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abstract

In the current energy-constrained era, promoting electric vehicles (EVs) is a necessary trend. How-

ever, the simultaneous and uncoordinated charging of diverse EVs can negatively impact the power

grid. This paper proposes a scaled EV orderly scheduling model, comprising charging demand sim-

ulation and a scheduling algorithm. Monte Carlo simulation, based on charging probability models,

is used to generate EV cluster entry information and preprocess parameters. Two control strategies

are proposed for clean energy dispatch and EV-based grid operation, accounting for user behavior-

induced load variations. A microgrid optimization model is developed, with economic cost weights

calculated. The model is solved using an improved PSO algorithm (APSO). Results show the APSO

achieves better performance, with hourly average exchange loads of 2.7092 P/kW (vs. 1.9979 P/kW

for PSO). Under 30�80% user responsiveness, microgrid management and environmental costs are

reduced to 28,618.439 yuan and 7,864.685 yuan, respectively.

Keywords: EV orderly dispatch model, Monte Carlo simulation method, microgrid operation opti-

mization, APSO algorithm, load switching

1. Introduction

With the popularization of electric vehicles and the development of power distribution network,

charging pile as an important facility for electric vehicle charging has gradually received attention.

Charging piles can not only realize the rapid charging of electric vehicles, but also realize the e�cient

use of energy through the coordinated operation with the distribution grid. In the face of large-scale
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charging piles, its operation mode includes charging pile layout, charging strategy, and main grid

interaction [15, 25]. Under the background of smart grid, the charging pile is interconnected with

the grid through information and communication technology to realize the intelligent control of the

charging pile and the intelligent scheduling of the grid. This interaction can make the charging of

electric vehicles more intelligent and e�cient, improve energy utilization e�ciency, reduce energy

waste, and promote the use of clean energy and the development of smart grid [19, 17, 18].

As a small power generation and distribution system composed of multiple distributed energy

resources, microgrids can be operated independently or grid-connected, with a certain degree of

autonomy and �exibility [4]. Grid-connected operation means that the microgrid is connected to the

main grid, and energy sharing and complementarity is realized by communicating with the main grid

[12]. And the optimization of microgrids aims to improve energy e�ciency, reduce operating costs,

energy storage management and power supply reliability. Among them, ensuring the reliability

of power supply is the primary task of microgrid operation optimization, which can improve the

reliability of power supply by connecting with the main grid to obtain emergency backup energy to

cope with possible energy shortage [2, 20]. The interconnection and cooperative operation between

microgrids and smart grids are realized through information and communication technology and

intelligent control technology to jointly improve the security, stability and economy of the power

system [13].

Existing large-scale charging pile designs do not pay attention to the charging station load prob-

lem, which can easily lead to overloading or damage of the distribution transformer. For this reason,

a real-time monitoring and control system for distribution transformer load is designed for litera-

ture [10], which is operated under the proposed charging pile coordination strategy to optimize the

output power of the charging pile and prevent the distribution transformer from overloading. Liter-

ature [26] constructs a vehicle-pile-network interconnection framework based on the interconnection

between electric vehicles, charging piles, and power grids, while literature [24] directly develops an

optimization technique for the interaction between electric vehicle charging piles and power grids,

which achieves charging pile load power smoothing, and reduces the pressure caused by charging pile

loads on distribution transformers. In the case of large-scale charging, the charging pile distribu-

tion grid is prone to node undervoltage conditions, and literature [21] designed a hybrid charging

management system to solve the problem. In addition to the optimization of the technical level,

large-scale charging piles must need to consider the cost and revenue issues, literature [23] obtained

the optimal distribution scheme of large-scale charging piles through the Erlang-Loss system under

the consideration of multiple constraints, such as charging demand, range, human activities, and

the charging process, which alleviated the supply-demand relationship between the charging demand

and the tension of charging resources. The planning of charging piles should not only consider issues

such as distance and energy consumption, but also cost and pro�tability. Literature [8] has studied

the multi-objective charging path planning for electric vehicles under multiple pricing models, while

optimizing the best pricing model based on bene�t maximization and pro�t balance. And literature

[9] uses model-free deep reinforcement learning for decentralization to solve the optimal solution for

real-time scheduling of large-scale EV charging, which is also bene�cial to the stochastic charging

problem on the basis of cost minimization.

