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Abstract: The scale of electric vehicles (EVs) in microgrids is growing prominently. However,
the stochasticity of EV charging behavior poses formidable obstacles to exploring their dispatch
potential. To solve this issue, an optimization strategy for EV-integrated microgrids considering
peer-to-peer (P2P) transactions has been proposed in this paper. This research strategy contributes
to the sustainable development of microgrids under large-scale EV integration. Firstly, a novel
cooperative operation framework considering P2P transactions is established, in which the impact
factors of EV charging are regarded to simulate its stochasticity and the energy trading process of the
EV-integrated microgrid participating in P2P transactions is defined. Secondly, cost models for the
EV-integrated microgrid are established. Thirdly, a three-stage optimization strategy is proposed to
simplify the solving process. It transforms the scheduling problem into three solvable subproblems
and restructures them with Lagrangian relaxation. Finally, case studies demonstrate that the proposed
strategy optimizes EV load distribution, reduces the overall operational cost of the EV-integrated
microgrid, and enhances the economic efficiency of each microgrid participating in P2P transactions.

Keywords: EV-integrated microgrid; peer-to-peer transactions; renewable energy; Lagrange
relaxation; dispatch optimization; multi agent; cooperative operation; demand response; energy
interaction; time-sharing tariff

1. Introduction

With the impetus from carbon neutrality and carbon peaking policies, the EV industry
has experienced rapid growth [1–3]. By 2024, the market share of new energy EVs in the
passenger vehicle sector has exceeded 50% and continues to rise. Large-scale EV grid
integration, accompanied by disorderly charging loads, poses challenges to the sustainable
development of microgrids and the balance of energy supply and demand [4,5]. Unlike the
single microgrid, the multi-microgrid system can leverage energy transactions to activate
flexible resources within each microgrid, creating greater dispatch potential for integrating
EV loads [6]. Currently, many researchers are studying the optimization scheduling of EVs
in microgrids and the operational strategies for interconnected microgrids.

In terms of the optimization scheduling of EVs within the microgrid, most research
primarily focuses on optimizing EV load management to enhance user benefits and system
security before integrating these loads into microgrid scheduling. Ref. [7] proposes a
heuristic operation strategy for commercial building microgrids, which allows for the
dynamic adjustment of EV charging and discharging power in response to changes in the
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State of Charge (SOC) of EV batteries and photovoltaic (PV) output, utilizing a real-time
event-triggered mechanism. Ref. [8] presents a detailed model of EV charging stations
integrated into microgrids. This model has been tested in several real-world case studies
and has proven capable of ensuring continuous and cost-effective power supply during
grid failures, even under varying weather conditions. Ref. [9] proposes an improved
Cross-Entropy algorithm to address the active and reactive power dispatch problem in
microgrids that incorporate renewable energy and electric vehicles. Ref. [10] addresses the
robust scheduling of electric vehicle charging in microgrids under worst-case wind power
scenarios. A strategy improvement method based on robust simulation is developed, and
its effectiveness is validated with real-world data. Ref. [11] proposes a low-complexity
electric vehicle scheduling algorithm to balance time-aware fairness and overall waiting
time. The method effectively reduces the total waiting time, minimizes individual waiting
times, and lowers charging station operational costs. Ref. [12] proposes an electric vehicle
charging scheduling strategy based on a cooperative hierarchical multi-agent system aimed
at establishing a coordination mechanism between system operators and electric vehicle
aggregators. Ref. [13] proposes an online electric vehicle charging and discharging strategy
based on real-time electricity prices, designed to minimize the total charging costs and peak
demand. Ref. [14] introduces a dynamic, real-time, demand-responsive energy pricing
mechanism designed to allocate billing strategies for electric vehicle charging accurately
and fairly. The literature above has established robust EV load management models.
However, with large-scale EVs integrated into the grid, the stochasticity of EV charging
behavior increases the difficulty of their control, making it challenging for microgrids to
conduct real-time and effective scheduling.

