
{či + ρri, ps}, (40)

and is assigned to the highest bidder ij . In (40), ρ is a weight
factor, because a large increase in the bidding price leads to
a decrease in the net profit of buyers. Also, without ρ it is
difficult for all participants to trade energy at reasonable prices.
The auction progresses with a sequence of iteration until there
are no more sales left in the market.

2) Reverse auction: Contrary to Section III-D1, we should
consider the case where the total amount of surplus energy is
higher than the deficit in the market. Due to economics, sellers
reduce their selling price so that as many buyers as possible
can buy electricity in the market. Therefore, in this case, the
selling price is decreased based on the initial selling price and
the best buyer’s preferred purchasing price.

Bidding decrement: For each seller j ∈ M , it finds the
”best” buyer i ∈ N , such that

ij = argmax
i∈N

{p̌ji − či}. (41)

and computes a bidding decrement (γ̂j)

γ̂j = v̂j − ŵj + ε̂. (42)

where v̂j is the best bidding price,

v̂j = max
i∈N
{p̌ji − či} (43)

and ŵj is the second best bidding price

ŵj = max
i∈N,i6=ij

{p̌ji − či}. (44)

In a reverse auction, at each round seller j reduces its selling
price by the bidding decrement γ̂j . For the same reason as
given in Section III-D1, the value of bidding decrement always
appears to be greater than zero. Therefore, it can be seen that
the updated selling price is the value reduced by γ̂j from the
initial selling price.

Assignment Phase: In naive auction, the application of
forward auction and reverse auction depends on the total
amount of trading energy.

p̌i = max
j∈M
{ĉj − ρ̂r̂j , pmin}, (45)

where, ρ̂ is a weight factor to ensure the seller’s revenue.
Here, the seller’s minimum profit is a case which applies
energy production fee in generators. Therefore, the transaction
price should be greater than or equal to pmin. In auction
mechanisme, buyers who meet their needs will not be able

Algorithm 1 Algorithm for reverse auction process

1: Initialization :
2: (a) Initialize the set of sellers N and selling price ĉj
3: (b) Initialize the set of buyers M and buying price či
4: (c) Initialize the index ρ, ε
5: for j = 1→M do
6: for i = 1→ N do
7: ij = argmaxi∈N{p̌ji − či}
8: ŵj = maxi∈N,i6=ij{p̌ji − či}
9: γ̂j = v̂j − ŵj + ε̂

10: p̌i = maxj∈M{ĉj − ρ̂rj , pmin}
11: end for
12: end for

to join the market again, and the remaining energy will be
sent to the macrogrid at energy pricing in generator.

From Algorithm 1, it is clearly expected that the algorithm
for reverse auction process has a time complexity of O(MN)
for the number of sellers and buyers, which is linear time
complexity. Accordingly, it can be applicable to practical
systems with acceptable expendability.

IV. NUMERICAL RESULTS

In this section, we provide numerical simulation results to
illustrate the suitability of the auction based market mechanism
in this paper. We are interested in the various parameters for
the utility of EVs and their net profit in comparison with
different algorithms [37].

In all of the simulation results, we consider the case where
the number of buyers and sellers is equal to 8 and set the
price of charging in a station at $0.33/kWh considering
the announcement from San Diego Gas & Electric (SDGE).
Also, we set the battery capacities between 32-42 kWh and
essential energy is set approximately in the middle of the
capacities. In addition, we use four representative lithium-ion
batteries to consider the practical wear-out cost. For battery
charging efficiency, it is assumed that there is a loss rate
of approximately 10% in charging or discharging progress.
Also we set the weighting factors to determine the energy
trading volume as α = 1.8 and β = 0.8, respectively, and
the purchaser trades the amount of required energy and sellers
trade by excluding some proportion of the selling allowances.
In the naive auction, we set ε = 0.0033 and ρ,ρ̂ as weight
factors that make the bidding difference near 0.03 to obtain
an appropriate bidding value.

A. Validation of the benefit for energy trading among EVs

1) Social welfare according to the EV market in local grid:
In this sub-subsection, we are going to show that our solution
not only maximizes the benefits of individual users, but also
increases the social welfare. Here, social welfare Usw means
the increment of total profit depending on local energy trading
system, defined by,

Usw :=
∑
i∈N

Ěb,i[ ps − p̌∗i ]+ +
∑
j∈M

Ês,j [ p̂
∗
j − pmin]+,
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where p̌∗i and p̂∗j represent the final trading price of buyers and
sellers according to the auction process. Therefore, forward
term depicts the total profit of buyers’ which are calculated
as multiplication of the cost gap and transaction volume. In
the latter case, it represents the sellers’ net profit through the
proposed system.
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Fig. 4: Result of social welfare according to the number of
users participate in local trading

As depicted in Fig. 4, when buyers and sellers are equal to
variable N , we compare the results of social welfare according
to the change of N . The results show that social welfare has
increased as more people participate in the market, which
means that more people will earn profit than a deal with
macrogrid.

