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Abstract

In response to the additional load impact caused by the integration of electric
vehicles (EVs) into the grid or microgrids (MGs), as well as the issue of low
responsiveness of EV users during vehicle-to-vehicle (V2V) power exchange
processes, this paper explores a multi-party energy trading model considering
user responsiveness under low carbon goals. The model takes into account
the stochastic charging and discharging characteristics of EVs, user satisfac-
tion, and energy exchange costs, and formulates utility functions for partici-
pating entities. This transforms the competition in multi-party energy trading
into a Bayesian game problem, which is subsequently resolved. Furthermore,
this paper primarily employs sensitivity analysis to evaluate the impact of
multi-party energy trading on user responsiveness and green energy utiliza-
tion, with the aim of promoting incentives in the electricity trading market
and aligning with low-carbon requirements. Finally, through case simula-
tions, the effectiveness of this model for the considered scenarios is demon-
strated.

Keywords
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1. Introduction

With the transition in energy structure, distributed electricity trading methods

have emerged. Due to the intermittent and stochastic nature of distributed gen-

eration, traditional energy trading methods have certain limitations in control-

ling and enhancing energy efficiency. Considering V2G (Vehicle-to-grid) tech-
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nology, not only optimizes the charging and discharging processes of Electric
Vehicles (EVs) but also mitigates the adverse effects resulting from load fluctua-
tions and deteriorating energy quality [1] [2] [3]. Hence, against this backdrop,
harnessing the economic and societal benefits of distributed energy sources
through energy trading has been a recent focus of development [4] [5] [6] [7]
[8].

Currently, research on the optimization of MG operation primarily focuses on
considering intra-MG energy dispatch [9] [10] [11] [12] [13], while overlooking
the autonomy of MGs as energy trading entities and the impact of information
uncertainty in the generation process. Addressing these issues, various pricing
schemes such as the Average Bidding Algorithm based on game theory [14], hy-
brid energy trading and dispatch strategies considering interlinked interactions
between MGs [15], a decentralized market trading system for MGs employing
multi-agent deep deterministic policy gradient algorithms and smart contracts
[16], and the Stackelberg energy game model considering physical constraints
[17] have adequately accounted for the MG’s agency in trading to maximize
benefits. However, these studies have yet to incorporate EV's as new participants
in such MG markets. Hence, recent scholars have begun to explore the integra-
tion of EVs as new participants in MG markets and address optimization prob-
lems through game-theoretic approaches. Literature [18] [19] [20] investigates
the optimization and trading models in MGs following the inclusion of EVs
from the perspectives of EV state-of-charge benefits, EV stochastic characteris-
tics, and MG load forecasting. These studies employ game equilibrium to ad-
dress the MG’s optimal dispatch problem but have not considered EVs as trad-
ing entities in the market and have not incorporated V2V scenarios in their
models.

In the presence of a large number of EVs charging erratically and imposing
stress on the grid, V2V technology is poised to alleviate this challenge by reduc-
ing power losses between transactions and providing a more convenient charg-
ing approach. Various methods, including offline and online scheduling algo-
rithms for EV charging [21], peer-to-peer local electricity market models consi-
dering bidirectional information exchange [22], and transaction models for V2V
power exchange with hierarchical control [23] [24], have adequately incorpo-
rated EVs as active market participants. However, they have yet to address net-
work constraints within the power system. To address these concerns, J. Guer-
rero et al. [25] proposed a sensitivity analysis-based approach to assess the im-
pact of P2P transactions on the network, ensuring that energy exchanges do not
violate network constraints. This assessment includes factors such as Voltage
Sensitivity Coefficients (VSC), Power Transfer Distribution Factors (PTDF), and
Loss Sensitivity Factors (LSF). Yan Du et a/ [26] introduced a cooperative game
cost allocation method based on core concepts, ensuring fair cost sharing among
members of MG alliances and enhancing economic stability by accounting for

losses in the distribution network. These studies are comprehensive; however,
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they do not account for multi-user participation in transactions. B. Gao, X. ef al.
[27] explored autonomous household energy management systems that encom-
pass multiple utility companies and residential customers, considering bidirec-
tional energy trading. However, this approach does not consider both MGs and
EVs as trading participants.

