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Abstract

Background: To address the uncertainties of renewable energy power generation, the
disorderly charging characteristics of electric vehicles, and the high electricity cost of the
power grid in expressway service areas, a method of economic dispatch optimization
based on the improved particle swarm optimization algorithm is proposed in this study.
Methods: Mathematical models of photovoltaic power generation, energy storage systems,
and electric vehicles were established, thereby constructing the microgrid system model
of the power load in the expressway service area. Taking the economic cost of electricity
consumption in the service area as the objective function and simultaneously meeting
constraints such as power balance, power grid interactions, and energy storage systems, a
microgrid economy dispatch model is constructed. An improved particle swarm optimiza-
tion algorithm with time-varying parameters of the inertia weight and learning factor was
designed to solve the optimal dispatching strategy. The inertia weight was improved by
adopting the Gaussian decreasing method, and the asymmetric dynamic learning factor
was adjusted simultaneously. Findings: Field case studies demonstrate that, compared
to other algorithms, the improved Particle Swarm Optimization algorithm effectively re-
duces the operational costs of microgrid systems while exhibiting accelerated convergence
speed and enhanced robustness. Value: This study provides a theoretical mathematical
reference for the economic dispatch optimization of microgrids in renewable-integrated
transportation systems.

Keywords: economic dispatch optimization; improved particle swarm optimization
algorithm; Gaussian decreasing; renewable-integrated microgrids; transportation systems

MSC: 90C31

1. Introduction
Microgrids consist of loads, distributed energy sources and energy storage systems,

and they provide an effective way to improve the utilization efficiency of renewable energy
and reduce greenhouse gas emissions [1]. Against the backdrop of the low-carbon trans-
formation towards clean and sustainable energy production, the utilization of renewable
energy is regarded as an important method to address existing energy and environmental
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issues. However, the inherent uncertainties of renewable energy generation make peak
load regulation in microgrids difficult to handle, and the grid cost is relatively high. To
balance the peak load of microgrids, reduce pollution emissions and grid costs, mathemat-
ical optimization models are widely used to analyze the economic dispatch problem, in
combination with these renewable energy sources [2,3].

Constructing a microgrid energy system is the primary basis for exploring economic
dispatch optimization. Recent relevant studies have shown that the use of energy storage
modules is an important solution for economic dispatch in microgrids, with the ability to
effectively balance energy supply and demand, improving energy utilization efficiency and
enhancing the stability and reliability of the power grid. A new grid-connected microgrid
energy management system, which includes wind turbines, fuel cells, micro-turbines and
battery energy storage systems has been proven to evaluate the impact of various irradi-
ances on the day-ahead dispatching of the microgrid on different days and seasons [4].
Models for an integrated energy microgrid system considering a hybrid structure of elec-
tric thermal energy storage can reflect the complementary advantages of multiple energy
sources and improve energy utilization efficiency [5]. To evaluate the impacts of energy
storage systems and demand-side management on costs, emissions, and wind energy
utilization, high wind permeability has been combined in a dynamic economic emission
model, considering its intermittency and uncertainty [6]. The development of renewable
energy sources, including photovoltaic power, also has an impact on the economic dispatch
of microgrids. One previous study proposed a wind-diesel-load coordinated frequency
regulation strategy based on high-permeability renewable energy microgrids, which in-
cludes high-permeability wind turbines, photovoltaic systems, diesel engines, loads and
other components, effectively improving the frequency stability [7]. Regarding modularity
and the balance degree of reactive power and active power as the evaluation criteria, a
cluster division method combining structural and functional factors was proposed to solve
the problem of a high proportion of renewable energy being connected to the distribution
network [8]. The influence of distributed photovoltaic systems at photovoltaic penetration
rates of 40%, 70% and 100% has also been evaluated on the voltage curve of low-voltage
power grids [9]. These studies have contributed to microgrid energy systems considering
both energy storage devices and renewable energy. Such microgrid energy systems have
been gradually applied in the actual scenarios of expressway service areas. However, the
charging of electric vehicles in service areas poses new demands for the construction of
energy systems. Therefore, the construction of a microgrid energy system that accounts
for the power consumption characteristics of electric vehicles is also a component of the
microgrid energy system construction and is worthy of study.

When determining the optimal economic dispatch strategies in microgrids, traditional
methods include adopting an organic combination of multiple dispatching methods by
monitoring load changes in real time and dynamically adjusting the output of power
generation equipment. Top-down and bottom-up coordinated control modes have also
been applied. The upper part of this model comprehensively calculated measurements
such as energy supply and demand, cost, and environment at the macro level to formulate
the optimal energy allocation plan. The lower part maintains the balance of AC and DC
power at the micro level with the help of advanced power electronics technology and
control, as well as voltage fluctuations. Strategies based on load following, cycle charg-
ing, generator sequence, and combined dispatching have been evaluated to optimize the
CO2 emissions, net current situation cost, and energy cost of the island microgrid [10].
Researchers proposed a real-time collaborative optimal economic dispatch control model
for multiple microgrids and a real-time optimal economic dispatch strategy for multiple
microgrids based on energy storage collaboration, regarding energy storage devices as
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energy management controllers, and significantly enhancing the resilience and reliability of
the multiple microgrid system [11]. A multi-microgrid energy complementarity model was
built to obtain a real-time optimized scheduling control strategy using a case study of the
IEEE 33-node model to achieve the optimal energy coordination in the MMG system [12].
Another integrated management and control strategy with upper economic dispatch and
lower electronic control coordination has been proven to maintain the power balance on
both the AC and DC sides and suppress the fluctuations in frequency and voltage without
the need for normalization processing [13]. Although the above-mentioned traditional
dispatching strategies have been illustrated in optimizing the energy management of mi-
crogrids, higher requirements for the flexibility and optimization efficiency of dispatching
strategies need to be met with the increase in the complexity of microgrid systems and the
diversification of energy demands.