Currently, the commonly used techniques and algorithms for microgrid operation optimization

are mixed integer planning techniques, multi-agent's techniques, meta-heuristic algorithms, genetic

algorithms, and simulated annealing algorithms [7], of which the �rst three are widely used due to

the simplicity and high e�ciency of optimization procedures or excellent optimization results for



large-scale charging pile and microgrid operation 133

energy management [16]. The uncertainty of renewable energy sources does pose a challenge to

the stage of microgrid operation planning, for this reason, literature [1] constructed a multi-stage

stochastic planning model for microgrid operation based on variable renewable energy sources, energy

storage systems, and thermal generating units, and the �uctuation of energy sources needs to be

emphasized for both long term and short term planning, especially when the uncertainty is high and

the dispatchability is limited. The high operating cost has been one of the problems in microgrids, for

this reason, literature [5] developed a hybrid microgrid operation optimization method considering

the weather factor, where long term planning is more favorable under cost minimization, but this

period does not have continuity. Literature [11] optimized the fuel cost of dispatchable distributed

generation in microgrid operation through four techniques: lambda iteration, lambda logic, direct

search method, and particle swarm optimization. However, as far as the current study is concerned,

there is a lack of accurate scheduling and demand forecasting in energy management for microgrid

operation, and the impact of distributed energy �uctuations has not been fully addressed, and there

is a lack of intelligent scheduling at the market application level.

In this paper, parameters related to the optimal scheduling of EVs are generated with reference

to the types of EVs and their charging methods and driving characteristics, and the information

is entered into the network. Subsequently, Monte Carlo simulation is used as a charging demand

simulation method based on charging probability modeling. The Monte Carlo method is used to

analyze and process the data sampling of the grid entry parameters to obtain the probability density

function distribution. Based on the distribution parameters, the EV sequential charging model is

established. Considering the user's response, the clean energy scheduling strategy for grid-connected

operation of microgrid is proposed. Based on the EVs charging model, the classi�cation of scheduling

control strategies is realized. For the centrally controlled microgrid, the construction of the microgrid

operation optimization model is completed by combining the load changes generated by di�erent

response behaviors of users, and the relevant constraints are proposed. Through the adaptive particle

swarm optimization algorithm, the solution of the model is realized. Simulation experiments are

designed to verify the feasibility of the model, and at the same time, di�erent conditions are set

according to di�erent user response states to study the output of controllable generation units.

2. Scaled EVs response scheduling models

2.1. Electric vehicle charging load in�uencing factors

2.1.1. Electric vehicle types and charging methods. Electric vehicles use batteries as the main power

source and are driven wholly or partially by electric motors [3]. According to the current technological

level and vehicle driving principle, electric vehicles can be divided into three categories: pure electric

vehicles (PEVs), plug-in hybrid electric vehicles (PHEVs), and fuel cell electric vehicles (FCEVs).

Among them, pure electric vehicles are powered entirely by secondary batteries, such as nickel-

metal hydride batteries, nickel-cadmium batteries and lithium-ion batteries, etc. Battery power is

supplemented by the charging system, which can truly realize �zero emission�, and is the future

development direction of the automotive industry.
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2.1.2. Electric vehicle driving characteristics.

1) Electric buses. According to the research, the average daily mileage of the bus is about 150-200km,

in order to meet the normal operational needs of the bus, it needs to be charged 2 times a day, daytime

buses in the operating hours 06:00-24:00, using fast charging, according to the calculation of a round

trip of 4h, the charging load in the time period of 10:00-20:00 to meet the uniform distribution,

the beginning of charging SOC to meet the normal distribution. N (0.5, 0.12), night buses in non-

operating hours 0:00-06:00, the use of conventional charging, charging load in the period to meet the

uniform distribution, and to meet the start of operation when the battery SOC is 0.95, the start of

charging SOC also meet the normal distribution N (0.5, 0.12).

2) Electric taxi. The average daily mileage of the cab is about 350-500km, and the cab needs to be

charged twice a day to meet the operational demand. In order to avoid charging congestion during the

peak period of handover, it is assumed that the charging load of cabs meets the uniform distribution

throughout the day, i.e., the starting charging time meets the uniform distribution throughout the

day, and the starting charging SOC meets the normal distribution N (0.3, 0.12), and fast charging

mode is adopted.

3) Electric public service vehicles. When the o�cial car is not performing tasks, it can be charged, and

in most cases, the o�cial car has enough charging time, and it can be charged once a day to meet the

demand. Assuming that the o�cial car is charged after work, the battery SOC is 0.95 before the next

day's work, i.e., the charging period is 18:00-07:00, the charging load meets the uniform distribution

during the period, and the starting charging SOC meets the normal distribution N (0.4, 0.12), and

conventional charging mode is adopted.

4) Electric private car. In general, the daily mileage of private cars depends on the user's driving

habits, assuming that the charging behavior is also only a�ected by the user's driving habits, accord-

ing to the U.S. Department of Transportation NHTS2009 research results, the use of great likelihood

to estimate the user's daily mileage to satisfy the lognormal distribution, and its probability density

is:

fD(d) =
1

dσD

√
2π

exp

(
−(ln d− µD)

2

2σ2
D

)
. (1)

2.2. Schematic EVs scheduling model

2.2.1. Electric vehicle entry information generation. EV has many parameters, and the parameters

of interest in EV optimal scheduling are battery nameplate parameters such as battery capacity,

charging e�ciency, etc., grid entry parameters, and operational parameters such as state of charge

SOC, state of charge, charging power, and grid-connected state.