The research on user satisfaction has achieved certain outcomes. The active
involvement of users in scheduling directly impacts the optimization efficacy of
the scheduling process. Addressing the issues of conducting scheduling while
ensuring user satisfaction and designing incentive mechanisms for user partici-
pation in the market stands as the primary concerns within the power market
[28] [29]. In reference [30], a dispatch strategy for EV clustering is proposed,
taking into consideration user satisfaction during the optimization scheduling.
References [31] [32] establish models for user satisfaction and quantitatively
calculate the overall user satisfaction. Reference [33] incorporates wind power
and EV user satisfaction into an intelligent grid charging and discharging strategy.
However, the aforementioned literature primarily focuses on the overall user sa-
tisfaction and neglects to consider the satisfaction level of individual EV users.

The aforementioned research has yielded valuable findings in the context of
EV integration into MGs or power networks, touching upon aspects such as
EVs, MGs, non-cooperative games, cooperative games, hierarchical control,
stochastic characteristics of elements, network constraints, and multi-party
transactions. However, there has been limited research into energy trading in-
volving multiple MGs and EV's and only focuses on the overall user satisfaction,
in addition, The impact of energy emissions has not been considered in the
process of MG and EV participation in energy trading. In response, this paper
introduces a multi-player Bayesian game architecture that accounts for network
constraints. In response to the issue of uncoordinated charging and discharging
behavior in the integration of EVs into the MG, which leads to the collapse of
the microgrid scheduling system, and in order to maximize the utilization of
green energy, the article makes the following contributions from three aspects:
participation of electric vehicles as trading entities in the market, V2V power
exchange, and consideration of user satisfaction under low-carbon standards:

1) To facilitate energy trading through V2V (Vehicle-to-Vehicle) communica-
tion, a hybrid energy trading model considering user satisfaction under low-carbon
objectives is proposed in this paper. Both EVs and MGs are treated as participants
in the market transactions.

2) To address the impact of stochastic factors in real-world market operations,
the proposed model adopts Bayesian game theory to model the combination of
participant types based on the uncertainty of information from EVs.

3) To enhance user satisfaction and align with the trend of sustainable devel-
opment, this study converts user satisfaction during the electricity trading
process into transaction costs for each party. Through game theory, it aims to

improve the satisfaction of each user while maximizing the utilization of green
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Upper-MGs

energy and meeting low-carbon requirements. Additionally, each transaction
will be based on network conditions, involving physical energy exchange be-
tween MGs and EVs located in different spatial positions within the hierarchical

network.

2. The Overall Framework of the Multi-Party Energy Game

In a multi-party game system, a non-cooperative game mode is employed, where
each subsystem independently makes decisions. The multi-party energy game
framework within a hierarchical structure is illustrated in Figure 1. The system
comprises a regional distribution network, multiple MGs, multiple EVs within
the MG region, and multiple aggregators. To achieve their optimal operations,
MGs and several EVs in the same region enter the electricity market. The stable
operation of the power trading system is influenced by factors such as cost, de-
mand, and transmission. Consequently, the buying and selling transactions that
users participate in within the entire energy trading market system are conti-

nuously adjusted dynamically. In this scenario, the power flow direction is

A

N SV
Main AVA'
grid AA

<> Upper level information flow = <——> Upper power exchange
------ » Power exchange between upper and lower layers and V2V

exchange between lower level electric vehicles

Figure 1. Multi-player game model architecture.
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represented by solid lines and arrows indicating the direction. In the time opti-
mization period, typically set to one hour (#= 1 hour), MG are primarily domi-
nated by wind and photovoltaic power generation, where wind power generation

and photovoltaic power generation are represented by PY*"™T and PV

respectively. The energy storage unit’s charge and discharge scheduling are de-
noted by PY®"*, and EV participation in scheduling is represented by P™.
The load of ordinary users in the MG is denoted as L}"*".