Machine learning algorithms are also widely used to solve the economic dispatch
strategies of microgrids, including intelligent optimization algorithms such as the particle
swarm optimization algorithm, genetic algorithm, simulated annealing algorithm, and
gravitational search algorithm. Researchers previously established an optimized model by
setting the comprehensive cost as the objective function and proposed an improved particle
swarm optimization algorithm with adaptive inertia weight and contraction factors, which
effectively reduced the comprehensive target cost [14]. An improved real-coded genetic
algorithm and an enhanced method were built based on mixed integer linear programming
and were proven to perform well in the microgrid model tests under different operating
conditions [15]. It has been demonstrated that a hybrid particle swarm optimization
and simulated annealing algorithm can be used to evaluate the performance of heuristic
solutions for larger instances [16]. Simulation results proved the effectiveness of a hybrid
particle swarm optimization and opposition-based learning gravitational search algorithm
to solve a two-stage model based on day-ahead and real-time dispatching [17]. It has
also been verified that an enhanced adaptive bat algorithm for the optimal economic
dispatch strategy of microgrid systems outperforms other algorithms in the considered MG
economic dispatch [18]. Researchers applied the whale element heuristic algorithm to the
operation management of microgrids and found that the use of this management strategy
plays an important role in operating costs and emissions [19]. When the internal search
algorithm was applied to the economic load and joint economic emission of multi-microgrid
systems, the results showed relatively high reductions in cost when compared with other
algorithms [20]. The uncertainty of the rotational reserve provided by energy storage under
probability constraints has been modeled to construct a new optimal mode, considering
the charging and discharging characteristics of energy storage equipment [21]. Previous
research incorporated the particle swarm optimization algorithm into a variable step
incremental conductance method to form a hybrid algorithm for power tracking control to
solve the problem of renewable energy microgrids [22]. An innovative hybrid optimization
technology of Cheetah Optimization and Particle Swarm Optimization was also proposed
to solve the coordinated control of multiple microgrids [23]. Different types of deep
learning neural networks have also been developed and compared for short-term output
photovoltaic power predictions, with their performance being evaluated [24]. A multi-
objective cross-entropy algorithm was used to solve the reconstruction model to optimize
all objectives simultaneously, considering the interference of solar energy [25]. Additionally,
researchers developed a data-driven approach for constructing a hybrid integer linear
method to predict renewable energy; it aims to utilize integrated weather forecasting to
enhance the performance of hybrid microgrids that incorporate both renewable energy
and traditional power sources [26]. When solving the economic dispatch strategy of
microgrids, all the above-mentioned intelligent algorithms perform well in optimization,
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especially the particle swarm optimization algorithm, which has a simple principle and
high computational efficiency. It is easy to integrate with other models and has good
adaptability and scalability in dealing with complex scenarios. Therefore, in this study,
these intelligent optimization algorithms were explored to solve the economic dispatch
strategy for microgrids in expressway service areas.

Given the above, to optimize microgrid economic dispatch in special scenarios such
as expressway service areas, an energy collaborative dispatching system combining the
main grid and microgrid is expected to be established in this study, encompassing actual
conditions such as energy storage devices, photovoltaic power generation, and electricity
usage for electric vehicles. To optimize the economic cost of electricity consumption,
a microgrid economic dispatch method based on intelligent optimization algorithms is
proposed. This research can help to enhance the consumption capacity of renewable energy
in the microgrid of expressway service areas by optimizing the collaborative dispatching
strategies of clean energy, such as photovoltaic power, with energy storage and the main
grid, which is expected to effectively enhance the power supply stability of the system
under varied loads such as the disorderly charging of electric vehicles. It provides important
support for the microgrid in service areas to achieve the efficient utilization of renewable
energy and reliable power supplies under complex working conditions.

2. Methodology
2.1. Microgrid System Modelling

The model structure diagram of the microgrid system in this study is shown in Figure 1.
The microgrid system is externally connected to the main power grid, containing basic loads
such as photovoltaic power generation (PV), charging and discharging of energy storage
systems (ESS), electricity for electric vehicles, and basic load. Among them, photovoltaic
power generation and energy storage power generation belong to the power generation
side, while electric vehicles and the basic load of electricity consumption for routine
operations belong to the load side. This model structure ensures the efficient consumption
of renewable energy and can address power fluctuations caused by impact loads, such
as those from electric vehicles, through the flexible dispatch of energy storage systems,
forming a regional energy Internet with self-balancing capabilities.

Figure 1. Diagram of the microgrid system structure.
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2.1.1. PV Power Generation Modelling

Photovoltaic power generation is characterized by volatility and randomness due to
factors such as sunlight and meteorological conditions. The value of light intensity in a day
follows the beta distribution, and its probability density function is calculated as follows:

fr(r) =
Γ(α + β)

Γ(α)Γ(β)
(

r
rmax

)α−1(1 − r
rmax

)β−1 (1)

where r is the light intensity and α and β are beta distribution parameters, which are related
to light intensity.