EV charging optimization scheduling algorithms are divided into two parts: charging demand

simulation and ordered scheduling algorithms [6]. The commonly used charging demand simulation

method based on charging probability modeling represented by Monte Carlo simulation is described

below.

Currently charging demand simulation is mainly divided into the following two categories according

to the need to generate the parameters for network entry.
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The �rst entry parameter is based on the NHTS to generate the entry time ts, exit time te,

and mileage d. Assuming that the private EV user connects to the charging device to charge at

home at the end of the trip until he leaves home on the next day, the EV entry time and exit time

correspond to the time of connecting to the charging post and leaving the charging post, respectively.

According to ts and te, we can calculate the length of stay, and according to d, we can calculate the

charging demand and charging time. ts, te, d obey the following segmented normal distribution fs(x),

segmented normal distribution fe(x), lognormal distribution fd(x), respectively:

fs(x) =


1

σs

√
2π

exp
[
− (x−µs)

2

2σ2
s

]
, µ− 12 < x ≤ 24,

1
σs

√
2π

exp
[
− (x+24−µs)

2

2σ2
s

]
, 0 < x ≤ µ− 12,

(2)

fc(x) =


1
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exp
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2
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c
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1
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exp
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fd(x) =
1

xσ
√
2π

exp

[
−(lnx− µ)2

2σ2

]
, (4)

where µs = 17.5, σs = 3.5, µe = 9.24, σe = 3.16, µ = 3.7, σ = 0.92.

Then the charging duration tch is calculated as follows:

tch =
(SOCend − SOCini)C

Pcηc
=

dE100

100Pcηc
, (5)

where, E100 is the power consumption for 100km traveling. C is the EV battery capacity. SOCini is

the in-grid state of charge, SOCend is the desired o�-grid state of charge. Pc is the constant charging

power. ηc is the EV charging e�ciency.

Monte Carlo method is also known as statistical experiment method and random sampling method

[22]. The Monte Carlo method can be used to analyze the data sampling of the grid entry parameters

very well. The Monte Carlo simulation �owchart is shown in Figure 1 as shown. Taking 1000 EVs

as the number of simulated EVs, the Monte Carlo generated ts, te, d statistics and probability

density of 1000 EVs are obtained. Monte Carlo simulation generates statistics of the frequency

distribution histogram envelope and probability density function is extremely similar, when the

number of simulated EVs is large enough or the number of repetitions is su�ciently large, the closer

the two should be, the distribution of statistical data obeys the distribution of the probability density

function.

The second entry parameter includes entry time ts, exit time te, entry charge state SOCini, and ex-

pected exit charge state SOCend. Since the second parameter contains more and more comprehensive

parameters, which is favorable for the preparation of the orderly charging and discharging scheduling

algorithm, the second entry parameter is adopted in the following section without any explanation. It

is assumed that the EV entry parameters of community MG1 and park MG2 follow the distribution,

and Table N(x, y) indicates normal distribution and U(x, y) indicates mean value distribution. In

the paper, the scheduling interval is 1h, and the rounding operation must be performed on ts and te:

ts = ⌈ts⌉ , tc = ⌈tc⌉ , (6)

where ⌈ ⌉ denotes upward rounding.



136 ma et al.

Fig. 1. Flow chart of Monte Carlo simulation

2.2.2. EV sequential charging models. Firstly, according to the distribution parameters, the EV

cluster entry information of community MG1 is generated based on Monte Carlo simulation, which

includes entry time ts,n, exit time te,n, entry charge state SOCini,n, and desired exit charge state

SOCend,n, where n denotes the nth EV, and the EV dwell time tst,n and the EV desired charge time

tch,n can be determined beforehand based on the EV entry information:

tst,n = te,n − ts,n, (7)

tch,n = min

(⌈
SOCend,n − SOCini,n

Pcηc/C

⌉
,

⌊
SOCmax − SOCini,n

Pcηc/C

⌋
, tst,n

)
, (8)

where, SOCmax is the maximum allowable charging state of EV, and ⌊⌋ denotes downward rounding.