The multi-player game of energy transaction between EVs or MGs is shown in
Figure 2. Different from V2V or V2M, the players in the multi-player game are
more general, in which EV and MG are regarded as general players who play
games with any other player whether the other is EV or MG. Therefore, the
proposed method embodies V2V and V2M transaction mode which made
VETMBG system more adaptable. MGs and EVs under hierarchical control par-
ticipate in transactions obtain the maximum profit by individual energy trading.
Since EV's are connected to the MGs, each MG constantly adjusts its role in the
two-way game through the analysis of internal capacity, load and energy storage
units, as well as the prediction of the driving and charging state of EVs. EVs
make corresponding decisions according to the driving needs of drivers and the
needs of their own charging state. As the MG power insufficient, it can purchase
power from other MGs with sufficient power or EVs without the next day’s mi-
leage its own needs. It can be seen that the market of the whole trading system is

free and completely depends on its own needs.

3. A Bayesian Game Model for Multiple MGs and EVs
Considering Multiple Constraints

Participants, strategy sets, and utility functions are the three fundamental ele-
ments of a game. Additionally, player types and the probability distribution of

player types are two fundamental elements of Bayesian games.

3.1. Game Participants

In a Bayesian game scenario, the game participants consist of multiple MGs and
multiple EVs. Let N = {1, 2,3, n} represent the set of all EVs and MGs in the
regional distribution network. Time is divided into the set T ={1,2,3,-}
(t eT ). Within this context, N=JU|, with the set J = {1, 2,3, } serving as

() sellers () Buyers

©©O0©-

P

V2M
1 94 — —
V2V
(/EV1\ Evz\w EV3 /EVn B
\\7/ - / o \\7 Level

Figure 2. An example of the multi-player game.

Level
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a subset capable of selling surplus energy and the set | = {1, 2,3,-~} as a subset

in need of purchasing energy due to insufficient power.

3.2. Strategy Set

Assuming that throughout the entire charging and discharging process, losses
and the voltage at the energy storage unit terminal remain relatively stable.
Within any given time period # the strategy set for the purchasing party is

represented as (1).

CM ={CM >0:CP <CM <C}, vt (1)

In Equation (1), pi represents the purchasing price for the buyer i, and p and
Po are the buying and selling prices to the main power grid, respectively. The
buyer’s bid should not exceed that of the main power grid, as otherwise, the
buyer would directly purchase electricity from the main power grid. Similarly,
the buyer’s bid should not fall below the utility company’s price, or else the seller
would engage in direct transactions with the utility company. If the overall dis-
charge power of the whole system is greater than the charging power, the re-
maining energy will be transferred to the power grid when the multi-party

transaction between MGs and EV is satisfied, that is:
PGrid = PtMG + PIEVﬂ,j _ REVn,i @)

The strategy set of MG m and EV n as the seller respectively is expressed by
(3).
M ={o<IM <d/, vt} 3)

The power strategies set of EV and MG n being sufficient (n € J ) is expressed
by P"™ in (4), which represents the supplementary power sold when EV and
MG n are sellers. P, defined by maximum exchange power, is the maximum

max

capacity that EV and MG can be transaction.
R™ ={0<R" <Py, vt| 4)

max ?

In this paper, EV located at the bottom of the MG at the same bus in the hie-
rarchical structure, where the MG is seated in the upper layer, Therefore, the
system under the whole hierarchical structure must meet the power constraints

in the transaction process, expressed by (7).

PtMGm,pv + PtMGm,wT — PtMGm,es + PtMGm +a)tPtEV,| + L[MGm

1, PiT <t<PoT vt (5)
. =
* |0, otherwise
In the above formula, we make PM®" that it represents the residual energy

that can be used for energy transactions under the condition that the MG meets

its own requirements; PV represents the energy of PV power generation,

PtMGn,wT Gn

represents the energy of wind power generation; L"®" represents the
load of MG m, and these parameters are derived from weather information and

load prediction respectively. P®" represents the charging power of an EV. The
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departure time and arrival time of EV from MG are called PoT (Plug-out time)
and PiT (Plug-in time) respectively. That EVs reach the load state of MG is
called PiS. @, is the parameter of PiT. If the plug-in period of the EV is be-
tween PiT and PoT, the @, =1; otherwise, @, =0; At the same time, PM®" =0
results that the MG achieves its own balance through the energy storage unit. If
the PY®" >0, the excess energy of MG can be sold through P2P energy transac-
tion. If PV®" <0, you can choose to buy it for your own use from the party with

sufficient power.