The parameters of α and β can be calculated according to the average value and
standard deviation of light intensity within a day:

α = µ

(
µ(1 − µ)

σ2 − 1
)

(2)

β = (1 − µ)

(
µ(1 − µ)

σ2 − 1
)

(3)

where µ and σ are, respectively, the average value and standard deviation of the light
intensity r [27].

Then, the maximum output power of photovoltaic power [28] is calculated as follows:

PpV = Aηr (4)

where A represents the total area of the photovoltaic array and η is the photoelectric
conversion efficiency of the photovoltaic array.

According to photovoltaic characteristics [29], the beta distribution is also used to
model PV power generation:

fpV
(

PpV
)
=

Γ(α + β)

Γ(α)Γ(β)
(

PpV

PpVmax
)α−1(1 −

PpV

PpVmax
)β−1 (5)

2.1.2. ESS Modelling

The mathematical model of the energy storage device constructed in this study mainly
comprises the following two parameters:

(1) Battery capacity (E)

The battery capacity of energy storage devices refers to the amount of electrical energy
completely released through discharge operation when the device is fully charged. The amount
of electrical energy released at this time is the battery capacity (E), that is, the rated capacity.

(2) State of Charge (SOC)

SOC refers to the ratio of the remaining power of an energy storage device at a certain
moment to its rated capacity, and the ratio is generally between 0 and 1. Energy storage
devices generally operate in two working states: charging and discharging. Under these
two working states, the SOC model of energy storage devices is calculated as follows [30]:

SOC(t) =

{
SOC(t − 1)− Pess(t)∆t

ηd
, Pess(t) > 0

SOC(t − 1)− ηcPess(t)∆t, Pess(t) < 0
(6)

where SOC(t) represents the SOC state at this moment; SOC(t − 1) represents the SOC
state at the previous moment; Pess(t) represents the charging and discharging power of the
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energy storage device; ηc and ηd represent the charging and discharging efficiency of the
energy storage device.

The charging and discharging power and state of charge of energy storage devices
need to be set within an upper and lower limit:

Pmin
ess (t) ≤ Pess ≤ Pmax

ess (t) (7)

SOCmin(t) ≤ SOC(t) ≤ SOCmax(t) (8)

2.1.3. Modeling of Disordered Charging of Electric Vehicles

The driving characteristics of electric vehicles have a significant impact on their
schedules and charging and discharging times. Electric vehicles are characterized by a
large number, high randomness, and relatively difficult scheduling. By fitting the big data,
we determined that the probability density function of the charging start time of electric
vehicles follows a normal distribution [31]:

f (x) =


1

σ
√

2π
exp

[
− (x−µ)2

2σ2

]
µ − 12 ≤ x ≤ 24

1
σ
√

2π
exp

[
− (x+24−µ)2

2σ2

]
0 ≤ x ≤ µ − 12

(9)

where µ = 15 and σ = 3.4.
The probability density function of the daily mileage of vehicles follows a lognormal

distribution:

f (y) =
1

yσ
√

2π
exp

[
− (lny − µ)2

2σ2

]
(10)

where µ = 3.2 and σ = 0.88.
Considering the charging condition of electric vehicles in expressway service areas,

a disorderly charging model of electric vehicles is established in this study. Without any
incentive measures, car owners charge electric vehicles according to their own will. The
charging duration can be obtained using the following formula [32]:

Tc =
SW100

100 · ηc · Pc
(11)

where S represents the daily mileage driven; W100 is the power consumption per 100 km; ηc is
the charging power of the electric vehicle; and Pc is the charging efficiency of the electric vehicle.

The Monte Carlo method was adopted to randomly sample the charging load of
electric vehicles [33], and the flowchart is shown in Figure 2.

Combining Equations (9)–(11), the charging power of a single electric vehicle in a day
can be obtained. Using further accumulation, the daily total load of the disorderly charging
of all electric vehicles in the area can be obtained.

2.1.4. Basic Load Composition

Electricity consumption for routine operations in expressway service areas mainly
includes lighting, catering, air conditioning, etc. These loads are uniformly regarded as the
basic loads of the service areas.
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Figure 2. Flowchart of the Monte Carlo method sampling for electric vehicle charging load.

2.2. Modelling of Microgrid Economic Dispatch
2.2.1. Objective Function of the Microgrid Economic Dispatch Model

For the economic dispatch optimization of the microgrid in expressway service areas,
the minimum economic cost is selected as the objective function, including the cost of
energy storage equipment, subsidies for photovoltaic power generation, and the purchase
and sale costs of electricity interacting between the microgrid and the external main power
grid. The specific objective function (minF) is expressed as follows:

min F = Cbuy + Csell + Cbat + Cdeg + CPV + Cgrid−penalty (12)

where F represents economic cost; Cbuy is the cost of purchasing electricity; Csell is the cost
of selling electricity; Cbat is the cost of the energy storage equipment; Cdeg is the cost of
battery degradation; CPV is the operation and maintenance cost of photovoltaic power; and
Cgrid−penalty is the grid interaction penalty cost.