Then the conventional EV ordered charging model can be expressed by Eqs. (9) to (11) :

PEV,n,t = Pcxc,n,t, (9)

xc,n,t = 0, t /∈ Tch,n = Ta,n = [ts,n, te,n) , (10)∑
t∈Tch,n

xc,n,t = tch,n, (11)

where, xc,n,t is the charging state of the nnd EV at the trd moment, which is a 0-1 Boolean variable,

=1 means charging, =0 means no charging. Eqs. Ta,n and Tch,n are the EV schedulable time (i.e., grid-

connected time) and schedulable charging time, respectively. Eq. (10) indicates that the charging

state of EV non-dispatchable charging time is constant 0. Eq. (11) indicates that the sum of the

number of charging time periods in EV dispatchable charging time should be equal to the expected

charging time of EV.

The traditional sequential charging model takes the charging state as the decision variable, and

through CPLEX or intelligent algorithms to �nd a feasible solution for the charging state that satis�es

the minimum sum constraint of the objective function, and according to Eq. (9), we can calculate

the charging power or the charging curve of each EV at each moment, and superimpose all the EV

charging powers or charging curves as the charging powers or charging curves of the EV clusters [14].
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2.2.3. Pre-processing of charging decision variables.

1) Charging preprocessing method 1. only changes the decision variable from charging state to charg-

ing scheme number xNc,n. Based on Eq. (11), sequential charging can be modeled as a combinatorial

problem of selecting tch,n time slots for charging from Tch,n containing L (Tch,n) time slots, as shown

in Eq. (12):

Nc,n = C(L(Tch,n), tch,n) = C
tm,n

L(Tdin,n)
=

L(Tch,n)!

tch,n! (L(Tch,n)− tch,n)!
, (12)

where, Nc,n is the number of all charging schemes for the nnd EV, C (L (Tch,n) , tch,n) denotes the total

number of combinations, and L (Tch,n) denotes the number of time slots included in the calculation

Tch,n.

2) Charging preprocessing methods 2 to 4. With reference to the concept of conditional events, based

on method 1, charging preprocessing methods 2 to 4 are proposed to pre-reduce the charging scheme,

which essentially seeks for event A |B (i.e., event A occurs under the condition that event B occurs),

the di�erence is that this paper speci�es that when A |B is the empty set A |B = B, where event B

are all feasible charging schemes for the EV (i.e., preprocessing method 1 gets all charging schemes

of the EV). The events A and of each preprocessing method and replacing Tch,n of (9) and (12) are

the EV sequential charging models based on the corresponding preprocessing methods. In the table,

Tlv,n is the intersection of Ta,n of the nth EV with the tari� �at period T1 and the tari� valley period

Tv. Tv,n is the intersection of Ta,n and Tv for the nth EV, and PNET0,t is the net load of the microgrid

when EVs are not considered. Pre-processing method 2 means to prioritize EVs to charge in tari�

�at and valley periods to pre-curtail the charging scheme.

Tch,n =

{
Tlv,n = Ta,n ∩ (T1 ∪ Tv) , L (Tlv,n) ≥ tch,n,

Ta,n, L (Tlv,n) < tch,n,
(13)

Tch,n =


Tv,n = Ta,n ∩ Tv, L (Tv,n) ≥ tch,n,

Tlv,n = Ta,n ∩ (T1 ∪ Tv) , L (Tlv,n) ≥ tch,n > L (Tv,n) ,

Ta,n, tch,n > L (Tlv,n) ,

(14)

Tch,n =

{
Ta,n ∩ (Tv ∪ T (PNET0,t < 0)) , L (Tch,n) ≥ tch,n,

Ta,n, L (Tch,n) < tch,n.
(15)

3. Optimization model for EVs participation in regional microgrid

operation and management

3.1. Microgrid operation optimization model considering user response

3.1.1. Strategies for clean energy dispatch for grid-connected microgrid operation. Plot energy out-

put in microgrids is mainly provided by wind turbines and photovoltaic systems, which are character-

ized by high environmental bene�ts and low operating costs, making them widely used on the power

generation side in China. However, clean energy is a�ected by weather, which makes its output un-

certain, less controllable, and more di�cult to realize planned dispatch. In this paper, the scheduling

strategy of prioritizing the dispatching right of clean energy and full purchase of electricity is adopted

to ensure that the clean energy generation units can realize better comprehensive bene�ts.



138 ma et al.

3.1.2. Classi�cation of scheduling control strategies based on EVs charging models. In unit time

interval δ, the paper makes the following assumptions that the active and reactive power outputs of

distributed power sources are constant, and under the condition of parallel operation of the microgrid

and the main grid, with the goal of minimizing the operating cost of the microgrid, each DER unit

optimizes its respective output power, while the power can be exchanged freely in both directions

between the microgrid and the main grid, and the interaction tari� between the microgrid and the

main grid is maintained at a constant level.