3.3. Utility

In this scenario, MGs and EV's buy or sell energy based on their own energy sit-
uations, and the roles played by EVs and MGs throughout the day are time-va-
rying parameters. Therefore, without violating network constraints, their utility

function expressions are shown in (4).
U (Cln,j , Pln,i)

3 R L L

=1

—| R+ (1-1")g" ﬂ]— f" (6)
n
~(1-r")(a(gf (P 4Ry )+ (R 4By )+ (1-2) SR )}—aff _p
. :{0, _ifne I, a:{o,ne I
1 ifneld Lnel,

In (6), I" isused to distinguish whether a MG or an EV is a buyer or seller, a
is used to distinguish whether the trading entity is a MG or an EV, and /; and £
represent the sets of MGs and EVs, respectively. Within the equation, ¢; and
S are parameters for estimating the cost of emissions for MGs and EVs, re-
spectively. ¢" and 7 serve as parameters to estimate the costs for MGs and
EVs under stochastic conditions, primarily determined by factors such as wind
power and photovoltaic generation, state of charge (SOC) when EVs are inte-
grated into MGs, the time period of integration, and the number of buyer and
seller involved in transactions. f° represents the cost of losses incurred when
power is transmitted through power lines in point-to-point distributed transac-
tions, as shown in [34].

Due to the influence of the load and the working characteristics of the micro
source, the exchange power between the MG and the grid may be too frequent
and cause unnecessary losses when the EV is connected to the MG. In order to

mitigate the impact of the exchange on the power quality, it is employed to
represent the penalty cost of exchanging power with the macro power grid,

TV
nj
| 2R
where o=) | R" - ——

24 represents the variance of power exchange.
t=1

DOI: 10.4236/*** 2023 *****

21 Journal of Power and Energy Engineering


https://doi.org/10.4236/***.2023.*****

Y.Yuetal

)
f¢=ay|P|+a0 (7)
t

a,,a, is employed to represent the penalty factor of the exchange power of
the macro-grid.

p is employed to represent the penalty cost for the deviation between the
renewable energy generation capacity and the actual load in the micro energy
network, where g, represents the sum of power generation of renewable

energy at ¢slot.

N,M

p=¢ 2 (K" -0.) ®)

n,m=1

In order to fully reflect the evaluation of trading users on multi-party energy
transactions, the satisfaction function is established based on the actual situation
of the game to quantify the users’ satisfaction with the overall transaction in the

paper. The satisfaction function is expressed as follows:
f' =aR'+(1-a)A’ 9)
A" is employed to define satisfaction rate for MG is set to
R
Tt

n

J -1 +(1—I’t")/15|n(1+Ct”‘j). The a,f and A° are satis-

faction parameters (a <1, aff<0, A°>0). R defined for EV is set to

;

SOCman J

ni_ b Z|Pt - Ptn !

R" = (1— rt”)al l—ﬁ +1a, | 1-== , Satisfaction rate
t Tt Z|R30Cmax _ ptSOCmin

t=1

balances purchased and expected electricity, to prevent trading failures due to
high electricity prices.

3.4. Bayesian Nash Equilibrium

Following the fundamental principles of Bayesian games, an incomplete game
corresponds to a combination of various complete games under different condi-
tional probabilities, influenced by the joint distribution. (6) is updated to equa-
tion (10) as shown.
EUn(rn): Z Un(Ctn,j'Ptn,i’Pt(J{n})\l),Ct(‘]{n})\l)). p(rt—n |rtn) (10)
l}"GR(n