2.2.2. Constraints of Microgrid Economic Dispatch Model

(1) Total power balance constraints

The energy system needs to ensure that the sum of the electricity from the external
main power grid, energy storage equipment and photovoltaic power generation should
meet the basic electricity load and electric vehicle load demands of the service area [34],
which can be expressed as:

Pload + PEV = Pgrid + Pbat + PPV (13)
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where Pload is the basic load of the expressway service area; PEV is the load of electric
vehicles; Pgrid is the electrical power purchased from the main power grid during grid inter-
action; Pbat is the power of energy storage equipment; and PPV is the power of photovoltaic
power generation.

(2) Power grid interaction constraints

−Pmax
grid ≤ Pg(t) ≤ Pmax

grid (14)

where Pmax
grid represents the upper limit of the exchange power between the microgrid of the

service area and the external main power grid.

(3) Constraints of energy storage system

The SOC of energy storage devices is between the upper and lower limits at every moment:

MinSOCbat ≤ SOC(t) ≤ MaxSOCbat (15)

where SOC(t) represents the state of charge of the energy storage device at a certain moment.
The initial and final SOC remain consistent, facilitating the recycling of energy storage:

SOC(t) = SOC(0) (16)

where SOC(t) is the state of charge of the energy storage device at time t; SOC(0) is the
state of charge of the energy storage device at the initial moment.

(4) PV constraints

PPV,min < PPV < PPV,max (17)

where PPV is the photovoltaic power generation capacity; PPV,min and PPV,max are the
minimum and maximum value of the photovoltaic power generation capacity, respectively.

2.3. Model Solution

The particle swarm optimization (PSO) algorithm is used to explore the economic
dispatch strategy of the microgrid in this study. In the PSO algorithm, each “particle”
is regarded as a latent solution without the characteristics of mass and volume. It uses
swarm intelligence to establish a simplified model to find the best solution for complex
optimization problems. Like other evolutionary algorithms, PSO is also based on the
concepts of “population” and “evolution” to search for the best solution in a complex
space through collaboration and competition among individuals. However, unlike other
evolutionary algorithms, there are no genetic operations on individuals of PSO. Instead,
it regards the individuals in the population as particles moving in the solution space,
constantly aggregating towards their own historical best positions and the historical best
positions of their groups to optimize the candidate solutions.

For the PSO algorithm, its state update formula can be expressed as follows [35]:

vi
j(k + 1) = ω(k)vi

j(k) + c1rand(0, a1)
(

pi
j(k)− xi

j(k)
)
+ c2rand(0, a2)

(
pg

j (k)− xi
j(k)

)
(18)

where vi
j(k) represents the velocity vector of particle i in the j dimension in the kth iteration;

xi
j(k) represents the position vector of particle i in the j dimension in the kth iteration.

In the PSO algorithm, c1 = c2 = 1. ω(k) is the inertia weight factor (a non-negative
value) representing the influence of the velocity of the previous generation of particles
on the velocity of the current generation. A large value of ω(k) indicates a strong global
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optimization ability and a weak local optimization ability, while a smaller value of ω(k)
indicates a weak global optimization ability and a strong local optimization ability.

In the early stage of the PSO algorithm, it is important for the global search to accelerate
the search speed. In the later stage, it focuses on local searches. However, fixed inertia
weight coefficients and learning factors may cause the algorithm to fall into local optimal
solutions. An improved PSO (PSO-GD) algorithm is proposed to balance the capabilities of
the global and local search to improve the speed of the algorithm and the local optimization
ability by using a Gaussian decrement of nonlinear decrement. Thus, in the PSO-GD
algorithm, it can more easily jump out of the local optimal position when becoming stuck
in the local optimal solution. The improved PSO algorithm ensures the excellent search
ability of the algorithm during the optimization process by adjusting the strategies of the
inertia weight and learning factor.

In this study, the inertia weight is improved using the Gaussian decrement of nonlinear
decrement, and it is calculated as follows:

ω′(k) = ω′
min +

(
ω′

max − ω′
min

)
e−

k2

nd2 (19)

where ω′(k) is the improved inertia weight factor; k is the current number of iterations; and
d is the maximum number of iterations.

A large value of inertia weight is beneficial for the global search, while a small weight
is beneficial for the local search. Different improvement strategy types of particle swarm
optimization in decreasing inertia weights are shown in Figure 3. The line named ‘Linear’
(dark green plane) represents the linearly decreasing method, while lines named ‘Non-
linear1’ (middle green plane) and ‘Nonlinear2’ (light green plane) represent nonlinear
methods of parabolic decreasing and quadratic decreasing strategies, respectively. The
traditional linearly decreasing inertia weight decreases in a linear pattern with the increase
in the number of iterations. Although the traditional nonlinear decreasing inertia weight
does not vary linearly, it has different characteristics of decreasing curves. These two
curves exhibit the characteristics of rapid decreases in the inertia weight in the early stage
(Nonlinear2) and later stage (Nonlinear1).

Figure 3. Schematic diagram of different strategy types for decreasing inertia weights.