In terms of operational strategies for interconnected microgrids, most research has de-
veloped multi-agent interest models for microgrid clusters, concentrating on energy trading
strategies within the electricity market. Ref. [15] introduces a novel topology-aware multi-
task reinforcement learning approach for the real-time coordination of local multi-energy
microgrid clusters, with the goal of achieving system-wide load recovery. Ref. [16] proposes
an energy management strategy based on distributed robust model predictive control to mit-
igate the adverse effects of uncertain renewable energy outputs in islanded multi-microgrid
systems. Ref. [17] integrates plug-in electric vehicles and fuel cell electric vehicles within
microgrids and develops a decentralized market-clearing model that allows neighboring
microgrid clusters to interact within the local energy market. Ref. [18] integrates urban
transportation networks into the optimal energy scheduling of multi-microgrid systems. It
establishes a multi-period traffic distribution optimization model, allowing each microgrid
to trade energy with other microgrids and utilize its fast-charging stations for electric
vehicle charging. Ref. [19] combines model predictive control with approximate dynamic
programming to study the multi-stage real-time stochastic operation of grid-connected
multi-energy microgrids. Ref. [20] develops a distributed robust optimization algorithm
based on the Wasserstein distance. This approach addresses optimization challenges arising
from uncertainties in real-time electricity prices, renewable energy, loads, and electric vehi-
cles in multi-microgrid systems. Ref. [21] models multi-energy microgrids as virtual power
plants and, by incorporating Stackelberg game theory and integrated demand response,
proposes an optimal operation strategy for multi-microgrids participating in the ancillary
services market. Ref. [22] develops an energy-sharing strategy based on a transactive
energy mechanism to coordinate interconnected multi-energy microgrids within regional
integrated energy systems. The strategy leverages stochastic programming to account for
the uncertainties in renewable energy and load demands. Ref. [23] proposes a parallel
distributed optimization method for multi-microgrid energy management, designed to
enhance the convergence speed without compromising the accuracy of the optimal solution.
The literature above has demonstrated that interconnecting microgrid clusters can enhance
overall economic efficiency. However, as the scale of EV loads grows, the availability of
distributed resources within each microgrid increases, necessitating efficient cooperative
integration strategies.
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Based on the above analysis, an optimization strategy for the EV-integrated microgrid
considering P2P transactions has been proposed. The primary contributions of this article
can be outlined in the following three aspects:

(1) A novel cooperative operation framework for multiple interconnected EV-integrated
microgrids is established, which outlines the impact factors for integrating EV loads
into microgrid operations and the energy trading process among multiple microgrids.

(2) A multi-microgrid interaction strategy is proposed to simplify the solving process,
transforming the energy-sharing and -trading problem into the following three solv-
able subproblems: minimizing EV load costs, minimizing multi-microgrid costs, and
optimizing the distribution of interaction benefits.

(3) The objective functions of the three subproblems are reconstructed using Lagrange
multipliers, and a three-stage optimization scheduling algorithm is employed to
obtain the operating solution, ensuring both economic efficiency and safety in the
operation of the EV-integrated microgrid.

The following is the outline of the upcoming sections of this paper: Section 2 establishes
the cooperative operation framework and models multiple interconnected EV-integrated
microgrids. Section 3 establishes cost models of the EV-integrated microgrid considering
P2P transactions. Section 4 introduces the three-stage optimization scheduling strategy for
the framework. Section 5 discusses the simulation results. Finally, conclusions are drawn
in Section 6.

2. Cooperative Operation Framework and Models for Multiple Interconnected
EV-Integrated Microgrids

This paper investigates the optimization of operational issues related to EV-integrated
microgrids. To achieve this, we first introduce the development trends of EV-integrated
microgrids within the context of the smart grid and subsequently establish its opera-
tional model.

2.1. Smart Grid Conceptual Diagram

This study is based on the concept of a smart grid, as illustrated in Figure 1. The
smart grid can be structurally divided into the physical architecture and the functional
architecture. The physical architecture comprises the following four key components:
the source, network, load, and storage, which together manage the flow of energy. The
functional architecture encompasses various service entities, enabling functions such as
optimized scheduling, voltage regulation, and so on [24–28]. As the scale of EV loads
within microgrids expands, their disorderly charging loads pose challenges to the energy
supply–demand balance in microgrids. Therefore, this study focuses on the collaborative
operation of multiple interconnected EV-integrated microgrids.

2.2. Operation Framework

Figure 2 illustrates the cooperative operation framework for multiple interconnected
EV-integrated microgrids. The framework consists of a grid, a gas network, and several EV-
integrated microgrids. The EV-integrated microgrid typically includes devices such as wind
turbines (WT), PV, energy storage systems (ESS), combined heat and power units (CHP),
gas boilers (GB), and information control centers, all of which ensure the energy supply
and information transmission within the microgrid. The EV-integrated microgrid also
includes various lower-level users, such as microgrid operators, EV users, ESS operators,
and load operators.
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Figure 1. Smart grid conceptual diagram.

Collaboration among multiple interconnected EV-integrated microgrids aims for eco-
nomic operation, and optimizing scheduling involves energy interactions between them.
P2P transactions enable direct energy exchange without relying on a central authority,
allowing participants to adjust energy exchange rules based on their own and others’
needs [29–33]. Within this framework, microgrids can establish cooperative operating
agreements, connecting through a common bus to facilitate energy trading, while also
being able to sell internal energy to the grid. Each microgrid’s internal scheduling is man-
aged by operators through decentralized autonomy, participating in P2P transactions after
reporting energy information.