Two scheduling control strategies are adopted in the paper, which are:

1) Under the microgrid grid-connected operation state, a uni�ed extended time-sharing tari� strat-

egy is implemented for all loads in the network, EVs are modeled with unordered access to the micro-

grid, regular load tari�s are not optimized using the driving peak hour formula, and the optimization

results are used by all DERs in the network to contribute power in accordance with the optimal

scheduling strategy.

2) Under the state of grid-connected operation of the microgrid, the load classi�cation and tari�

classi�cation modeling proposed in the paper are adopted, the EV charging full response model and

the tari� optimization model for �xed loads proposed in the paper are added, and each distributed

power source will produce power in accordance with the optimal scheduling strategy.

3.1.3. Microgrid optimization model based on economic cost weights. The system in the paper

adopts the day-ahead scheduling model for centralized controlled microgrids, and considers the load

changes generated by di�erent response behaviors of the users, and establishes an optimization model

for microgrid operation.

With the minimum economic cost of the microgrid, while considering the depreciation factor of

distributed equipment and the cost of DER pollutant emission control, the paper designs an objective

function which takes into account the economic cost weights based on cost division and the demand-

side bene�ts of the microgrid to enable each DER to optimize their respective power outputs based

on the priority of clean energy output:

minC=∆t

T∑
t=1

M∑
k=1

N∑
i=1

[
ω1

(
Ct

fi + COMi + Ct
L + CDC

)
+w2

(
10−3λk ×αkiP

t
i − αgridkP

t
grid

)
−
(
λt
norP

t
nor + λt

EV P
t
EV s

)]
, (16)

Ct
OMii = ∆t×KOMiP

t
i , (17)

Ct
li =

{
∆t× λb

(
−P t

grid

)
P t
grid < 0,

∆t× λsP
t
grid P t

grid ≥ 0,
(18)

CDC =
N∑
i=1

P t
i ×∆t× CACCi

8760Pimaxfcfi
, (19)

CACGi = cinsi × fcfi, (20)

fcri =
d(1 + d)l

(1 + d)l − 1
. (21)

In Eqs. (16)-(21), i and k are the sorting number of network DERs and the sorting of gas pollutants,

respectively; P t
i and P t

grid are the output power of DERs and transmission power of the contact line

with the sorting number of i in time period t, respectively; and P t
grid is positive for the transmission
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power of the micro-network to the main network, and is negative for the transmission power from the

main network to the micro-network. P t
nor, P

t
EV s respectively t period conventional load electricity,

electric vehicle load electricity, Ct
fi, Ct

OMi, Ct
L, CDC in the t periods of the DER unit with the

serial number i energy consumption cost, operation management cost, microgrid from the main

network power purchase cost (negative value means that the microgrid from the main network to

obtain revenue) and depreciation cost of the microgrid system, KONi is the operation management

coe�cient of the DER unit with serial number i. λb, λs, λ
t
nor, λ

t
EV , λk are respectively the purchase

price of electricity purchased from the main grid by the microgrid in t periods, the electricity price of

electricity sold, the purchase price of conventional load, the charging price of EVs and the pollution

control cost of pollutants k, αki, αgridk are the emission coe�cients of type k pollutants produced by

DER power generation with serial number i and the emission factors of type k pollutants produced

by the transmission power of the main grid, CACCi, cinsi, fcfi, d and l are the annual average cost of

installation costs of DER units with serial number i, The weights of the economic costs of installation

cost, capital recovery factor, depreciation rate and DER service life, ω1 and ω2, respectively, consider

the operation of the microgrid and the environmental bene�ts.

3.1.4. Constraints. System power balance constraints are,

N∑
i=1

P t
i + P t

grid = P t
nor + P t

EV s + P t
loss. (22)

In Eq. (22), P t
loss is the network loss power at time t.

Output constraints of generation units within the microgrid are,

P t
imin ≤ P t

i ≤ P t
imax, (23)

P t
pvmin ≤ P t

pv ≤ P t
pvmax, (24)

P t
mtmin ≤ P t

grid ≤ P t
mtmax. (25)

Transmission power constraints on the microgrid's contact line with the main grid are,

−P t
Lmin ≤ P t

grid ≤ P t
Lmax. (26)

EVs batteries need to meet single charge power and state of charge constraints are,

−P t
evdis_rate < P t

ev < P t
evcha_rate, (27)

SOCevmin ≤ SOCt
ev ≤ SOCevmax. (28)

EVs traveling demand time period constraints are,

th + t1 + tn = 24. (29)

In Eq. (29), th, t1, and tn are the time periods of EVs during peak, trough, and general driving

periods, respectively.

