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Abstract: Recently, the expansion of energy communities has been aided by the lowering cost of
storage technologies and the appearance of mechanisms for exchanging energy that is driven by
economics. An amalgamation of different renewable energy sources, including solar, wind, geother-
mal, tidal, etc., is necessary to offer sustainable energy for smart cities. Furthermore, considering the
induction of large-scale electric vehicles connected to the regional micro-grid, and causes of increase
in the randomness and uncertainty of the load in a certain area, a solution that meets the community
demands for electricity, heating, cooling, and transportation while using renewable energy is needed.
This paper aims to define the impact of large-scale electric vehicles on the operation and management
of the microgrid using a hybridized algorithm. First, with the use of the natural attributes of electric
vehicles such as flexible loads, a large-scale electric vehicle response dispatch model is constructed.
Second, three factors of micro-grid operation, management, and environmental pollution control
costs with load fluctuation variance are discussed. Third, a hybrid gravitational search algorithm
and random forest regression (GSA-RFR) approach is proposed to confirm the method’s authenticity
and reliability. The constructed large-scale electric vehicle response dispatch model significantly
improves the load smoothness of the micro-grid after the large-scale electric vehicles are connected
and reduces the impact of the entire grid. The proposed hybridized optimization method was solved
within 296.7 s, the time taken for electric vehicle users to charge from and discharge to the regional
micro-grid, which improves the economy of the micro-grid, and realizes the effective management of
the regional load. The weight coefficients λ1 and λ2 were found at 0.589 and 0.421, respectively. This
study provides key findings and suggestions that can be useful to scholars and decisionmakers.

Keywords: microgrid; sustainable society; electric vehicles; flexible load; optimization

1. Introduction

The concept of smart, environmentally friendly, and sustainable cities is crucial to
assessing how well nations have advanced their civilizations and development [1–3]. The
goal of developed nations’ research and development efforts is to create greener cities and
communities that enhance the state of the environment worldwide and reduce pollution
from human activity [4]. To accomplish a comprehensive energy solution, it is crucial
to control the demand for and distribution of produced energy [3,4]. Furthermore, it is
also necessary to implement various forms of renewable energy technology in cities and
societies [5]. To enable sustainable energy for cities, a mix of several renewable energy
sources, such as solar, wind, geothermal, tidal, etc., is necessary [6]. Intelligent energy
management strategies can be implemented at all levels, starting at home and extending to
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every nook and cranny of the city, including transportation, schools, hospitals, factories,
streets, etc. [7]. The increasing penetration of renewables has driven power systems to
operate closer to their stability boundaries, increasing the risk of instability [8]. With the
upcoming dynamic power generation in many countries, the installed capacity of power
generation can gradually and effectively use energy to promote energy conservation, which
plays an important role in achieving sustainable energy development [8,9]. The authors
discussed the rapid development of power grid technology in the mix with the electric
vehicles (EVs) industry (V2G) [10,11]. Using large-scale EV charging piles in the area to
realize vehicle network interaction allows large-scale EVs and EVs to take part in economic
optimization management, while the use of an energy storage system allows users to create
energy arbitrage by discharging during price peaks and charging during off-peak periods
if a variable energy price is considered [9].

The control methods of the microgrid (MG) are more diversified, and the development
of safety emergency response capabilities has become a current research hotspot. In terms
of reducing the valley gap, the literature uses the temporal and spatial characteristics of EVs
to construct an orderly charging and discharging load for EVs and a real-time electricity
price response model [12]. EVs and other power generation equipment can take part in the
economic dispatch of the MG. To study the different strategies between EV power stations
and MG, an economic dispatch optimization model was constructed [13]. To solve the
increase in the popularity of the complex EV access point network, it has been proposed
large-scale EVs be connected to the network, and there is a good deal of optimization
scheduling methods. EVs are effectively used to optimize charging and reduce system
load peaks and valleys [14]. However, the economic dispatch model of the literature
mentioned above considered three factors of an MG, while the user benefits and safety of
MG operation do not cogitate the performance of MG management and the participation
of EV users [8,15].

These days, smart parking lots are becoming more and more popular since they offer
a workable solution to power outages [16]. Systems for managing energy can benefit from
heuristic algorithms since they speed up decision-making and develop a novel heuristic
algorithm for MG energy management [17]. The principle behind this algorithm is to
avoid wasting the available renewable potential at each period. Model predictive control is
used to reduce the output power loss caused by converter failure, panel shading, and dirt
buildup on wind and PV panels [18].