n n

The combination of r" = [rl RN ] represents a particular type combination

1 n-1 .n+l

" at a specific time period #1, where I‘t’n = [I’t T A AR I}N] represents

I
all type combinations except I" . R™=R'xR’x:-xR"™xR" x.--xR"
represents the type space in which the trading entity exists, and all type combi-
nations except r". R =R'xRZx---xR" represents the type space of all trad-
ing entities. The symbol E denotes the expected utility U, (r”) under other type
combinations, and p(r{” | I’t”) is employed to define the conditional probabili-
ties of the trading entity given that it belongs to type combination r", with the
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other N — 1 participants under consideration, in (10).
When r,eR (R =R!xR?x---xR"), (10) can be updated as follows in (11):
= Y EU,(r")-p(r") (11)
i eR
Due to p(r)= p(n_" | rt")- p(q” ), (11) can be further updated as follows in
(12).
=Y U, (r")-p(r) (12)
heR
Nash equilibrium is defined as a state where every buyer and seller can achieve

their best response without any motivation to change their strategies in Bayesian

games, as shown in (13).

Un(Ctn'J R R s Clivmea )>EU (Cn' R PL v Clgepyeny )(13)

Ix(I\n})*

Bayesian games involve trade users in various combinations of complete
games, where both parties act in their self-interest. Nash equilibrium is a strategy
combination where each participant’s strategy is the best response to the strate-
gies of others. Hence, it is necessary to first compute the Nash equilibrium for
complete information games under all possible conditions. The conditions for
the existence of equilibrium in complete games in Equation (13) are as follows:

1) For pure strategy sets, the strategy space is a non-empty compact set.

2) Under the strategy set, the utility function is continuous and quasi-concave.

Proof (1): In the strategy sets (1) and (2), the constraint conditions are linear
inequalities. Thus, condition (1) is established.

Proof (2): The necessary and sufficient condition is that the Hessian matrix

(14) of the utility (4) in the multi-party game is negative definite.

H(U,)= CMCMU Ve (14)
n 2
Pnl U VPnl PnIUn

(14) is obtained by calculating the first-order partial derivatives of (15) and
(16) by simultaneously solving (6), (7),(8) and (9).
ou (Ctnyj' ptm) n.i,n n n,j n Pn'j -
8pt“'i =LC _(1_rt )Ct’J _(1_3-)"1 ap |[:>_

n

| I:,socmax _1|
1

t=

Z|Psocmax _ PSOCmm
t t
t=1

ﬂVSC [Vk avt 1j+/1PTDF _APtii’lxy
g™ i

LSF KT aZVtk _ 2 _
+A7 Re| VT —— (a<(/’ij+‘/’ij)+(1 a)é‘)

oR™

n
—ar’'a,|1-

—

(15)
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ou Cnvj’pn'i n AN n A° n j.n
M) o) )R

. 1-C?
el

This results in the second-order partial derivatives as shown in (17). The roles
of MGs and EVs n cannot simultaneously be buyers and sellers, so, Vrzzt“-ic{"i
and Vén, ipi are both equal to 0. It is observed that all diagonal elements of the
(14) matrix are less than 0, and non-diagonal elements are all 0. Hence, (14)
constitutes a negative definite Hessian matrix, confirming the proof for condi-
tion (2).

ni pni)
au(ct R ) — o PTOF 2Nt1 APtl _ LeF Re|:VkT 62\/ }

o*p™ R oR™ (17)
_(1-a) a(a-1)p( R
Pn Pn
au(cr, R Loy A
e ey

The prerequisite for (13) is the existence of a Nash Equilibrium (NE) in com-
plete information games. Based on the derivation of NE for complete games,

(18) can be readily achieved. In conclusion, a Bayesian NE exists.

n_
PannlEl‘l PnIPnIU ZR ( )
i eR
2 2 -
VCtn'jC[n'J EU =V n jcn JU ZR ( t " | rtn) (18)
&Rt
V2 . . EU = nj LEUM =0t =t
RMcp R

The key to proving the uniqueness of Nash equilibrium lies in demonstrating
that the best response functions for each seller and buyer, as defined in (4), are
standard functions. As defined below, function f(p)= ( f(p), iy ( p)) ,

p= ( [CEEE pN) is considered a standard function if it satisfies the following
conditions:

1) Positive definiteness: f(p)>0.