The energy storage system also needs to satisfy the constraints of the state of charge, charging

and discharging power and charging and discharging states, which are constrained as:

−P t
dis_rate < P t

ess < P t
cha_rate, (30)
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SOCessmin ≤ SOCt
ess ≤ SOCessmax, (31)

udis(i) + uwait(i) + uch(i) = 1. (32)

In Eqs. (30)-(32), P t
dis_rate and P t

cha_rate are the maximum charging and discharging power of the

energy storage system in t time periods, and udis(i), uwait(i) and uch(i) are the 0 and 1 variables of

the energy storage system in the discharging, �oating and charging states, respectively.

3.2. Optimization solution method based on APSO model

3.2.1. APSO optimization algorithm. Particle swarm optimization algorithm (PSO) is an evolution-

ary computing technology, originated from the study of the �ight foraging behavior of bird �ocks,

the whole search and update process is to follow the current optimal solution, and it has a very

fast convergence speed and global optimization ability for solving large-scale optimization problems.

However, due to the low convergence accuracy of the PSO algorithm, it is easy to fall into the local

extremes, resulting in premature maturation of the algorithm. In order to avoid local convergence and

precocity phenomenon, this paper adopts adaptive particle swarm optimization (APSO) algorithm

for solving.

1) Basic particle swarm optimization algorithm. The particles in the mathematical model of the

PSO algorithm update their velocity and position according to the following equation:{
V k+1
id = ωV k

id + c1r1
(
P k
id −Xk

id

)
+ c2r2

(
P k
gd −Xk

id

)
,

Xk+1
id = Xk

id + V k+1
id ,

(33)

where k is the number of iterations, i = 1, 2, . . . , N , N is the size of the particle swarm, d =

1, 2, . . . , D, D is the number of dimensions of the search space, ω is the inertia weight factor, c1, c2 is

the learning factor, which is generally taken as c1, c2 ∈ [0, 2], r1, r2 is the random number distributed

in the [0, 1] interval. Xk
d denotes the position of the ith particle in the dth dimension, V k

id denotes the

velocity of the ith particle in the dth dimension, P k
id is the position corresponding to the individual

optimal solution Pbest of the ist particle, and P k
gd is the position corresponding to the global optimal

solution Gbest.

2) Adaptive particle swarm optimization algorithm. In the PSO algorithm, the inertia weight factor

ω makes the particles keep their motion inertia, which determines the local search ability and global

search ability of the particles. A larger ω is conducive to improving the global search ability of the

algorithm, while a smaller ω will enhance the local search ability of the algorithm. In this paper,

a nonlinear dynamic inertia weighting strategy is applied to adaptively adjust the inertia weighting

factor ω:

ω =

{
ωmin − (ωmax−ωmin)(f−fmin)

favg−fmin
, f ≤ favg,

ωmax, f > favg,
(34)

where, ωmax and ωmin are the maximum and minimum values of ω, f is the current �tness value of

particles, favg is the average �tness value of all current particles and fmin is the minimum �tness

value of all current particles.

In the operation of the algorithm of Eq. (33), when the particle �tness value is better than the local

optimization, it will increase ω, and when the �tness value of the particle is relatively scattered, it will

decrease ω. Meanwhile, for particles with better than average �tness value, the corresponding ω is

smaller, and the particles are retained, on the contrary, for particles with poorer than average �tness

value, the corresponding ω is larger, which makes the particles �roughly probe� the feasible domain
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with a larger step size to approach to the better search area. It can be seen that ω will adaptively

change with the �tness value of the particles, which can make the swarm maintain diversity and

good convergence characteristics, and improve the convergence speed and accuracy of the APSO

algorithm.

3.2.2. Solution �ow. In this paper, the sum of charging and discharging power of all EVs in each

scheduling window is used as the decision variable, i.e., the decision variable is set to be

[Pev1, Pev2, . . . Pev24]. When the APSO algorithm is applied to solve the model, a particle is a schedul-

ing strategy for EVs. The raw data include the electric load in each time period, the output power of

wind farms and photovoltaic power in each time period, the price of electricity in each time period,

the probability of electric vehicle stopping in each time period, the upper and lower limits of the

remaining battery power and the charging and discharging power limit per unit of time period, and

the initial power of the electric vehicle. The speci�c �ow of solving the multi-objective optimization

problem based on the APSO algorithm is shown in Figure 2.

Fig. 2. Solution �ow based on APSO algorithm

Fig. 3. Daily load of network
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3.2.3. Simulation examples. The daily load curve of a building is used for simulation veri�cation,

and the data are shown in Figure 3, which shows that the average daily load power of the power grid

is 82.875 kW. For the convenience of calculation, it is assumed that 2,000 EVs of the same model are

connected to the power grid, with driving consumption power of 8 kW, rated battery capacity of 40

kW/h, and maximum charging and discharging power of 15 kW, and the initial charge state of the

incoming EV is 0.8, and the minimum charge state of outgoing EV is 0.9, which is required by users.