Gaussian decrement inertia is used in this study to improve the inertia weight adopted,
represented by the line named ‘GD’ (orange plane) in Figure 3. With the increase in the
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number of iterations, the inertia weight decreases non-linearly in a Gaussian distribution
curve. Figure 4 depicts the principal processes of the PSO and PSO-GD algorithms, which
demonstrates that the particles arrive at the optimal position after searching from the initial
position. The dotted circles indicate the current particle search range, and the green arrows
indicate the particle swarm optimization path. The red dots indicate the positions of the
particles, and the blue arrow indicates the direction. Unlike traditional linear and nonlinear
decreasing methods that cannot guarantee a stable stage of the inertia weight value in both
the early and later stages of the iteration, the Gaussian decreasing method can keep the inertia
coefficient relatively high in the early stage of the iteration and relatively low in the later stage,
so as to achieve the effect of focusing on global search in the early stage and local search in
the later stage. Meanwhile, the reduction in the amplitude of the Gaussian decreasing inertia
weight can be adjusted by changing the coefficient n to achieve better evaluation.

Figure 4. Schematic comparison of PSO and PSO-GD algorithms.

Additionally, the learning factor has also been adjusted in the PSO-GD algorithm. A
larger scale of c1 will cause the particle to search too much within the local range, and a
larger scale of c2 will cause the particle to converge to the local optimal value prematurely.
In this study, asymmetric learning factors are used to improve c1 and c2. The improved
learning factors of c′1 and c′2 are calculated as follows:

c′1 = c′max +
(
c′min − c′max

)
× k

d
(20)

c′2 = c′min +
(
c′max − c′min

)
× k

d
(21)

where k is the current number of iterations, and d is the maximum number of iterations.
Therefore, the main steps of the PSO-GD algorithm for solving the economic dispatch

optimization of microgrid in this study are as follows:

• Parameters of the population size and the initial position x and velocity v of each
particle are initialized.

• The fitness of the particles (the economic cost F) are calculated.
• Value of pbest referring to the historical optimal position information for each particle

by the individual optimal position is obtained. The value of gbest, referring to a group
optimal position from these individual historical optimal positions, is compared with
the historical optimal positions to select the best one as the current historical optimal
position is obtained.

• The velocity vector v is updated as follows:
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vi
j(k + 1) = ω′(k)v′ ij(k) + c′1rand(0, a1)

(
pi

j(k)− xi
j(k)

)
+ c′2rand(0, a2)

(
pg

j (k)− xi
j(k)

)
(22)

The position vector x is updated as follows:

xi
j(k + 1) = xi

j(k) + vi
j(k + 1) (23)

where i = 1, 2, · · · , m; j = 1, 2, · · · , n.

• When updating the position vector x, it is necessary to restrict the position of the
particle to be within the boundary range of the search space.

• The number of iterations k is checked to determine whether it has reached the maxi-
mum number of iterations. If so, the iteration is terminated. Meanwhile, the fitness
value is checked to determine whether it meets the convergence condition. If so, the
process is terminated and the global optimal solution is obtained.

• The final optimal strategy for microgrid energy dispatching is obtained.

3. Data Analysis and Preprocessing
3.1. Microgrid System Conditions

Data related to the microgrid energy system were collected from the Xiaoshan Express-
way Service Area in Hangzhou City, Zhejiang Province, as shown in Figure 5. They include
photovoltaic power generation systems, energy storage devices and electric vehicle charging
piles. The relevant parameters of the photovoltaic equipment are shown in Table 1. The relevant
parameters of the energy storage equipment are shown in Table 2. The time-of-use electricity
price is shown in Table 3. The parameters related to the main grid are shown in Table 4.

 

Figure 5. On-site map of the energy system of the Xiaoshan Expressway Service Area.
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Table 1. Parameters related to photovoltaic equipment.

Parameters Value Unit

Installed Capacity 631 kWp
A 3155 m2

η 0.2 N/A
Cost Coefficient 0.02 CNY/kW

Table 2. Parameters related to energy storage devices.

Parameters Value Unit

Installed Capacity 945 kWh
Cost Coefficient 0.15 CNY/kW

Table 3. The time-of-use electricity price.

Time period 23:00~7:00 7:00~17:00 17:00~23:00

Price/CNY 0.35 0.85 1.04

Table 4. Parameters related to the main grid.

Parameters Value Unit

Maximum power 2500 kW
Minimum power 0 kW

3.2. Photovoltaic Power Generation Capacity

Based on the light intensity conditions of the Xiaoshan Expressway Service Area from
1 to 30 June 2022 [36], the parameters of α and β can be obtained using Equations (2) and
(3), as shown in Table 5. Then, the photovoltaic power generation capacity for 30 days can
be calculated using the photovoltaic power generation model.

Table 5. Weather conditions of the Xiaoshan Expressway Service Area in June 2022.

Date α and β Date α and β Date α and β

1 June α = 0.42; β = 6.06 11 June α = 0.42; β = 2.49 21 June α = 0.30; β = 1.25
2 June α = 0.23; β = 0.79 12 June α = 0.53; β = 6.87 22 June α = 0.37; β = 1.70
3 June α = 0.57; β = 3.59 13 June α = 0.34; β = 3.42 23 June α = 0.27; β = 1.00
4 June α = 0.36; β = 1.74 14 June α = 0.25; β = 0.75 24 June α = 0.39; β = 2.49
5 June α = 0.54; β = 8.82 15 June α = 0.25; β = 0.72 25 June α = 0.32; β = 1.39
6 June α = 0.14; β = 0.32 16 June α = 0.27; β = 0.84 26 June α = 0.25; β = 0.76
7 June α = 0.23; β = 0.69 17 June α = 0.19; β = 0.51 27 June α = 0.20; β = 0.50
8 June α = 0.20; β = 0.58 18 June α = 0.25; β = 0.70 28 June α = 0.34; β = 1.35
9 June α = 0.18; β = 0.47 19 June α = 0.56; β = 6.18 29 June α = 0.25; β = 0.80
10 June α = 0.19; β = 2.12 20 June α = 0.46; β = 4.38 30 June α = 0.20; β = 0.73

3.3. Electric Vehicle Charging Power Load

A total of 200 electric vehicles entered the service area for charging on a single day in
this study. The maximum SOC of the electric vehicles was 90%, while the minimum SOC
was 10%. The power consumption per 100 km was 10 kW/h, and the charging power was
10 kW/h. Then, the total load of electric vehicle charging was fitted using Monte Carlo
method as shown in Figure 6.
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Figure 6. Total load curves of electric vehicle charging, fitted using Monte Carlo.