Authors discussed the dimensional optimization algorithm for optimizing scheduling
problems, such as the endless combination of particle swarm optimization (PSO) algo-
rithm and differential evolution algorithm (DE), and the random particle swarm algorithm
(RDPSO) [19,20]. Authors proposed that WOANN predicts the required control gain
parameters of the hybrid renewable energy systems to maintain the power flow, based
on the active and reactive power variation on the load side [19]. The imperialist com-
petition algorithm (ICA) combined mutation, destruction, and selection of a variety of
different operators with PSO and other methods studied [21,22]. However, these methods
have some shortcomings in finding the optimal solution and the best ability to overcome
them [23]. Based on the above analysis, starting from the management side of the MG
operator, we comprehensively considered the three factors of MG operation safety, en-
vironmental governance, and user participation. A preliminary EV participation in the
MG operation management optimization model was established to realize the operating
and management costs, environmental pollution control costs, and the lowest mid-term
cost [24]. The multi-agent chaotic particle swarm optimization (MACPSO) algorithm com-
bined with the chaotic particle swarm optimization algorithm and chaotic particle swarm
optimization (CPSO) algorithm was used to solve the problem [25]. The demand and
response characteristics of each power generation unit, large-scale EVs, and electric load
in the region were different, and the constraint conditions of each power generation unit
presented nonlinear characteristics [26]. A regional MG under the constraints of nonlinear
equations is one difficulty for researchers [27]. Furthermore, achieving the best states of
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management cost, environmental pollution, and load fluctuation variance are another topic
of discussion [26]. Authors used the penalty function method to deal with the relevant
constraints; this method adds a penalty term to generate a new objective function [20].
Energy conservation has become a long-term strategic policy for global economic and social
development [27]. The enhancement of energy management can improve energy efficiency
and promote energy conservation and emissions reduction [28]. However, integrating
renewable energy and a flexible load makes the integrated energy system a complex dy-
namic with high uncertainty, bringing great challenges to modern energy management [29].
With the increasing number of vehicle charging piles installed in recent years, load peak
periods are brought to the station area, resulting in an insufficient capacity of the station
area, in turn resulting in an overload of the distribution transformer in the station area,
increased loss of lines and transformers, and other problems [30]. A good auxiliary power
supply is the key to the coordinated development between vehicle charging and the power
grid in a smart MG [28]. The wind and solar energy generation system can transform
the natural resources of the station area into a stable power supply. Authors proposed
an energy management method for a grid-connected wind-solar storage MG system with
multiple types of energy storage [31]. Authors have researched optimal energy scheduling
of MG considering EV charging load [32]. According to the two operation modes of the
MG, namely grid-connected and isolated islands and the different access modes of EVs, the
MG operation control strategy including EVs was customized [21]. To investigate if solar
energy and wind energy are naturally complementary, an energy storage system and an
optimized battery energy storage control strategy were combined to put forward a hybrid
landscape storage system control strategy considering the charging effect of batteries [33].
The author discussed the operation energy management strategy of the isolated grid of
an MG containing hybrid energy storage [33]. However, none of these explored strategies
were studied with regard to their application in smart stations/MGs and EVs.

This paper proposes large-scale EVs involved with MG operation and its management
optimization method. This method first makes full use of the EV natural flexible load
property, and the response of the large-scale EV scheduling model is constructed. Then,
considering the system’s operation, user participation, and environmental governance,
an optimization model is established. The system operation management cost of the
MG, environmental pollution control cost, and load fluctuation variance are integrated
to achieve an optimal system. Finally, by comparing the optimization results of multiple
scenarios, it is verified that the model can realize effective load management in the region
and reduce the management cost of MGs and environmental pollution treatment costs to
support a healthy society.

The rest of the study is organized as follows, Section 2 presents the related work,
Section 3 describes the proposed model, Section 4 explains the results and discussion and
the conclusion is presented in Section 5.

2. Related Work
2.1. Model of Large-Scale EVs

Assume that some users of EVs in the area respond to the dispatching information of
the regional grid to charge from and discharge to the MG. In contrast, some users do not
respond to dispatching information and randomly access charging [21]. The dispatching
structure diagram is shown in Figure 1.