The initial charging state of EVs entering the station is 0.8, and the minimum charging state of EVs

leaving the station required by users is 0.9.

Based on the data in Figure 3, according to the mathematical model mentioned above and the

set parameters, the e�ect of adjusting the load pro�le of the basic particle swarm algorithm and

the adaptive particle swarm algorithm proposed in this paper is veri�ed using MATLAB simula-

tion software, respectively. Figure 4 shows the load exchanged between EVs and the grid, and the

hourly average exchanged loads of the APSO algorithm and the PSO algorithm are 2.7092 P/kW,

respectively, 1.9979 P/kW.

Fig. 4. Electric vehicles exchange loads with the grid

Figure 5 shows the change curve of the number of iterations of the objective function value, as

can be seen from Figure 5, the objective function value decreases with the increase of the number of

iterations until the maximum number of iterations can be reached to obtain the optimal solution, the

improved PSO algorithm iteration speed as well as the attained �tness function value are better than

before, and the iteration speed is close to 0 when the objective function value is 1809.The regulation

amount of Figure 5 is counted in the grid and Figure 6 shows the EVs regulation amount, the peak

regulation e�ect of these two algorithms is compared, the APSO algorithm is slightly higher than the

PSO algorithm, and at the four peaks of 9:00, 16:00, 20:00, and 23:00, the regulation amount of the

APSO algorithm is 9.638, 9.955, -1.584, and 19.819 are higher than the PSO algorithm, respectively.

The regulated amount of Figure 6 is counted into the grid and the peak regulation e�ect of these

two algorithms is compared, and Figure 7 shows the peak load curve of the grid, from which it can

be seen that the original load curve is in the load trough period from 23:00 to 6:00, while two load

peaks occur at 12:00 to 14:00 and 19:00 to 22:00. Simulation results show that the technique in this

paper basically realizes the coordinated control of microgrid power and achieves the e�ect of peak

shaving and valley �lling, in which the improved algorithm has a signi�cant improvement over the

original grid state, indicating that the algorithm is superior to the basic particle swarm algorithm,
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and the daily load curve can be almost replaced by a constant load curve, and for the two peaks of

load occurring at 12:00∼14:00 and 19:00∼22:00 , the power is stabilized between 89.184 P/kW to

94.514 P/kW. This is of great bene�t to the power distributor and also reduces the price of electricity,

bringing convenience to the customer.

Fig. 5. The target function value iteration times change

Fig. 6. EVs regulation

Fig. 7. Grid peak load

4. Example analysis

4.1. Model parameterization

The wind turbine output, PV output, and base load of the microgrid system are shown in Figure

8, with MG1 in Fig. 8(a) and MG2 in Figure 8(b), where MG1 and MG2 denote the community
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and park microgrids, respectively, and the two MGs have the same ESS storage parameters, with the

capacity of 1500 kW/h, the maximum charging and discharging power of 225 kW, and the maximum,

minimum, and initial state of charge of 0.9, 0.3, respectively, 0.5, and the charging/discharging

e�ciency is 0.9. The base loads of the community and the park are di�erent, the base load of the

community is maintained at 453.05 P/KW∼995.48 P/KW all day long, and the base load of the

park is 0 P/KW for two time periods, from 1:00 to 7:00 and from 20:00 to 24:00.

Fig. 8. WT output, PV output and base load of double microgrid system

4.2. Large-scale EVs response scheduling model e�ectiveness

4.2.1. E�ect of di�erent economic cost weight coe�cients on optimization results. In order to an-

alyze the in�uence of di�erent weight coe�cients on the optimization results, Figure 9 shows the

comparison of the optimization results with di�erent weight coe�cients, comparing the optimization

results under �ve groups of di�erent weight coe�cients, in which the values of weight coe�cient 1

are taken as 0, 0.3, 0.5, 0.8, and λ1 in the groups, and the weight coe�cients λ2 are taken as 1, 0.7,

0.5, 0.2, and 0, respectively. And based on the optimization results, the integrated operation and

management costs and load �uctuation variance of microgrids in one dispatch cycle are counted.