3.4. Sensitivity Analysis of Parameters

For the PSO-GD algorithm, all relevant parameters of PSO-GD, including the inertia
weights (ω′), learning factors (c′1 and c′2), population size (m), and maximum iteration times
(d), were selected to conduct a global sensitivity analysis of the algorithm parameters. The
range definition of the parameter values is shown in Table 6. Among them, m represents the
number of particles in this algorithm. Each particle represents a possible strategy solution
of economic dispatch, and the inertia weight and learning factor determine the velocity
and the position of the particles in the optimization process.

Table 6. Range of relevant parameter values.

Parameters ω′ c′1 c′2 m d

Value range [0.4, 0.9] [0.5, 2.5] [0.5, 2.5] [100, 300] [50, 200]

Figure 7 shows the optimal cost distribution under different parameter combinations.
The blue dots on the coordinate plane indicate the combination of c′1 and c′2. The green
dots on the coordinate plane indicate the combination of ω′ and c′2. The orange dots on the
coordinate plane indicate the combination of c′1 and ω′. The size of the sphere represents
m, and the color of the sphere represents the value of the optimal economic cost. The LHS
sampling method was used for the global sensitivity analysis, and the optimal parameter
combination for optimal fitness is obtained: ω′ = 0.72; c′1 = 1.86; c′2 = 1.86; m = 139;
d = 130.
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Figure 7. Three-dimensional scatter plot of parameter sensitivity combinations of PSO-GD.

4. Results
4.1. Comparative Analysis of the Optimal Economic Costs

Intelligent optimization algorithms such as PSO [14], the genetic algorithm (GA) [15],
the simulated annealing algorithm (SA) [16], the differential evolution algorithm (DE) [17]
and the whale optimization algorithm (WOA) [19] are widely used to optimize the eco-
nomic dispatch of microgrids. Eight algorithms (including PSO-GD, PSO, PSO-linear,
PSO-nonlinear, GA, SA, DE and WOA) were calculated in cases to compare and analyze
the optimization effects in this study, in which the parabolic inertia weight decreasing is
selected as the strategy of PSO-nonlinear in this study. The parameter settings and technical
details of the eight algorithms are shown in Table 7.

Table 7. Parameter settings and technical details of the eight algorithms.

Algorithms PSO PSO-GD PSO-Linear PSO-Nonlinear

Parameters

Population size 130.
Inertia weighs 0.4.
Velocity range [−0.1, 0.1];
Learning factor [0.5, 2.5]

Population size 130.
ω′

min = 0.45,
ω′

max = 0.76;
Velocity range
[−0.1, 0.1].
c′max = 1.12,
c′min = 0.62.

Population size 130.
Inertia weighs 0.4.
Velocity range [−0.1, 0.1]
Learning factor [0.5, 2.5]

Population size 130.
Inertia weighs 0.4.
Velocity range [−0.1, 0.1]
Learning factor [0.5, 2.5]

Algorithms DE GA SA WOA

Parameters
Population size 130.
Scaling factor 0.5.
Crossing probability 0.8

Population size 130.
Probability of crossover 0.8.
Probability of variation 0.01

Initial temperature 100.
Cooling rate: 0.95

Population size 130.
Spiral constant b = 1.
Coefficient a: 2 to 0.
Coefficient a2: −1 to −2.
p = rand.

Additionally, the same initialization strategy is applied to these eight algorithms: that
is, SOC is randomly initialized within the range of [0, 1], and the first and last SOC values
are forced to be 0.4. The termination condition for all these eight algorithms is to iterate to
the maximum number of iterations. The constraint processing methods are all set as SOC
boundary constraints and grid interaction power limits.
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The statistical results of the optimal economic cost with different algorithms for
50 runs of calculations in one typical day are shown in Table 8. The optimal economic cost
of PSO-GD both in the mean and standard deviation values is lower than other algorithms.
Conversely, the optimal economic cost of SA is the highest (3611.34 CNY), CNY 84.89 higher
than that of PSO-GD. SA has the potential to be used for global search, but, in practical
applications, its selection, crossover and mutation operations may cause the algorithm to
converge prematurely, resulting in the solution not being globally optimal. In such complex
issues as economic dispatch microgrids, the premature convergence of SA prompts high
economic costs. Compared with SA, the optimized energy scheduling strategy calculated
by PSO-GD reduces the economic cost by CNY 84.89.

Table 8. The optimal economic cost with different algorithms in one typical day.