P2P transactions within this framework between EV-integrated microgrids occur in
three stages, as follows: minimizing EV load costs, minimizing multi-microgrid costs, and
optimizing the distribution of interaction benefits. In the first stage, the EV-integrated
microgrid performs distributed planning and optimization of the charging times and power
of its EVs, then calculates the optimized EV charging load. In the second stage, all EV-
integrated microgrids compute their own electricity demands and share this information
with each other. Through information transmission, iterative optimization is conducted
to determine the optimal energy exchange amounts between the microgrids. In the third
stage, the energy trading prices between microgrids are formulated, with each microgrid
communicating its desired trading prices based on energy exchange volumes, leading to
an iterative determination of the optimal prices.
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2.3. Model of EV Users

Based on the findings provided in reference [34], a probabilistic distribution model is
used to describe the commuting behavior of EV users within the EV-integrated microgrid,
including travel times and distances. Monte Carlo sampling is employed to generate and
extract commuting time data for EV users, which are then used to estimate the initial SOC
values. This process results in the development of a charging load model for EV users.

The times at which EVs connect to the charging station follow a normal distribution,
with the probability density function, as follows:

f (tar) =
1

σar
√

2π
exp

(
− (jar+24−µar)

2

2σ2
ar

)
0 < jar ≤ µar − 12

f (tar) =
1

σar
√

2π
exp

(
− (jar−µar)

2

2σ2
ar

)
µar − 12 < jar ≤ 24

(1)

where jar is the time when the EVs begin charging; and µar and σar are the mean and
variance of the time when charging begins, respectively.

The times at which EVs disconnect from the charging station follow a normal distribu-
tion, with the probability density function, as follows:

f (tle) =
1

σle
√

2π
exp

(
− (jle+24−µle)

2

2σ2
le

)
0 < jle ≤ µle − 12

f (tle) =
1

σle
√

2π
exp

(
− (jle−µle)

2

2σ2
le

)
µle − 12 < jle ≤ 24

(2)

where jle is the time when the EV finishes charging; and µle and σle are the mean and
variance of the time when charging finishes, respectively.
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This study assumes that the probability density function of EV travel distances follows
a log-normal distribution. The model is specified as follows:

f (Rdis) =
1

σdisRdis
√

2π
exp

(
− (ln Rdis − µdis)

2

2σ2
dis

)
(3)

where Rdis is the travel distance of EV; and µdis and σdis are the mean and variance of the
travel distance, respectively. Thus, the initial SOC of the EV can be calculated using the
following formula:

Sin = Sw −
RdisEper

Cba
(4)

where Sin and Sw are the initial SOC and the desired SOC set by the EV user, respectively;
Eper is the consumed energy per unit distance traveled by the EV; and Cba is the rated
capacity of the EV battery. The EVs participating in the scheduling must simultaneously
satisfy the following constraints:

Sev
i,j+1 = Sev

i,j + Pev,c
i,j+1ηc − Pev,d

i,j+1/ηd (5)

Smin
i ≤ Sev

i,j ≤ Smax
i (6)

0 ≤ Pev,c
i,j ≤ Pev,c

max Jev,c
i,j (7)

0 ≤ Pev,d
i,j ≤ Pev,d

max Jev,d
i,j (8)

Jev,c
i,j + Jev,d

i,j = Jev
i,j (9)

where Sev
i,j+1 is the SOC of the EV i at time j; Pev,c

i,j+1 and Pev,d
i,j+1 are the charging and discharging

power of the EV i at time j + 1, respectively; ηc and ηd are the charging and discharging
efficiencies of the EV, respectively; Smin

i and Smax
i are the minimum and maximum SOC

values of the EV i, respectively; Pev,c
max and Pev,d

max are the maximum charging and discharging
power of the EV, respectively; Jev,c

i,j and Jev,d
i,j are binary indicators for the EV’s charging and

discharging states at time j, where the values are either 0 or 1; and Jev,
i,j is the status of the

EV entering a charging station at time j, which it is 1 if the EV enters the station to charge,
and 0 otherwise.

2.4. Models of ESS Operators and Devices

The model for energy storage devices within the microgrid is as follows:{
PESS

j = PESS
j−1 + PESS,c

j ηESS,c − PESS,d
j ηESS,d

PESS,c
j × PESS,d

j = 0
(10)

where PESS
j is the output of ESS at time j; PESS,c

j and PESS,d
j are the charging and discharging

power of ESS at time j, respectively; and ηESS,c and ηESS,d are the charging and discharging
efficiencies of ESS, respectively.