2) Influence of battery efficiency into user profit: In the
market model we have proposed, the efficiency of the battery is
an important factor in determining the revenue that each player
gets. For a realistic analysis, we want to show the electricity
sales price depending on different battery efficiency.

From equation (25) and (34), as shown in Fig. 5, we calcu-
late the average buying and selling costs by averaging the all
participants where battery charging and discharging efficiency
are considered as same value η. Here, from 70% to 100%,
buying cost from EV trading market is small than the one
from macrogrid. It should be noted that in the case of a recent
lithium-ion battery, efficiency of charging and discharging is
about 90%, That is, the buying cost of the market participants
will be reduced due to the future development of battery
characteristic. In addition, selling cost from EV trading market
is higher than the case which trades with macrogrid in whole
of ESS efficiency rate. This proves that seller could increase
their total profits by participating local market trading.

3) Review of market efficiency based on transmission loss:
In order to take into account more realistic factors, we want
to deal with the transmission losses that occur with real power
trading. Let P loss

ij denotes the transmission loss between seller
j and buyer i. Also, let Eij denotes the quantity of electricity
sent by seller j to buyer i, then transmission loss is modeled
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Fig. 5: Comparison of charge rates according to battery
efficiency

as
P loss
ij = δE2

ij , (46)

where δ =
R×dij

V 2 as depicted in [38]. Here, R and V
are resistance and voltage characteristics of the line used,
respectively, and dij is set of value determined by the distance
between the seller j and buyer i. Typical power transmission in
three-phase AC voltage is 6.6 - 24kV and distribution voltage
is 22.9kV. Considering the resistance value in [39], [40], we set
the resistance value below than 1 Ω and derive the transmission
loss results according to the distance.
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Fig. 6: Transmission loss according to the line voltage and
distance

Based on the simulation with the specified voltage and
resistance parameters as mentioned above, the amount of
transmission loss is less than 0.1kW . Accordingly, since this
value is much smaller than battery degradation cost, which is
over 1kW , we assume that the transmission loss is negligible
throughout this paper.
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B. Forward auction progress in the market

In this section, we deal with simulation results in a market
environment where the amount of electricity that is actually
intended to be sold less than the required amount.
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Fig. 7: Analyze of market operation in forward auction. (a)
trading results of buyers, (b) trading results of sellers.

Recall that the initial bidding / selling price in our con-
text is determined by an optimization process where players
determine their previous trading results and information from
the macrogrid. This effect can be demonstrated by the results
plotted in Fig. 7. In the simulation, the upper limit cost for
buying energy is the public charging price from SDGE and
the lower limit is the initial bidding cost, which is derived
from the wear-out cost. However for sellers, we can see the
opposite results. In Fig. 7b, we could check that the lower the
initial seller’s price, the stronger the buyer’s preference.

Comparing the transaction energy in the market, total
amount of deficit energy is 93.7kW and the surplus energy is
45.6kW , which derives forward auction process as depicted
in Fig. 3a. As explained in Section III-D, in every transaction
process, bidding increment arise, depending on the transaction
gap on the market. This tendency is already known in existing
naive auction theory as in [35]–[37]. As a result, due to the
bidding increment, the sellers have initial selling prices lower
than the final ones.

For the same example setting as in Fig.7, we illustrate
the trading results in comparison with the Cournot model in
buyer’s perspective in Fig 8. In the simulation, a naive auction
means the simulation results derived from the forward auction
trading proposed in Section III-D1. The Charging station
represents the charging cost when EV users charge their deficit
energy in the charging station. The Cournot model is the case
that determines the trading price depending on the comparison
between the total deficit and the surplus energy as described in
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algorithms
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[37]. According to Cournot model, the trading cost for surplus
energy is 0.2597$/kW . Comparing the results of the naive
auction with different simulation results, we can see that 3, 4,
and 6 buyers buy energy at lower cost compared with the other
trading cases. However, due to the lack of transaction energy
in the market, other buyers traded higher prices comparing
with the other scenarios

In Fig.9, it can be seen that the net profits of all sellers are
highest when using the naive auction case. The transaction at
the Cournot model and charging station sets the transaction
fee irrespective of the seller’s initial price. This means that
the actual seller’s utility is not reflected in the sales price at
all. However, in the case of the naive auction, the bidding
increment is determined by the actual seller’s desired purchase
price, and thus it is possible to derive a result reflecting the
utility of the actual participants. Therefore, all of the seller’s
profits are maximized in the naive auction case as depicted in
Fig.9.