According to the operating characteristics of the EVs in the area, the regional response-
dispatching EV cluster is divided into a charging cluster and a discharging cluster [34]. The
charging and discharging responsiveness of EV users at time t expressed as:

ϕd(t) =
Nd(t)

N × 100%
(1)

ϕc(t) =
Nc(t)

N × 100%
(2)
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ϕ(t) = ϕd(t) + ϕc(t) (3)

where N is the total number of EVs in the area; Nd(t) is the number of EVs that respond to
discharge information; Nc(t) is the number of EVs that respond to charging; ϕd(t) is the
discharge responsiveness of EV users; ϕc(t) is the user’s charging responsiveness; ϕ(t) is
the user’s responsiveness. When a user responds to charging, ϕd(t) = 0, and when the
user responds to discharge, ϕc(t) = 0.
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2.2. EV Disorderly Charging Model

It is assumed that the charging power of an EV is equal to the power of the connected
charging piles and limited by the power of the charging piles installed in the area [35].
The charging power of different types of charging piles is inconsistent. According to the
maximum state of charge of the i-th EV SOCi,max, the state of charge SOCi at the beginning
of charging, the power of the connected charging pile Pi,ch, the power battery capacity C,
and the charging efficiency ηCEV , the charging duration of EVs obtained in the formula is
as follows [36]:

tc,i =
(SOCi,max − SOCi)C

ηCEV Pch,i
(4)

The calculation expression is:

Puno(t) = (1− ϕ(t))
N

∑
i=1

Pch,i(t).αtcp,t.αstate,t (5)

where Puno(t) represents the total disordered charging load in the area at time t, t 1, 2, 3, . . . ,
24; N is the number of EVs; Pch,i(t) is the connection at the charging time t, αstate,i represents
the state of the charging pile, αstate,i = 1 represents the charging state, and αtcp,i represents
the parking time; tp,i is greater than the required charging duration. tc,i is used to calculate
the charging power that is αtcp,i 1 and the total disordered charging load in the t period
area.

2.3. Model of Charging, Discharging, and User Response

EV users respond to dispatched charging and discharging, while users responding
to the dispatching information of the regional MG and connect to the regional MG for
controllable charging and discharging in an orderly manner. Suppose that when the user
of the i-th EV responds to the scheduling information, they also provide feedback on
important parameters such as the state of charge of the power battery SOCi, the parking
time tp,i, the next trip, and the unit power consumption of the EV to the area of the MG
to calculate the energy consumption for the rest of the user’s journey SOCrest,i according
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to the feedback parameter information, the state of charge of comprehensive user anxiety
SOCanx,i, and to protect the battery reserve with capacity margin of not less than 20% to
calculate the charging and discharging time of the EV.

The charging duration is consistent with Equation (6), and the discharge duration is
expressed as [37]:

td,i =
(SOCi − SOCi,rest − SOCanx,i − 20%)C

ηdEV Pdis,i
(6)

where ηdEV is the discharge efficiency of EV; Pdis,i represents the discharge power of the
connected charging pile.

The total charge and discharge power PresEV(t) of EVs in the area at time t can be
obtained by:

PdisLoad(t) = ϕdis(t)
N

∑
i=1

Pdis,i(t).αtdp,t.αstate,t (7)

PcLoad(t) = ϕc(t)
N

∑
i=1

Pch,i(t).αtcp,t.αstate,t (8)

PresEV(t) = PdisLoad(t) + PcLoad(t) (9)

where αtdp,i means that the parking time tp,i is greater than the continuous discharge time
td,i to calculate the discharge power, that is, αtdp = 1, according to the discharge of the
connected charging pile power.

3. Proposed Model
3.1. Objective Function

The operating and management costs of the regional MG and pollutant control costs
can be collectively referred to as the total operating and management costs of the regional
MG, defined as:

minF λ1(F1 + F2) + λ2F3 (10)

where λ1 and λ2 are weighting factors, where λ1 + λ2 = 1.
The integrated operation and management cost of an MG with large-scale EVs mainly

includes the economic operation cost of the MG and the incentive cost for EVs that respond
to dispatching to take part in the dispatch as follows:

F1 =
T

∑
i=1
{[Cn(PDG(n, t)) + Cw,n(PDG(n, t))]}+ Cgrid(t)Pgrid(t) + Cexcit(t) + Cdc(t) (11)

where T is a dispatch cycle; NDG is the type of power generation unit installed in the
area; C(PDG(n, t)) is the power generation cost of the nth type of power generation unit;
CW,n(PDG(n, t)) is the maintenance cost of the nth type of power generation unit; PDG(n, t)
is the power generation of the n type of power generation unit; cgrid(t) and Pgrid(t) are the
agreement points of the MG and the power grid company at time t, respectively; Cexcit(t) is
the cost of incentivizing EVs to participate in dispatch; Cdc(t) is the difference between the
operation purchase of electricity from users (discharge) and the sale of electricity to EVs
(charging), an additional fee is required.