The output model for renewable energy devices within the microgrid is as follows:

0 ≤ Pn
j ≤ Pn,max

j (11)

where n refers to the set {WT, PV}; Pn
j is the output of device n at time j; and Pn,max

j is the
maximum power of device n at time j.
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The model for the energy conversion devices within the microgrid is as follows:
PCHP

j = ηCHPGCHP
j

HCHP
j = ηCHP,hPCHP

j
HGB

j = ηGB,hGGB
j

(12)

{
0 ≤ PCHP

j ≤ PCHP,max

0 ≤ HGB
j ≤ HGB,max (13)

where PCHP
j and HCHP

j are the electrical and heat power outputs of the CHP at time j; GCHP
j

and GGB
j are the gas consumption rates for the CHP and GB at time j, respectively; HGB

j

is the heat power output of the GB at time j; ηCHP, ηCHP,h, and ηGB,h are the conversion
efficiencies for the CHP electrical output, heat output, and GB heat output, respectively;
and PCHP,max and PGB,max are the power output limits for the CHP and GB, respectively.

2.5. Model of Load Operators

In this paper, load operators manage the user loads within the EV-integrated microgrid,
excluding EVs, and these loads can be adjusted based on DR. Based on references [35–38],
this study considers two types of DR: incentive-based and substitute DR. The load model
accounting for DR can be expressed as follows:{

Lk,IDR
j = Lk,0

j − ∆Lk,IBDR
j − Lk,SDR

j

Lk,IDR
j,min ≤ Lk,IDR

j ≤ Lk,IDR
j,max

(14)

where k refers to the set {e, h}, where e stands for electricity and h stands for heat; Lk,0
j

and Lk,IDR
j are the load of type k before and after DR at time j, respectively; ∆Lk,IBDR

j and

∆Lk,SDR
j are the adjustment amounts for load k under incentive-based and substitute DR

mechanisms at time j, respectively; and Lk,IDR
j,max and Lk,IDR

j,min are the maximum and minimum
values of load k after DR at time j.

3. Cost Models of an EV-Integrated Microgrid Considering P2P Transactions

EV-integrated microgrids participate in P2P transactions with transaction prices set by
their operators, and the cost models for them are established as follows.

3.1. Operating Costs for an EV-Integrated Microgrid

The objective function for the EV-integrated microgrid considering P2P transactions is
as follows:

CMG = CEV + CDE + CDR + CEX + CWE (15)

where CMG is the operating cost of the EV-integrated microgrid; CEV is the energy consump-
tion cost for EV users; CDE is the operational and maintenance cost of the internal system
device; CDR is the DR cost; CEX is the cost of energy interactions between the EV-integrated
microgrid and other microgrids; and CWE is the cost of energy interactions between the
EV-integrated microgrid and the higher-level energy network.

We divide the day into T time periods, with each dispatchable EV having a duration
of ∆T. The charging cost for EV users can be expressed as follows:

CEV =
m

∑
i=1

T

∑
j=1

(
Pev,c

i,j Jev,c
i,j λsell − Pev,d

i,j Jev,d
i,j λbuy

)
(16)
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where CEV is the charging cost for EV users; λsell is the time-of-use electricity rate charged
by the grid to EV users; and λbuy is the fixed electricity price at which EV users supply
power to the grid.

The EV-integrated microgrid can exchange electrical energy with other microgrids.
The costs associated with these energy interactions are as follows:

CEX =
n

∑
i=1

T

∑
j=1

(
λex

i,j Pex
i,j

)
(17)

where n is the number of microgrids interacting with the EV-integrated microgrid; and λex
i,j

and Pex
i,j are the energy interaction price and the amount of energy exchanged between the

EV-integrated microgrid and microgrid i at time j, respectivley.
The transaction costs between the EV-integrated microgrid and the higher-level energy

network are as follows:

CWE =
T

∑
j=1

(
λ

gas
j Pgas

j + λ
gr,buy
j Pgr,buy

j − λ
gr,sell
j Pgr,sell

j

)
(18)

where λ
gas
j and Pgas

j are the selling price of natural gas and the quantity of natural gas

purchased by the EV-integrated microgrid at time j, respectively; Pgr,buy
j and Pgr,sell

j are the
amount of electrical energy bought from and sold to the grid by the EV-integrated microgrid
at time j, respectively; and λ

gr,buy
j and λ

gr,sell
j are the prices of buying and selling electrical

energy from and to the grid at time j, respectively. The operating model for the remaining
microgrid device in this paper is based on the research provided in references [39–41], and
will not be detailed further here.