2) Monotonicity: Forall p,p’,if p>p’,then f(p)>f(p’).

3) Scalability: For u>1, uf (p) > f (,up).

The best response functions of trading parties at different times are standard
functions of ¢’ or p!'. The proofis as follows:

Since the utility functions of trading parties in different time periods are
strictly concave with respect to ¢! or p/', setting the right side of (15) to 0
yields the best response functions of trading parties.

Taking the best response function of the buying party as an example.

f(eM,ptt)=pi (1 ¢ )+ 2° (19)
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Next, the paper sequentially proves that the function form of f (Ct”’j , pt”'i ) as
a ¢! satisfies the three properties described in the above definition of stan-
dard functions.

1) Positive definiteness: Since both ¢/ p’ and A° are positive numbers,
f (ct”*j ,p ) >0

2) Monotonicity: Calculating the first derivative of f (Ct"'j, pt“’i) with respect
of (ct”’j ,p )

n,j =
Ct

3) Scalability: Based on above, uf (Ct”'j, pt”’i> and f (,u(Ct"’j, pt"'i)) are cal-
culated, yielding the following results in Equations (20) and (21).

uf (ct”’j pM ) = ﬂ[l: M+ (1_—le —Cct?lb j:|(1+ e ) + /IS]

. o 1-CP 1-C! ;
=pup +upet + poy [1_ cs _éb]+1ual [l_r(t:b]ctnyj U
t t t t

to Ct”‘j , we obtain ptn‘i >0

(20)

b

o) < 1 ) o

C

(21)

n,i nianj 1_Cb nj 1_Cb s
=P+ up,c g +o (1_—Cts —étb ]"L:“Cx ~Jal [1——(_:: —Ctltb j-l—ﬁ
Therefore, for ¢ >1, uf (Ct"‘j, pt”'i ) > f (y(ct”’j, pt"’i>).

In conclusion, the uniqueness of Nash equilibrium has been established.

4. Analysis of Calculation Results
4.1. Example Parameters

To validate the feasibility of the multi-party game, this paper primarily utilized a
computational platform with Python, an Intel Core i5 quad-core CPU (2.6 GHz),
and 8 GB of RAM to solve the equilibrium points of the Bayesian model estab-
lished in Section 2.3 using the particle swarm algorithm. Five multi-MG systems
and thirteen EVs participated in the game, with the initial energy distribution
determined based on weather conditions, load profiles, and the drivers’ re-
quirements. At this point, EVs were connected to various MG systems, with the
configurations of each MG as shown in Table 1, and the total power capacity
and maximum load of the EV batteries connected to the V2M were detailed in
Table 2.

The algorithm’s solving period is 24 hours. Taking V2M on the 1st of the
month as an example: PV configuration is 200 kW, maximum wind turbine
(WT) power generation is 200 kW, and a micro gas turbine is configured for 50
kW. The energy storage unit uses lead-acid batteries, with a total SOC.x of 350
kWh and a corresponding minimum SOGC,, of 50 kWh. The maximum
charge/discharge power is set to 50 kW with an efficiency of 0.95. The initial
SOC is 50 kWh. The lower-level EVs connected to V2M are generally managed
through Aggregator coordination, participating in scheduling. The Aggregator
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collects interactive information, such as the number of EVs, the initial and target
SOC of EV batteries, EV charging periods, WT, PV power outputs, etc. It opti-
mizes the V2V power exchange between EVs in this layer and the P2P energy
trading between MGs and EVs, ensuring the safety of lower-level power ex-
changes and motivating the active participation of users. The total maximum
load within the V2M system is 300 kW. In the time-optimized period, mi-
cro-source forecasts and initial SOC of EVs are shown in Figure 3, Figure 4.

4.2. Result Analysis

Using (20), the equilibrium electricity prices C["‘j* for the purchasing party in

Table 1. Configuration of each V2M and maximum load.