The power generation cost of a distributed generation unit is defined as:

Cn(PDG(n, t)) = αn[PDG(n, t)]2 + βnPDG(n, t) + γn (12)

where αn, βn, and γn are cost constants, which are related to the type of distributed
generation (DG) unit.

The maintenance cost of the power-generating unit is approximately proportional to
the power generated by the power-generating unit.

Cw,n(PDG(n, t)) = λm
n (PDG(n, t) (13)
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where λm
n represents the maintenance coefficient of n types of distributed power generation

units. Different types of distributed power generation units have different maintenance
coefficients. For different types of maintenance coefficients, please refer to the literature.

To use the capacity of the EV’s power battery, the regional MG adopts certain incentives
for car owners to attract EV owners to actively respond to the dispatching information of
the regional MG, charge/discharge the regional MG, and take incentive measures.

The cost calculation expression is:

Cexcit(t) = ϕ(t)∑
i=1

(SOCi,max − SOCi,min)Cρexcit(t) ∧i (t) (14)

where ρexcit(t) represents the unit incentive cost at time t, and its value is calculated
by referring to the distributed generation kilowatt-hour subsidy standard [38]; Λi(t) is
the connection state of the charging pile at time t, Λi(t) = 1 means the charging pile is
connected, Λi(t) = 0 means the charging pile is not connected.

The additional cost added by the difference in the electricity price during the charging
and discharging period of the user can be calculated by:

Cdc(t) =
T

∑
i=1

N

∑
i=1

{
ϕdis(t)Pdis,i(t)p(t)4d,t −(1− ϕdis(t)Pch,i(t)c(t)∆c,i)

}
(15)

where T is a dispatch period; N is the total number of EVs in the area; p(t) is the on-grid
price of the user for discharging into the regional MG at time t; c(t) is the charging price
of the user at time t; ∆tc,i and ∆td,i, respectively, represent the continuous charging and
discharging time of EV users to the regional MG. The pollutant penalty costs for MG
operation are as follows:

F2 =
T

∑
t=1

⌊
NDG

∑
n=1

M

∑
m=1

Cmαm,nPDG(n, t) +
M

∑
m=1

Cmαgrid,mPgrid(t)

⌋
(16)

where M is the type of pollutant, and the power generation process mainly considers
NOx, SO2, and carbon emissions; Cm represents the cost per kilogram of treating these
m types of pollutants; αn,m represents the first type of power generation unit produced.
The emission coefficient of m-type gas pollutants; PDG(n, t) is the power generation of the
nth type of power generation unit; αgrid,m represents the emission coefficient of m-type
gas pollutants generated when the public large-scale power grid transmits electric energy;
Pgrid(t) represents the power flowing in both directions between the regional MG and the
large public grid.

The power supplied by the grid to the MG is positive, and the power supplied by the
regional MG to the large power grid is negative due to the load fluctuation and due to
improving the security and stability of the MG’s economic operation.

F3 =
1
T

T

∑
t=1

(
Pload(t) + Puno(t) + PresEV(t)−

NDG

∑
n=1

PDG(n, t)− Pav(t)

)2

(17)

where Pload(t) represents the basic electricity load in the MG in the period t; Puno(t) rep-
resents the disorderly charging load of EVs in the period t; PresEV(t) represents the EVs
response charge and discharge in the period t load.

3.2. Constraints

To achieve a balanced state of power on the supply and demand side in regional MGs,
the power balance constraint can be expressed as:

Pload(t) + (Puno(t) + PresEV(t)) =
NDG

∑
n=1

Pn(t)− Pbss(t) + Pgrid(t) (18)
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where Pn(t) is the power supply of the nth type of power generation unit in the area; Pbss(t)
is the energy storage system’s total charge and discharge power; greater than 0 means
discharging, and less than 0 means charging.