3.2. Power Balance and Constraints

The system’s power balance and constraint conditions are as follows:

(1) Electrical Power Balance Constraints

PEX
j + PWT

j + PCHP
j − Le,IDR

j + PEST
j + PWE

j + PEV
j = Le,j (19)

where Le,j is the electrical load of the microgrid at time j; PEX
j is the net power of

energy interaction between the EV-integrated microgrid and other microgrids at time
j; PWT

j , PCHP
j , and PESS

j are the actual power outputs of WT, CHP, and ESS at time j,

respectively; Le,IDR
j is the change in electrical load due to the IDR mechanism at time j;

and PWE
j is the net power of energy interaction between the EV-integrated microgrid

and the grid at time j.
(2) Heat Power Balance Constraints

HGB
j + HCHP

j = Lh,j (20)

where Lh,j is the heat load of the microgrid at time j.
(3) P2P Energy Trading Constraints {∣∣∣Pex

i,j

∣∣∣ ≤ Pex,max
i,j

Pex
1i,j + Pex

i1,j = 0
(21)

where Pex,max
i,j is the maximum amount of energy exchanged between the EV-integrated

microgrid and microgrid i at time j. We consider the EV-integrated microgrid as Mi-
crogrid 1, where Pex

1i,j and Pex
i1,j are the power exchanged between Microgrid 1 and

microgrid i at time j.
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(4) EV Charging Constraints

In this study, it is assumed that, at any given time, when an EV connects to a charging
station within the microgrid, the total EV load, along with all other current loads, does not
exceed the maximum load capacity of the microgrid, as follows:

PEV
j + Le0,j ≤ Lmax (22)

where Le0,j is the grid load excluding the EV load at time j; and Lmax is the maximum load
that the EV-integrated microgrid can handle.

4. Three-Stage Optimization Scheduling Strategy for the Framework

The previous content has established the model for the EV-integrated microgrid and
its interactions with other microgrids. Other microgrids also aim to reduce their costs
during the trading process, necessitating a balance in the distribution of benefits during
these interactions. The Nash bargaining model can select the most suitable operational
strategy within a bounded, closed convex set of alternatives. Thus, the Nash bargaining
model is introduced to facilitate negotiations between microgrids.

4.1. Three-Stage Subproblem Decomposition

The essence of Nash bargaining lies in ensuring that, after reaching an agreement
or accepting unified management, the profits of all agents involved are higher than their
respective profits when operating independently. The mathematical model for this is
as follows: 

n
∑

i=1
max

(
Ra f

i − Rbe
i

)
s.t. Ra f

i ≥ Rbe
i

(23)

where n is the number of parties involved in the agreement; and Rbe
i and Ra f

i represent the
benefits of agent i before and after the agreement, respectively. Based on the principle of
Nash equilibrium, the optimization scheduling problem for the EV-integrated microgrid
considering P2P transactions can be divided into three stages. It is important to note that
this paper assumes that the charging stations within the microgrid are equipped with
controllers that can record and optimize charging data for each EV.

(1) Stage 1: Minimizing EV load costs

For the EVs, the load optimization problem is transformed into a cost minimization
problem. The mathematical model established above serves as the constraint conditions
for the operational objectives at this stage, and the corresponding optimization problem is
as follows: {

minRev
s.t. f ormula(1)–(9)(16)(22)

(24)

where Rev is the cost for EV users.

(2) Stage 2: Minimizing multi-microgrid costs

After optimizing the EV load, this study focuses on calculating the energy exchange
between the EV-integrated microgrid and other microgrids, which involves minimizing the
costs for both parties involved in the interaction.{

min(Revi + Ri)
s.t. f ormula(10)–(15)(17)–(20)

(25)

where Revi is the energy cost for all EV-integrated microgrids; and Ri is the energy cost for
the EV-integrated microgrid interacting with other microgrids.
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(3) Stage 3: Optimizing the distribution of interaction benefits

A nonlinear function based on the natural logarithm is employed to quantify the
contributions of different microgrids in energy sharing [42]. Subsequently, the microgrids
negotiate with each other using their respective contributions as bargaining power, thereby
determining the P2P energy transaction prices and fairly distributing the benefits of energy
sharing, as follows: 

Esu
i =

T
∑

j=1
max

(
0, Pex

j

)
Ere

i =
T
∑

j=1
min

(
0, Pex

j

)
ki = eEsu

i /Esu,max − e−Ere
i /Esu,max

(26)

{
min

(
CMG − C0)

s.t. f ormula(16)(21)
(27)

where Esu
i and Ere

i are the total energy supplied and received by the EV-integrated micro-
grid when participating in P2P transactions, respectively; ki is the influencing factor that
quantifies the degree of contribution of the microgrid in P2P transactions; Esu,max and Ere,max

are the maximum values of energy supplied and received by the EV-integrated microgrid;
and C0 denotes the operational cost of the EV-integrated microgrid when not participating
in P2P transactions.