Algorithms PSO-GD PSO PSO-
Linear

PSO-
Nonlinear GA SA DE WOA

minF Mean/CNY 3526.45 3556.86 3542.64 3542.64 3552.99 3611.34 3545.26 3530.62
Standard deviation 7.09 20.38 9.28 18.95 22.89 26.08 19.44 14.66

Meanwhile, to further verify the improvement effectiveness, the algorithms of PSO-GD
and PSO are, respectively, used to calculate the cases to make comparisons. The parameters
of these two algorithms are set consistently: that is, the population size is 139 and the
maximum number of iterations is 130. Table 9 presents a comparison of the results of
PSO-GD and PSO daily for 30 days in this case study.

Table 9. Comparison of optimal economic cost between PSO-GD and PSO.

Date
The Optimal Economic Costs/CNY

Variation/CNY
PSO PSO-GD

1 June 2279.19 2272.76 6.42
2 June 2407.40 2404.37 3.03
3 June 3568.51 3566.69 1.81
4 June 2128.54 2126.68 1.86
5 June 2950.32 2952.01 −1.69
6 June 3083.58 3081.19 2.39
7 June 1984.41 1976.40 8.01
8 June 2694.03 2689.30 4.73
9 June 2734.90 2720.50 14.40
10 June 1579.85 1569.72 10.13
11 June 2145.23 2135.47 9.75
12 June 3049.06 3048.68 0.38
13 June 3007.96 3000.21 7.76
14 June 1896.05 1887.13 8.92
15 June 2215.06 2214.29 0.77
16 June 1960.10 1948.06 12.04
17 June 2602.04 2601.66 0.38
18 June 2821.16 2832.42 −11.26
19 June 1807.61 1807.38 0.23
20 June 2278.43 2266.59 11.84
21 June 2789.87 2754.29 35.58
22 June 1560.97 1557.78 3.19
23 June 2998.08 2996.35 1.74
24 June 1889.41 1874.08 15.33
25 June 2313.15 2306.91 6.24
26 June 1728.59 1719.92 8.66
27 June 2107.52 2110.77 −3.25
28 June 2124.12 2111.63 12.48
29 June 3866.65 3867.03 −0.38
30 June 1905.46 1898.27 7.19

Combined with the comparative analyses of this case, this proves that PSO-GD can
more effectively reduce the economic cost and shows better performance than PSO, GA,
SA, DE and WOA in optimizing the economic dispatch of microgrids.
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4.2. Performance Analyses of Algorithms
4.2.1. Robustness Analysis

To verify the robustness of the improved particle swarm optimization algorithm under
uncertain conditions, the situation of load fluctuations indicated by the randomness and
volatility of charging electric vehicle loads and grid electricity price were analyzed in this study.

Different numbers of charging electric vehicles (such as 50, 200, and 400) were selected
to analyze the optimal costs calculated by PSO-GD, PSO, PSO-linear, PSO-nonlinear, GA,
SA, DE and WOA. As shown in Table 10, it was found that the optimal economic cost of
PSO-GD is lower than that of other algorithms under different load fluctuations, indicating
the strong robustness of PSO-GD.

Table 10. The optimal costs with different numbers of charging electric vehicles.

50 Vehicles 200 Vehicles 400 Vehicles

Cost of PSO-GD (CNY) 2494.1 3528.5 5036.2
Cost of PSO (CNY) 2506.6 3556.8 5063.3

Cost of PSO-linear (CNY) 2496.4 3542.6 5053.1
Cost of PSO-nonlinear (CNY) 2496.1 3542.6 5052.5

Cost of GA (CNY) 2513.6 3552.9 5124.7
Cost of SA (CNY) 2548.8 3611.3 5139.1
Cost of DE (CNY) 2506.7 3545.2 5054.1

Cost of WOA (CNY) 2520.4 3570.6 5080.4

Meanwhile, the uncertainty of grid electricity price was also analyzed by establishing
three electricity price scenarios, namely, THE baseline scenario, high electricity price
scenario and low electricity price scenario, which are, respectively, the benchmark priceS
of Xiaoshan District, 20% increased based on the baseline scenario, and 20% decreased
based on the baseline scenario. Table 11 shows the optimal costs of the eight algorithms for
different electricity price scenarios. The results show that, under the three electricity price
levels, the PSO-GD algorithm can stably obtain a lower dispatching cost with the least cost
fluctuation among these algorithms, fully demonstrating the robustness of PSO-GD under
the condition of electricity price uncertainty and being able to better adapt to the actual
electricity market.

Table 11. The optimal cost under different electricity price scenarios.

Low Electricity
Price Scenario

Baseline
Scenario

High Electricity Price
Scenario

Cost of PSO-GD (CNY) 2866.7 3528.5 4161.4
Cost of PSO (CNY) 2900.1 3556.8 4197.3

Cost of PSO-linear (CNY) 2869.2 3542.6 4174.7
Cost of PSO-nonlinear (CNY) 2869.2 3542.6 4163.1

Cost of GA (CNY) 2884.8 3552.9 4200.8
Cost of SA (CNY) 3114.3 3611.3 4576.3
Cost of DE (CNY) 2889.1 3545.2 4180.7

Cost of WOA (CNY) 2869.2 3570.6 4162.7

4.2.2. Convergence Analysis

To verify the convergence of the improved particle swarm optimization algorithm, the
comparison of the convergence of the eight algorithms has been conducted using specific
data. All algorithms were run with the parameter’s settings described in Table 7 and
averaged over 50 runs. Table 12 shows the number of iterations when these algorithms
iterate to the optimal cost. Figure 8 shows the comparison of convergence curves with eight
algorithms. The statistical results showed that the proposed PSO-GD algorithm converges
after 64 iterations, which is significantly less than the number of iterations required for
convergence by other algorithms. It indicated the better convergence performance of PSO-
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GD compared to the others, with fast convergence speeds and a high degree of stability,
which is of great significance for efficiency improvements in practical applications.