EV charging and discharging state constraints:

SOCi(t + 1) = SOC(t)i +

(
ηc,iPc,i(t)

C
αstate,i.4c,t +

Pdis,i(t)
ηd,iC

αstate,i.4d,t

)
(19)

where SOCi(t + 1) and SOCi(t) are, respectively, the state of charge of the ith EV power
battery during (t + 1) and t periods; ηc,i, ηd,i represents the charge and discharge efficiency
of EV; ∆c,t and ∆d,t represent the duration of charge and discharge.

To meet the user’s next trip needs, the user can set the desired power battery power.

SOCi(tleave) ≥ SOCdesired,i (20)

where SOCdesired,i represents the state of charge of the power battery expected by the user
when leaving the charging pile; SOCi(tleave) represents the actual state of charge of the
power battery when the EV leaves the charging pile.

3.3. Hybridized Algorithm
3.3.1. The GSA Algorithm

The GSA acts on agents as objects whose actions are recorded by the masses [39].
Objects are to display a solution or a portion of a solution. The gravitational pull attracts
items to themselves, causing a worldwide movement toward objects with larger masses [40].
Because the heavier masses have higher fitness criteria, achieving a worthy ideal answer is
more difficult.

The position is defined with N as:

Xi = (x1
i . . . xd

i . . . xn
i ) f or i = 1, 2, . . . , N (21)

First, the agents of the solution have given a solution based on Newton’s gravitational
theory [41]. The gravitational force is calculated as follows:

Fd
ij(t) = G(t)

Mi(t)xMj(t)
Rij(t) + ε

(
xd

j (t)− xd
i (t)

)
(22)

The Euclidian distance can be written as:

Rij(t) = ‖Xi(t), Xj(t)‖2 (23)

The total force acting can be presented as:

Fd
i (t) =

N

∑
j∈kbest,j 6=i

randjFd
ij(t) (24)

Moreover, ad
i (t) can be presented as:

ad
i (t) =

Fd
i (t)

Mii(t)
(25)

Furthermore, a technique based on this concept can be described to obtain an agent’s
subsequent speed and location. An agent’s subsequent speed can be represented as a
function of its current velocity plus its current acceleration. As a result, the improved
location and speed provides:

vd
i (t + 1) = randi × vd

i (t) + ad
i (t) (26)
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xd
i (t + 1) = xd

i (t) + vd
i (t + 1) (27)

To appropriately regulate the search procedure, the gravitational constant (G) is set
arbitrarily at the start and gradually decreases over time as follows:

G(t) = G(G0, t) (28)

G(t) = G0e−α t
T (29)

The masses of the agents can be determined via fitness evaluation. The greater an
agent’s act mass, the more significant that agent is to obtaining the answer. According to
Newton’s laws of gravity and motion, a hefty mass has greater pull-on power and moves
slower. The masses can be described as follows:

Mai = Mpi = Mii = Mi, i = 1, 2, . . . , N

mi(t) =
f iti(t)− worst(t)
best(t)− worst(t)

(30)

Mi(t) =
mi(t)

N
∑

j=1
mj(t)

(31)

3.3.2. The RFR Algorithm

The fitness function for the GSA algorithm must be established to assess the benefits
and drawbacks of the RFR model for each node [42]. The following new particle will result
from the crossing:

Xk
inew = rXk

i + (1− r)Xk
j (32)

Vk
inew =

Vk
i + Vk

j∣∣Vk
i

∣∣+ ∣∣∣Vk
j

∣∣∣
∣∣∣Vk

j

∣∣∣ (33)

where the random number r value is between 0 to 1; the velocities of particles are Vi and
Vj, Xi and Xj; Xi and Vi are the new positions and velocities of the different particles, while
Xi replaces them.

The method of dynamically adjusting the inertia factor is used for great particles.
In the initial phase, w is nominated to develop global searchability. The slighter w

stood in the later phase to attain a more sophisticated search. The efficient formulation of
the inertia factor is presented in Equation (33).

w(t) = (w1 − w2)× (T − t)/T + w2 (34)

The following was chosen for the mean square of the residual:

R2
RF = 1− MSEooB

σ2
y

(35)

where the predicted cost of variance is σ2
y; residual error R2

RF is the mean square. Each
input feature’s significance can be determined by random forest as:

fi =
∑ j∈ f eatureinj

∑ knk
(36)

nk = wk Mk − wk1Mk1 − wk2Mk2 (37)
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where node k importance is nk; the feature division is the node with the feature I as nj;
the number of samples in node k is wk, w1, and w2, the ratio and its sub-nodes to all the
samples, respectively; the node k mean square errors are Mk, M1, and M2 and its sub-nodes.