No. PV WT GT DS EV Load
1 200 kw 200 kw 50 kw 350 kwh 80 kwh 300 kw
2 450 kw 300 kw 100 kw 400 kwh 80 kwh 350 kw
3 450 kw 200 kw 50 kw 350 kwh 85 kwh 325 kw
4 150 kw 200 kw 20 kw 250 kwh 0 kwh 250 kw
5 400 kw 300 kw 100 kw 400 kwh 160 kwh 375 kw

Table 2. Parameters of MGs No. 1.

Parameters Symbol Value Unit
ES Minimum SOC SOC;:, 15 %
ES Output pLbs 50 kw
Efficiency of ES n® 95 %
EV Minimum SOC SOC.., 10 %
EV Output pLEv 20 kW
Efficiency of EV 7 95 %
Cost Coefficient A 53 cent/kWh
WT Generation ——PV Generation —A— House Demand
300
250
2200
E 150
3
a 100
50
0

123456 7 8 9101112131415161718192021222324
Time (h)

Figure 3. No.1 MG’s DGs and load forecasting of power in 24 h.
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Figure 4. Initial SOC of 24-hour EV.
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Figure 5. 24-hour price change curve.

each time period are calculated, as illustrated in Figure 5. Employing a mul-

ti-party game time-based strategy, the electricity prices are generally higher than
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Energy purchase and sales ratio(%)

the decision price, except during peak hours. During peak periods, MGs and
EVs primarily purchase the required power to meet their own load demands.
Consequently, they choose expected prices higher than the average price to pro-
cure electricity, thereby achieving stable operation and the dual objectives of ac-
quiring more electricity at expected costs.

Under the multi-party game time-based pricing strategy, the comparison of
energy sales ratios after participating in energy trading by the users is depicted in
Figure 6 and Figure 7. Using the multi-party game pricing strategy, users exhi-
bit a higher enthusiasm for participating in the market compared to traditional
pricing strategies, with an increase of approximately 12%. This indicates that
considering multi-party games promotes and efficiently motivates participants,
resulting in increased gains.

Under the multi-party game time-based pricing strategy, the profit compari-
son after users participate in energy trading is presented in Figure 8. Employing
the multi-party game pricing strategy results in a noticeable increase in profits.
For example, the profit for MG.1 has risen from 624 yuan before optimization to
the current 760 yuan, a growth of 21.79%. MG.1 and MG.2 earn more profits
than other users because they have larger ES capacities and more abundant
stored electricity. As a result, their electricity sales ratios are higher, attracting

more trading partners and thus yielding greater profits.

100 100
traditional game model not considering carbon emission and user satisfaction
—— multi-party Bayesian game model considering carbon emission and user satisfaction
75 power L 75
50 A - 50
25 A - 25
0 0
-25 _‘—|_ - -25
-50 - -50
-75 1 - -75
- 1 00 T T T T T T T T T T T - 1 00
0 1 3 4 5 6 7 8 9 10 11 12

time/h

Figure 6. MGs energy transaction proportion curve within 24 h.
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Figure 7. EVs energy transaction proportion curve within 24 h.

B multi-party Bayesian game model considering carbon emission and user satisfaction
I traditional game model not considering carbon emission and user satisfaction

800

700 1

600 -

user utility

MG1MG2MG3MG4MGS5 EV1 EV2 EV3 EV4 EV5 EV6 EV7 EV8 EVOIEVI0EV11EV12EV13
Users participating

Figure 8. Comparison of transaction income of participating users.

Figure 9 show the output power comparison of micro-GT in the MG during
the 24-hour multi-party energy game. It can be seen from the trend of the red

curve in the figure that in order to ensure the lowest environmental consumption
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Figure 9. The output power comparison of micro-gas turbines in the MG in one day.

cost, the output of the internal steam turbine is still very high at the peak of
household load demand only by increasing the participating users of MG, and it
doesn’t rely on energy interaction to meet the actual working conditions; From
the point of view, it is also possible to purchase power from the macro grid to
meet the demand, resulting in increased environmental costs and carbon emis-
sions; a distributed energy transaction based on the multi-party game of MGs
and EVs are established in the paper, which can not only improve the income,
but also achieve the control goal of minimizing the environmental cost. As
shown by the black curve, the output ratio of the micro-turbine in the micro grid
at this node is significantly reduced, and it is in the shutdown state at 16:00, in-
dicating that the MG can effectively withstand its internal load pressure through
energy interaction and reduce the environmental cost.