4.2. Three-Stage Optimization Scheduling Method

This paper uses a distributed optimization algorithm that relaxes the objective function
using Lagrange multipliers to iteratively solve the three proposed subproblems. The
solution process for these three subproblems is shown in Figure 3.

Specifically, the solution information from one subproblem is incorporated into the
solution process of the next. The three corresponding Lagrangian relaxation problems are
established as follows:
(1) Minimizing EV load costs

L1 = Rev +
T

∑
j=1

φP1
j

(
PEV

j + Le0,t − Lmax
)

(28)

where φP1
j is the Lagrange multiplier for the first subproblem at time j and φP1

j > 0.
After solving the charging and discharging plans for each EV in the first round,
subsequent iterations can refer to the method described in reference [42].

(2) Minimizing multi-microgrid costs

L2 = Revi + Ri +
n

∑
i

n

∑
k

T

∑
j

[
φP2

j

(
Pex

ik,j + Pex
ki,j

)
+ φp2

∥∥∥Pex
ik,j + Pex

ki,j

∥∥∥2

2

]
(29)

where φP2
j is the value of the Lagrange multipliers for the second subproblem at time j;

φP2
j is the penalty factor for the second subproblem; and Pex

ik,j is the interaction power
between microgrid i and microgrid k at time j, i ̸= k.

(3) Optimizing the distribution of interaction benefits

L3 = −ki ln
(

CMG − C0
)
+

n

∑
i

n

∑
k

T

∑
j

[
φP3

j

(
λex

ik,j + λex
ki,j

)
+ φp3

∥∥∥λex
ik,j + λex

ki,j

∥∥∥2

2

]
(30)

where φP3
j is value of the Lagrange multipliers for the third subproblem at time j;

φP3
j is the penalty factor for the third subproblem at time j; and λex

ik,j is the price of
interaction power between microgrid i and microgrid k at time j, i ̸= k.
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Figure 3. Solution process for the proposed three subproblems.

The alternating direction method of multipliers (ADMM) can decompose a complex
global optimization problem into smaller subproblems, which can be solved independently
by different entities. This decomposition allows each entity to focus solely on its local
problem, thereby reducing the computational complexity. As a result, this algorithm is well
suited for solving the three-stage subproblems presented in this paper.

5. Results and Discussions

The case study in this paper is validated using Matlab R2021a, its version number
is 9.10.0.1602886.

5.1. Case Study

This study focuses on the framework established in Figure 2, investigating the par-
ticipation of the EV-integrated microgrid considering P2P transactions. Two additional
microgrid structures, similar in design to the research model—Microgrid 2 and Microgrid
3—are established for trading purposes. The energy supply equipment models are consis-
tent with those in the EV-integrated microgrid model, but with fewer devices. The prices for
microgrid electricity purchase, carbon emissions allowances, and natural gas procurement
are shown in Table 1, while Figure 4 depicts the microgrid electric heating load curve and
the output of WT for the EV-integrated microgrid. It is worth noting that some of the data
in the examples are derived from the sources provided in references [30,31].
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Table 1. Microgrid energy pricing information.

Type Time Price

Electricity sale
(to grid) The whole day 0.2/USD/kW

Gas purchase The whole day 3.5/USD/m3

Purchase of carbon
credits The whole day 0.425/USD/kg

Electricity purchase
(from grid) 23:00–7:00 0.4/USD/kW

Electricity purchase
(from grid)

8:00–11:00
15:00–18:00 0.75/USD/kW

Electricity purchase
(from grid)

12:00–14:00
19:00–22:00 1.2/USD/kW
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Figure 4. The microgrid electric heating load curve and the output of WT.

To validate the effectiveness of the proposed strategy for EV load management and the
enhancement of microgrid operational efficiency, five cases have been established. These
cases involve comparative analyses by varying both the management of EV loads and the
control methods of the microgrid.

(1) Case 1: The EVs within the microgrid adopt an unregulated charging mode [34]
without considering P2P transactions between microgrids and DR.

(2) Case 2: The EVs within the microgrid adopt an unregulated charging mode without
considering P2P transactions between microgrids, but with consideration of DR.

(3) Case 3: The EVs within the microgrid adopt an unregulated charging mode with
consideration of P2P transactions between microgrids and DR.

(4) Case 4: The EVs within the microgrid adopt an orderly charging mode without
considering P2P transactions between microgrids, but with consideration of DR.