Figure 2 shows the multi-objective model is weighted into a comprehensive single-
objective model. There may be errors in weighting to overcome subjective experience.
This paper uses the entropy method for weighting, forming a weighted single-objective
optimization model, and implementing specific steps.

(1) Take the objective function Fi(i = 1, 2, . . . , n) as the optimization target for the single-
objective solution.

(2) According to step (1), a single objective function value and a comprehensive, objective
function value can be obtained.

(3) According to the single objective function value and the comprehensive objective func-
tion, the objective function value is unified and dimensionless, and the preprocessed
objective function value set is obtained.

(4) Apply the entropy weight method to obtain the weight coefficient of the objective
function.
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4. Result and Discussion
4.1. Model Parameter

Figure 3 shows a selection of the typical wind and solar power forecast curves in
the MG of a park. The charging piles are installed in the park and can be divided into
three levels. Table 1 lists the allowable charging power of each level of charging piles. The



Sustainability 2022, 14, 16172 10 of 18

three-level charging pile proportions are 50%, 30%, and 20%. Due to the limitations of the
actual park’s MG installed capacity and transmission power lines, it is assumed that there
are 100 EVs in the park. Tables 2–4 show the parameters of the power generation units
installed in the park, unit power generation costs and maintenance costs, environmental
governance cost coefficients, and time-of-use electricity prices of the park [43]. Assuming
that all EVs in the park are of the same type, the charging and discharging power and
the charging and discharging efficiency are the same. The EV’s parameters are shown in
Table 5. The GSA-RFR algorithm parameters; population size is 300, the maximum iteration
time MaxTime = 350, the upper limit of inertia weight wmax = 0.9, the lower limit of inertia
weight wmin = 0.4, the initial self-learning factor ci = 2.5, termination self-learning factor
c1 f = 0.5, initial social learning factor ci = 20.5, termination social learning factor c2 f = 2.5,
environment size lsize = 20, optimal chaotic environment size hsize = 3, the search radius
r = 0.5, the number of iterations of optimal chaos hcir = 10.
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Figure 3. Typical wind and PV power generation forecast curve in the area.

Table 1. Charging power rating of piles.

Cases Case1 Case2 Direct Current

Power (kW) 1.4–3 5–10 25–180

Table 2. Parameters of each power generation unit, generation cost, and maintenance cost.

Resource Power Range (kW) Generation Cost
(USD/kWh)

Maintenance Cost
(USD/kWh)

BSS −150~150 0.68 0.08439

WT 0.100~0.39 0.009 6

PV 0.75~0.56 0.001 2

MT 20~150 0.41 0.0401
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Table 3. Environmental costs and pollutant emission coefficient.

Contaminant
Type

Control Costs
(USD/kg)

Pollutant Emission Factor (kWh)

Grid MT WT PV

CO2 0.21 889 724 0 0

SO2 14.842 1.8 0.0036 0 0

NOx 62.94 41.6 0.2 0 0

Table 4. Local time-of-use electricity price list.

Period (Time)

Peak Normal Valley

10:00–15:00
19:00–22:00

7:00–9:00
16:00–18:00

1:00–6:00
23:00–24:00

Electricity price
(USD/kWh) 1.56 0.7 0.43

Purchase price
(USD/kWh) 0.75 0.43 0.14

Table 5. Electric vehicle parameters.

Category Battery
Capacity (kWh) SOC Limit (%)

Charge and
Discharge Power
Limit (kW)

Charge and
Discharge
Efficiency (%)

Value 52.5 20/90 50 0.95

4.2. Effectiveness of the Large-Scale EV Response Scheduling Model

To verify the effectiveness of a large-scale EV response scheduling model in this paper
in reducing load volatility, three different EV charging and discharging models are selected:
(1) user autonomous charging model; (2) orderly charging and discharging model based
on peak-valley time-of-use electricity prices; (3) response scheduling model, using three
different charging and discharging models, the total electricity load, including EVs, and
the charging and discharging loads were calculated, and the user response degree was set
to 100%. The operating results are shown in Figure 4.
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In Figure 4, the orderly charge and discharge model based on the peak-valley time-of-
use electricity price is shown. The performance of orderly charge and discharge according
to the peak-valley time-of-use electricity price information is reduced by 11.6%. Meanwhile,
this causes EV users to charge and discharge the MG to generate new electricity (peaks),
which makes a new impact on the MG. The response scheduling model guides EVs to
charge from and discharge to the MG based on peak-valley time-of-use electricity prices
and regional load information. Compared with the user-autonomous charging model
and the orderly charge–discharge model of peak-valley time-of-use electricity prices, the
variance of load fluctuations is reduced by 25.3% and 15.5%. The response scheduling
model improves the smoothness of the regional load.