C. Reverse auction progress in the market

In this section, we deal with simulation results in a market
environment where the amount of electricity that is actually in-
tended to be sold is larger than the required amount. Although
the reverse auction reduces the selling value repeatedly, the
basic algorithm has the same mechanism as the naive auction.
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Therefore, the meaning of the naive auction in the simulation
implies a forward auction and a reverse auction duplicately.
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Fig. 10: Analyze of market operation in reverse auction. (a)
trading results of buyers, (b) trading results of sellers.

As mentioned in Section III-D2, if surplus energy is more
than the deficit in the market, energy exchange proceeds
according to the reverse auction mechanism. In Fig.10, the
total amount of deficit energy is 42.6kW and the surplus
energy is 52.68kW , and this forces the auctioneer to inject
extra energy into the macrogrid at half of the stationary price.
According to market principles, sellers will lower their selling
prices to be traded in the market. Therefore, the seller’s selling
price is decreased, due to the bidding decrements process, as
represented in Fig.10b. Since all of sellers lower the selling
price by considering the desired purchase price of buyers, it
is possible for buyers to receive energy at a price lower than
their initial bidding price.
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Fig. 11: Cost comparison in reverse auction with different
market mechanisms
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Fig. 12: Profit comparison in reverse auction with different
market mechanisms

In Fig.11, we present the results of the payment fee when
buyers participate in a reverse auction. The charging rate at
the charging station (ps) is fixed, as mentioned above. In
the case of the charge for the Cournot model, the charge
is $0.1183, determined according to the total energy trading
volume according to the formula given in Section III-D2. As
shown in Fig.11, due to the amount of the supply energy, cost
of Cournot model is lower than different trading algorithms.

In the case of the reverse auction, market’s main focuse
is to guarantee the buyer’s profit by applying to the auction
mechnism. Therefore, as shown in Fig.12, it can be seen
that, whole of the seller sold their energy at the highest
price, comparing with the other algorithms. In the market, we
assumed that sellers who did not match do not restore their
residual energy, since when there are discharging or restoring
process in ESS, battery deterioration occurred repeatedly.
Therefore, the surplus power injected in the area at that time
is thus entirely sold or sent to the macrogrid.

D. Discussion

1) Renewable energy linked environment: Recently, the
increase in electric vehicles and demand electric power led
to the additional installation of renewable energy by region.
However, the facilities of such renewable energy are difficult
to predict in advance and have a disadvantage that it is difficult
to control the amount of generation.

Even if there are uncertain parameters in renewable genera-
tor, in the proposed market model, other types of participants,
such as renewable energy sources, photo-voltaic prosumers
etc, is still applicable to the proposed market. As shown in
Fig. 13, since this system consider grid-connected local energy
trading, we just have to consider renewable their generation
amount and min-max cost for trading in the market. Therefore,
using equation (35) - (44), it is possible to determine selling
price according to the surplus power amount of the renewable
energy.

2) Penalty for malicious users: In order to handle the prob-
lem of the uncertainty of EV user behaviors such as EV users
change the schedule of anticipated charging or discharging,
which is considered as malicious EV users, several methods
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Fig. 13: Renewable energy included local energy trading
models. The Sum of deficit energy is higher than that of the
surplus (13a), and sum of surplus energy is higher than that
of the deficit (13b).

have been suggested in the literature. Firstly, in optimization
progress, EV owner determines their charging and discharging
amount of energy, depending on their previous trading data.
Depending on users’ attitude, it is possible to apply robust
optimization model to limit the actual volume of transactions
[41]–[43].

Algorithm 2 Algorithm 1 (extended)

1: Initialization :
2: (a) Initialize the set of sellers N and selling price ĉj
3: (b) Initialize the set of buyers M and buying price či
4: (c) Arrange malicious users in subordination based on past

transaction history
5: (d) Initialize the index ρ, ε
6: for j = 1→M do
7: for i = 1→ N do
8: ij = argmaxi∈N{p̌ji − či}
9: ŵj = maxi∈N,i6=ij{p̌ji − či}

10: γ̂j = v̂j − ŵj + ε̂
11: p̌i = maxj∈M{ĉj − ρ̂rj , pmin}
12: end for
13: end for

In auction trading, there are also several ways to minimize
the risk of malicious users [44]–[46]. In our approach, we
propose a method to give penalty to the malicious users as
depicted in Algorithm 2.

V. CONCLUSION

In this paper, we deal with electric power trading between
electric vehicles through a combination of an optimization
technique and auction theory. We also present a mathematical

model of battery degradation to derive a practical solution.
The results demonstrate that the proposed approach maximizes
the profit of participants in comparison with different energy
trading cases according to economic theory.
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