In order to verify the effectiveness of the multi-party energy game optimiza-
tion model proposed in this paper, the following four scenarios are set for com-
parative analysis: Scenario 1 is a traditional energy transaction that does not
consider carbon emission costs and multi-party games; Scenario 2 considering
multi-party games but the energy transaction without considering the carbon
emission cost; Scenario 3 is the energy transaction considering the carbon emis-
sion cost but not considering the multi-party game; Scenario 4 is the model con-
sidering the carbon emission cost and the multi-party game.

According to the previous load forecast, we obtained the 24-hour carbon
emission curves of the four scenarios as shown in Figure 10. After considering
the emission cost, the carbon emissions of the system in scenarios 3 and 4 de-
creased significantly compared with the scenarios 1 and 2 in each period, which
proves that the multi-party game model proposed in this paper considering the
carbon emission cost can effectively reduce the carbon emissions of the system
and reduce all of the cost of carbon treatment needed to achieve the economic,
low-carbon goals of the model.

Comparison of Bayesian Multi-Party Game Time-of-Use Pricing considering
user satisfaction with Traditional Game Pricing Methods, is shown in Figure 11.

As the number of participating users increases, the prices after the game, using

DOI: 10.4236/jpee.2023.1112002

30 Journal of Power and Energy Engineering


https://doi.org/10.4236/jpee.2023.1112002

Y.Yuetal

—— scenarios 1 —#— scenarios 2 scenarios 3
140

scenarios 4

120

-
o
o

(o]
o

D
o

CARBON EMISSIONS/KG
o)
o

N
o

1 2 3 4 5 6 7 8 95 101112 13 14 1516 17 18 19 20 21 22 23 24
TIME/H

Figure 10. Comparison of 24-hour carbon emission curves under four scenarios.
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Figure 11. Optimal operation results under different algorithms.

the game pricing strategy, are lower than the average price. Furthermore, the
method proposed in this paper results in lower prices compared to traditional
game pricing methods. According to the calculations, the method proposed in
this paper yields more significant benefits when applied to bilateral transactions,
averaging 125 yuan more per time interval than the traditional methods.

Furthermore, the port load curve under Bayesian games, as shown in Figure
12, exhibits lower peak values in total port loads for the MGs compared to tradi-
tional pricing strategies, and the power distribution is more even. This indicates
that for the port loads of multi-V2M systems, Bayesian game pricing strategies
play a “peak-shaving” role.

Figure 13 displays the SOC changes for 13 participating EVs at different
times. From the figure, it can be observed that EV NO.1 plugged into MG at 12
o’clock and left MG at 21 o’clock. During this period, assuming that EV NO.1
did not trip the next day, it acted as an energy supplier in a discharging state, us-
ing V2V exchange to sell surplus electricity and generate corresponding income.
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Figure 13. The SOC changes of 13 EVs participating in the transaction at different times.

5. Conclusion

For multi-party electricity trading scenarios, we have established a multi-party
pricing game considering network constraints. This model takes into account
the stochastic characteristics of electric vehicles (EVs) and constructs a utility
function model for multi-party Bayesian games. Furthermore, it considers user
responsiveness and energy exchange costs to ensure the proper functioning of
incentives in the electricity trading market, cost reduction in the grid, fair energy
distribution, and compliance with low carbon standards. In this game scenario,
an optimal pricing strategy for multi-party energy trading considering user res-
ponsiveness under low carbon goals is proposed. Both theoretical analysis and
simulations confirm the existence and uniqueness of the optimal solution. Si-
mulations indicate that an increase in the number of trading users significantly

enhances the efficiency of all parties, reduces total grid costs and energy ex-
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change costs, ensures system stability, and encourages active user participation.
This research provides valuable technical support for the development of electric
vehicles. In future work, we will explore power trading in multi-party scenarios
under different distribution network nodes and investigate mixed multi-party
electricity trading schemes involving MGs and EVs, particularly in scenarios in-

volving traffic and power flow coupling.
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