4.3. Weight Coefficients and Impact of Different Optimization Results

To analyze the influence of different weight coefficients on the optimization results, the
table compares the optimization results under five groups of different weight coefficients.
Among them, the weight coefficient λ1 in each group has a value of 0, 0.3, 0.5, 0.8, and 1;
the weight coefficient λ2 is 1, 0.7, 0.5, 0.2, 0, respectively. According to the optimization
results, the statistics of the integrated operation and management costs and load fluctuation
variance of the MG in a dispatch period are shown in Table 6.

Table 6. Comparison of optimization results of different weight coefficients.

Weight
Coefficient

MG Operation Costs
(USD)

Environmental Pollution
Costs (USD)

Load Fluctuation
Variance

1 94,099.872 10,735.098 12.56

2 42,739.869 8585.706 86.68

3 36,717.197 8081.684 118.62

4 31,347.512 7632.539 126.76

5 31,190.257 6976.039 285.38

The MG operation and management, environmental pollution control, load fluctuation
variance, and other indicators of cost reach the best operating state to select the appropriate
weighting coefficients. Table 6 shows that setting different weight coefficients has an impact
on the optimization results. When the weight coefficient λ1 increases, the MG operating
costs and environmental pollution cost gradually decrease, and the load fluctuation vari-
ance increases with the decrease in the weight coefficient λ2. Table 6 shows the maximum
value of MG operation management cost, environmental pollution control cost, and load
fluctuation variance as USD 94,099.872 and USD 10,735.098. The minimum values are USD
31,190.257, USD 6976.039, and USD 12.56, respectively. The entropy weight method is used
to calculate the weight coefficients of each objective function, and the weight coefficients
λ1 and λ2 are 0.589 and 0.421, respectively. Applying the obtained weight coefficients to
weigh different objective functions and solving the proposed model, the MG operation
management, environmental pollution costs and load fluctuation are USD 31,984.413, USD
76,695.169, and USD 120.236, respectively.

4.4. Controllable Power Generation Unit Output with Different Responsiveness

The output of controllable generating units with different responsiveness were studied,
and the user responsiveness in the selected area is 0%, 50%, 80%, and 100%, respectively.
Figure 5 shows the operation results, and the responses of different users in a dispatch
period were counted. The operation management, load fluctuation and the costs of the MG
with a high degree are shown in Table 6.
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Figure 5. The planned output of controllable power generation units with different user responsive-
ness; (a) 0% of the planned output of controllable generating units, (b) 30% of the planned output of
controllable power generation units, (c) 50% of the planned output of controllable power generation
units, (d) 80% of the planned output of controllable power generation units, (e) 100% controllable
power generation unit planned output.

Figure 6 shows the power supply change curve of the large-scale public power grid.
During the period 8:00–20:00 large-scale EVs are connected to the MG in disorder, and the
power demand of the MG during the peak period of electricity load is sharp. Increasing the
amount of power supplied by the large public grid to the MG is likely to cause the large
public grid to be overloaded. Figure 6 and Table 7 show the statistical data that when the
user responsiveness is between 30% and 80%, as the user responsiveness increases, the
operation and management costs of the MG and the environmental pollution control costs
are reduced correspondingly, and the variance of load fluctuations is first. Considering
the tendency to increase after decreasing when the user response rate is 100%, large-scale
EVs are connected to the regional MG for charging and discharging. Due to the limitation
of the installed capacity of the regional MG-distributed energy, the demand for electricity
in the region increases, leading to the microgrid’s related costs. Correspondingly, at the
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same time, the variance of load fluctuations increases compared with the variances of load
fluctuations with a responsiveness of 50% and 80%.
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Table 7. Comparison of MG indicators for different user responsiveness.