(5) Case 5: The EVs within the microgrid adopt an orderly charging mode with consider-
ation of P2P transactions between microgrids and DR.

5.2. Impact of EV Dispatch

This study assumes that there are 100 EV users within the EV-integrated microgrid.
Under the unregulated charging mode, the times when EVs connect to and disconnect from
the charging station, as well as their driving distances, are sampled using the Monte Carlo
method [24]. Against the backdrop of time-of-use pricing, the overall load distribution of
EVs under both orderly and unregulated charging modes is illustrated in Figure 5.
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Figure 5. Load Profile of EVs. (a) Under unregulated charging mode; (b) Under orderly charg-
ing mode.

From Figure 5, it is evident that, under the unregulated charging mode, the EV load
distribution is relatively random, with a peak load occurring at 10:00 reaching 2962.5 kW. In
contrast, under the orderly charging mode, the charging load distribution is more uniform.
Influenced primarily by time-of-use pricing, peaks occur mainly during the periods of
3:00–6:00 and 14:00–17:00, with a peak load reaching 2040 kW. This represents a reduction
of 922.5 kW compared to the unregulated charging mode, which is approximately 31.34%.
This means that the EV load within the microgrid has been effectively managed, reducing
the impact of peak loads on the operational safety of the microgrid while also lowering the
charging costs for EV users.

5.3. Analysis of P2P Transactions in Microgrids

Comparing microgrid data across cases, Table 2 presents the operational costs of the
EV-integrated microgrid, other microgrids, and the multi-microgrid system.

Table 2. Operational costs of the EV-integrated microgrid, other microgrids, and the multi-
microgrid system.

Type Costs of the
EV-Integrated Microgrid (USD)

Costs of other
Microgrids (USD)

Costs of Multi-Microgrid
System (USD)

Case 1 59,252.91 93,638.69 152,891.60
Case 2 37,862.70 68,062.22 105,924.92
Case 3 32,887.35 64,003.50 96,890.85
Case 4 37,570.69 67,789.73 105,360.72
Case 5 32,224.40 63,549.55 95,773.95

In comparison with Cases 1 and 2, the costs in Case 3, as shown in Table 2, are
significantly lower across all categories. Specifically, Case 2 reduced the cost of the EV-
integrated microgrid by USD 21,390.21 and the multi-microgrid system operating cost
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by USD 46,966.68 compared to Case 1. This indicates that DR effectively adjusted the
microgrid’s load to periods of lower electricity prices, thereby significantly reducing system
operating costs. In comparison with Case 2, Case 3 further reduced the operating cost of
the EV-integrated microgrid by USD 4975.35 and the multi-microgrid system operating
cost by USD 9034.07. This demonstrates that participation in multi-microgrid P2P trading
significantly decreases the operating costs of the system.

Case 4 shows a reduction in costs compared to Case 2, indicating that the EV load
under the orderly charging mode is more economical than that under the unregulated
charging mode. Case 5 presents the lowest cost, demonstrating the advantages of or-
dered charging, DR, and P2P transactions in enhancing the economic efficiency of the
EV-integrated microgrid operation. To investigate the impact of P2P trading on the opera-
tion of the EV-integrated microgrid, the operational effects under Case 4 and Case 5 are
illustrated in Figures 6–9.

The EV-integrated microgrid described earlier is referred to as Microgrid 1, and the
interaction of electricity prices with the other two microgrids is shown in Figure 6. The
figure indicates that the interaction of electricity prices between the EV-integrated microgrid
and the other two microgrids is relatively low. This is because the core of P2P transactions
lies in the collaboration between microgrids. While lower energy interaction costs might
reduce the immediate gains of individual microgrids, they allow access to large amounts of
inexpensive energy during times of shortage. Therefore, this strategy is quite reasonable
for the overall system.
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Figure 8. Heat equilibrium of the EV-integrated microgrid. (a) Without P2P trading conditions;
(b) Under P2P trading conditions.
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Figure 9. Energy interactions of the EV-integrated microgrid.

Figures 7 and 8 illustrate the electric and heat equilibrium of the EV-integrated mi-
crogrid under two scenarios: without the P2P mechanism (Case 4) and with the P2P
mechanism (Case 5). Figure 9 specifically addresses the energy interactions of the EV-
integrated microgrid.

Comparing Figure 7a,b, it is evident that, during the peak electrical load period
from 15:00 to 17:00, the EV-integrated microgrid opts to purchase electricity from other
microgrids rather than from the main grid after participating in P2P transactions. This is
because, under the P2P trading mechanism, energy exchanges within microgrids are priced
lower than the time-of-use electricity rates set by the main grid. Selling excess energy to
the grid is less favorable compared to this approach, which better aligns with the overall
needs of the multi-microgrid system.