Fig. 9. Comparison of optimization results of di�erent weight coe�cients

Setting di�erent weight coe�cients will have an impact on the optimization results, and when

the weight coe�cient λ1 increases, the microgrid operation cost and environmental pollution cost

gradually decrease, while the load �uctuation variance increases with the decrease of the weight

coe�cient λ2. In order to select the appropriate weight coe�cients so that the microgrid operation

and management costs and environmental pollution control costs, as well as load �uctuation variance

and other indicators to achieve the optimal operating state, �rst of all, to obtain the optimization

results of the model under the single-objective, i.e., to select the operating results of array 1 and

array 5 in Figure 9, to obtain the maximum value of the microgrid operation and management
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costs, environmental pollution control costs, as well as the load �uctuation variance are respectively

94056.856¥, 10765.096¥, and 285.469, and the minimum values are 31195.564¥, 6945.064¥, and
12.585, respectively.Then, the entropy weight method is applied to calculate the weight coe�cients of

each objective function, and the weight coe�cients λ1 and λ2 are 0.578 and 0.422, respectively.Finally,

the weight coe�cients obtained are applied to weight the di�erent objective functions. Finally,

applying the obtained weighting coe�cients to weight di�erent objective functions, the proposed

model is solved, and the microgrid operation and management cost, environmental pollution cost

and load �uctuation variance are 319654.468¥, 7694.954¥ and 120.594, respectively.

Fig. 10. Control unit plan of di�erent user responsiveness

4.2.2. Controllable generation unit output for di�erent responsiveness of users. To study the power

output of controllable generating units with di�erent responsiveness, the user responsiveness in the

region is selected as 0%, 30%, 50%, 80%, and 100%, and the operation results are shown in Figure 10,

and the integrated operation and management costs of microgrids with di�erent user responsiveness
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in 1 dispatch cycle are counted, and Figure 10(a)-(e) are 0%, 30%, 50%, 80%, and 100%, respectively.

In the �gure, MT is the microfuel engine, BA is the energy storage system, and GRID is the power

curve of the public power grid. Table 1 shows the comparison of microgrid metrics with di�erent

user responsiveness.

From the change of power supply to the public power grid in Figure 10(a), it can be seen that

the scaled EVs are connected to the microgrid in an uncontrolled manner during the 8:00-20:00 time

period, and the power load of the microgrid rises sharply in the peak hours of electricity demand,

which results in the increase of the power supply from the public grid to the microgrid, with the power

range between 400 and 1000 kW, which is prone to put the public power grid in an overloaded state.

The power range is between 400∼1000kW, which is easy to make the public power grid in overload

state. When the user response degree is between 30% and 80%, with the increase of user response

degree, the operation and management cost of microgrid and the cost of environmental pollution

control are reduced accordingly, the operation and management cost and the cost of environmental

pollution control are reduced from 37,564.185 yuan to 28,618.439 yuan, and from 8,765.515 yuan

to 7,864.685 yuan, respectively, and the load �uctuation is reduced. The variance has a tendency

to decrease and then increase. At 100% user responsiveness, large-scale EVs are connected to the

regional microgrid for charging and discharging, and due to the limitation of the installed capacity

of distributed energy resources in the regional microgrid, the demand for electricity in the region

increases, resulting in a corresponding increase in the costs associated with the microgrid, and at the

same time, the load �uctuation variance increases compared to that at 50% and 80% responsiveness.

Table 1. Comparison of microgrid indicators of di�erent user responsiveness

Responsiveness /% Microgrid operating costs ¥ Environmental pollution control costs ¥ Load �uctuation variance ¥
0 45466.698 9465.168 254.945

30 37564.185 8765.515 146.698

50 31648.864 7896.451 114.489

80 28618.439 7864.685 134.544

100 35497.515 7916.648 194.748

5. Conclusion

In this paper, starting from the type and charging mode of electric vehicles and driving characteristics,

we explore the in�uencing factors a�ecting the charging load of electric vehicles, construct a patterned

EVs scheduling model, and put forward the microgrid operation optimization strategy as well as

the constraints, taking into account the user response conditions. Adaptive particle optimization

algorithm is used to solve the model.

Simulation example analysis is used to simulate and verify the daily load pro�le of the test site,

and the average daily load of the microgrid based on the patterned EVs scheduling optimization

model is obtained as 82.875 kW. According to the mathematical model and the set parameters, the

e�ects of adjusting the load pro�le of the basic particle swarm algorithm and the adaptive particle

swarm algorithm proposed in this paper are veri�ed respectively, and the time-averaged exchange

loads of the APSO algorithm and PSO algorithm are 2.70%, 2.7% and 2.7% respectively. The

average exchange load of APSO algorithm and PSO algorithm are 2.7092 P/kW and 1.9979 P/kW

respectively, and the e�ect of APSO algorithm is better than PSO.

To study the power output of controllable power generation units with di�erent user responsiveness,
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when the user responsiveness is 0%, the scaled EVs are connected to the microgrid in an uncontrolled

manner during the 8:00-20:00 time period, and the power supplied to the microgrid from the public

power grid is also increased, and the power range is in the overloaded state between 400 and 1000

kW. And when the user responsiveness is between 30% and 80%, the operation and management

cost and the environmental pollution control cost decrease from 37564.185 yuan to 28618.439 yuan

and 8765.515 yuan to 7864.685 yuan, respectively, and the cost is e�ectively reduced.
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