Responsiveness MG Operating Costs
(USD)

Environmental Pollution
Treatment Costs (USD)

Load
Fluctuation

0% 45,454.215 9467.724 253.71

30% 37,967.285 8760.162 144.13

50% 31,690.206 7881.186 114.24

80% 28,655.759 7836.853 130.19

100% 35,750.162 7972.188 196.15

4.5. Comparison of Different Optimization Algorithms

A comparison is made to verify the effectiveness of the GSA-RFR algorithm in solving
high-dimensional, non-continuous problems with the multi-constrained optimization prob-
lems (MINLP) method, GSA algorithm, CPSO algorithm, and multi-agent PSO algorithm
to solve the economic optimization model put forth in this study and contrast the GSA-RFR
algorithm’s solution outcomes with the optimization outcomes of various algorithms. The
maximum number of iterations is 350, and the population size is 300. Figure 6 depicts the
convergence curves of various algorithms.

The PSO method has the fastest convergence speed, as shown in Figure 6, but it
is prone to premature phenomena and cannot converge upon the global extreme point.
Although the solution time of the MINLP method is not much different from that of the
PSO algorithm, its optimization accuracy is better than that of the PSO algorithm. In the
CPSO algorithm, the chaotic search strategy is added to improve the global search ability of
the algorithm to a certain extent, thereby avoiding falling into local extreme points. Still, its
convergence accuracy needs to be improved. The CPSO algorithm requires more iterations
and time to achieve convergence in the solution process, but it improves the optimization
results. Compared with several optimization methods, the GSA-RFR algorithm integrates
a multi-agent system and a chaotic search mechanism to increase its time consumption, but
its optimization effect is the best.
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Table 8 shows that when the economic optimization model is established, the opti-
mization result’s operating cost, environmental pollution control cost, and load fluctuation
variance are minimized. The GSA-RFR algorithm demonstrates good performance in
solving high-dimensional, non-continuous, and multi-constrained optimization problems.

Table 8. Comparison of optimization results of different optimization algorithms.

Algorithms MG Operation
Costs (USD)

Environmental
Pollution Control
Expenses (USD)

Variance of Load
Fluctuation

Solution Running
Time (s)

GSA-RFR 48,974.386 8986.562 236.45 296.7

GSA 45,499.685 8654.639 214.32 307.5

MINLP 43,875.754 8579.546 196.53 314.3

CPSO 32,497.179 7608.743 184.65 375.6

PSO 28,785.478 6937.591 132.36 509.8

5. Conclusions

The goal of developed nations’ research and development efforts is to create greener
cities and communities that enhance the state of the environment worldwide and reduce
environmental pollution. EVs will play a critical role in energy systems over the coming
years, due to their environmental friendliness and capacity to reduce/absorb superfluous
power from renewable energy sources. Meanwhile, a large-scale EV charging pile of
regional power grids increases the randomness and uncertainty of the load in the concerned
area. The proposed study constructed a large-scale EV response dispatch model that
significantly improves the load smoothness of the MG after large-scale EVs are connected,
and reduces the impact of the entire MG. The weight coefficients λ1 and λ2 were determined
as 0.589 and 0.421, respectively, the controllable power generation output scheme unit was
best observed, and the operational management, environmental pollution control, and
variance of load fluctuations costs were interestingly observed as lowest at USD 31,983.813,
USD 76,695.169, and USD 120.236, respectively. The proposed hybridized optimization
method directs EV users to charge from and discharge to the regional MG with the presence
of renewable energy resources (wind and PV), which improves the economics of the
MG and realizes the operation management and environmental pollution regularized to
establish a friendly society.

In the future, studies on different scenarios, including the maximum renewable model,
the uncoordinated charging model, the load levelling model, and the charging-discharging
model, can be used to further enhance EV demand. Additionally, the effects of various
electric vehicle (EV) charging/discharging strategies on the costs associated with operation
and the removal of pollutants in remote micro-grid (MG) modes are also relevant areas for
future study.
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Nomenclature

MG micro-grid
EVs electric vehicles
MINLP multi-constrained optimization problems
PSO particle swarm optimization
DE differential evolution algorithm
ICA imperialist competition algorithm
MACPSO multi-agent chaotic particle swarm optimization
CPSO chaotic particle swarm optimization
DG distributed generation
Nd(t) number of EVs that respond to discharge information
Nc(t) number of EVs that respond to charging information
SOCi,max the state of charge
Pi,ch the power battery capacity
ηCEV charging efficiency
Puno(t) represents the total disordered charging
PresEV(t) EVs response charge and discharge
Pload(t) basic electricity load
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