Comparing Figure 8a,b, it can be observed that, after engaging in P2P transactions,
the EV-integrated microgrid sells some electricity to the other microgrids to enhance
profitability, leading to an increase in the output of the CHP system within the microgrid
and a reduction in the need for heating production by the GB.

Figure 9 shows that the core of participating in P2P transactions for the EV-integrated
microgrid is to generate additional electricity when its own energy supply is sufficient to
meet the needs of the other two microgrids. During periods of insufficient energy supply
and high electricity prices, such as from 09:00 to 18:00, it strategically buys a small amount
of low-priced electricity from the other two microgrids to reduce the overall operating costs.

To compare and analyze the actual effects of P2P transactions in the multi-microgrid
system, Figure 10 illustrates the changes in power load for Microgrid 2 and Microgrid 3
before and after participating in P2P transactions.
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(b) Microgrid 3.

As shown in Figure 10, the overall load adjustment trends for Microgrid 2 and Micro-
grid 3 align with the effects presented in Figure 9. From 9:00 to 17:00, the EV-integrated
microgrid experiences a peak load that significantly exceeds its own renewable energy
output. During this period, Microgrid 2 and Microgrid 3 have some capacity for adjustment,
meaning that their internal systems can generate additional electricity to supply the EV-
integrated microgrid, thereby reducing the overall operational costs. From 19:00 to 24:00,
the power load demand of Microgrid 2 and Microgrid 3 exceeds that of the EV-integrated
microgrid. Consequently, to ensure the stable operation of Microgrid 2 and Microgrid 3
while meeting their own load demands, the CHP output of the EV-integrated microgrid
continues to increase.

5.4. Convergence of the Strategy

To validate the effectiveness of the proposed strategy, the convergence curves of the
cost iterations for the EV-integrated microgrid and the multi-microgrid system are shown
in Figures 11 and 12.
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Figure 11 shows that the cost iteration for the EV-integrated microgrid converges
after 25 episodes. Meanwhile, Figure 12 demonstrates that the overall cost iteration for
the multi-microgrid system converges after 27 iterations. These results indicate that the
strategy proposed in this paper exhibits strong performance.

To verify the applicability of the proposed strategy under different grid conditions,
the proportion of renewable energy in the overall load is set at 30%, 60%, and 90%. The
convergence curves of the cost iterations for the EV-integrated microgrid and the multi-
microgrid system are shown in Figures 13 and 14.
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Figure 13 shows that, with renewable energy shares of 30%, 60%, and 90%, the EV
integration solutions for the EV-integrated microgrid converge after 40, 34, and 14 iterations,
respectively. As the proportion of renewable energy increases, the system’s operational
costs decrease correspondingly, and the output from equipment is reduced. In certain
periods, renewable energy output can fully cover the load, thereby simplifying the solution
process and enhancing the convergence speed.

Figure 14 shows that, with renewable energy shares of 30%, 60%, and 90%, the EV
integration solutions for multi-microgrid system converge after 43, 36, and 18 iterations,
respectively. The overall solution results are consistent with those shown in Figure 13.

6. Conclusions

To explore the dispatch potential of EV load and enhance the economic efficiency of the
EV-integrated microgrid, this paper proposes an optimization strategy for EV-integrated
microgrids considering P2P transactions. In the context of large-scale EV integration and the
incorporation of renewable energy sources, this strategy enhances the economic efficiency
and security of microgrid operations, thereby supporting their sustainable development. To
validate the effectiveness and superiority of the proposed strategy, simulation verification
was conducted, leading to the following conclusions:
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(1) Compared to the unregulated charging mode, the proposed framework can reduce
EV load peaks by approximately 31.34% and mitigate the impact of EV loads on
microgrid operational security.

(2) Compared to running stand-alone strategies, the proposed strategy reduced the
operational costs of a single EV-integrated microgrid by approximately 45.61%. For
the multi-microgrid system, the operational costs were reduced by 37.36%. This
approach not only offers improved economic efficiency, but also ensures the fair
distribution of benefits among the microgrids.

(3) Compared to traditional grid-connected modes, the EV-integrated microgrid can
generate more profit through energy exchange. The proposed strategy significantly
improved the operational conditions within the EV-integrated microgrid. Additionally,
the peak load of EV-integrated Microgrid 2 was reduced by approximately 40.75%.

As the capacity of energy storage and demand-side adjustable resources continues to
increase, research on the sustainability of microgrid operations will become increasingly
significant, our future research will focus on the more detailed operational optimization of
multi-microgrid systems.
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