Table 12. The number of iterations for optimal cost with eight algorithms.

PSO PSO-GD PSO-
Linear

PSO-
Nonlinear GA SA DE WOA

Average number of iterations 100 64 100 95 91 81 99 83

Figure 8. Comparison of convergence curves with eight algorithms.

4.3. Microgrid Economic Dispatch Strategy

Based on the data for a typical day in this study, the optimal microgrid economic dispatch
strategy was calculated based on PSO-GD to achieve the lowest economic cost within a single
day under the condition of meeting the constraint conditions, shown in Figure 9.

Figure 9. A typical daily microgrid economic dispatch strategy.

Figure 9 shows that the period from 7:00 to 18:00 is the output stage of photovoltaic
power. During this period, power is mainly supplied by photovoltaic power and the main
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grid. From 14:00 to 22:00, due to the increase in load demand, energy storage devices are
supplemented to increase the power supply. During the period from 19:00 to 22:00, PV does
not supply power. It is the peak electricity price period, and the power supply is jointly
provided by energy storage devices and the main grid. During the period from 23:00 to
6:00 the next day, PV does not supply power. This is the off-peak electricity price period, so
power is only supplied by the main grid and the energy storage devices are charged during
this period.

5. Discussion
5.1. Main Findings

The proposed PSO-GD algorithm demonstrates significant advantages in optimizing
the economic dispatch of renewable-integrated microgrids, particularly under the uncer-
tainties inherent in highway service area scenarios. The superior performance of PSO-GD,
characterized by lower operational costs, faster convergence, and enhanced robustness, can
be attributed to its innovative parameter adjustment strategies: the Gaussian decrement
inertia weight ensures strong global search capabilities in the early iteration stage and
refined local optimization in the later stage, while the asymmetric dynamic learning factors
effectively prevent premature convergence, allowing particles to escape local optima. This
addresses a critical limitation of standard PSO and other heuristic algorithms, such as their
tendency to stagnate in suboptimal solutions when handling complex constraints such as
renewable energy uncertainty and disorderly electric vehicle (EV) charging.

Specifically, the constructed microgrid model, integrating photovoltaic, energy stor-
age, and electric vehicle loads, effectively captures the actual operation characteristics
of expressway service areas, which is in line with the modeling framework of previous
research for electric vehicle charging stations [33] but extends it by incorporating time-
varying renewable energy uncertainties. The PSO-GD algorithm reduces the operational
cost by 0.8–2.5% compared to the standard PSO, GA, SA, DE, and WOA, which is consistent
with the conclusions of a previous study that adaptive adjustments in PSO parameters
can significantly lower comprehensive costs [14]. The accelerated convergence speed of
PSO-GD (converging at 64 iterations on average, much faster than other algorithms) can
be attributed to the Gaussian decrement strategy of inertia weight. The advantage of this
strategy is more prominent than the linear or nonlinear decrement methods in a hybrid
PSO-SA algorithm in a previous study [16]. The enhanced robustness of PSO-GD under
varying conditions (fluctuating EV numbers and electricity prices) confirms its potential in
handling microgrid complexity, as highlighted in one previous study on multi-microgrid
resilience [11], but the current study further improves this adaptability through dynamic
parameter tuning.

Notably, the practical relevance of the proposed approach is underscored by its adapt-
ability to real-world scenarios. By integrating detailed models of photovoltaic (PV) gener-
ation, energy storage systems (ESS), and EV charging loads (each tailored to the specific
characteristics of expressway service areas), it bridges the gap between theoretical optimiza-
tion and on-site operation in this study. This aligns with the conclusions of Luo et al. [4],
who emphasized that accurate modeling of renewable energy and storage systems is cru-
cial for reliable microgrid dispatch. Additionally, the inclusion of time-of-use electricity
prices and grid interaction constraints ensures that the dispatch strategy aligns with actual
market mechanisms, while the Monte Carlo simulation for EV charging loads captures the
stochastic nature of user behavior, enhancing the model’s realism.
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5.2. Limitations and Future Directions of Verification

The energy and load characteristics of the Xiaoshan service area present a medium
level of the penetration rate of renewable energy, which cannot cover different penetration
scenarios. In addition, the validation data are real operation data, so it is difficult to fully
verify the stability of the method under extreme conditions.

Future research will be improved in terms of scenario data expansion, based on the
validation of the Xiaoshan service area, to expand the scope of application of the model
and compare the scheduling accuracy, cost control, and power supply reliability of the
algorithm under different energy structures.

5.3. Application Framework

A multi-level implementation framework will be constructed based on actual needs,
forming a closed loop of “data prediction–optimization–implementation–feedback” to
ensure the practicality of the algorithm. The core logic of the algorithm is transferred to
microgrids such as industrial parks and communities. The objective function is adjusted
according to the characteristics of the scenarios and combined with new energy systems
such as wind power and hydrogen energy to test the optimization effect of the algorithm in
renewable-integrated scenarios. A general dispatching scheme will be gradually formed.

6. Conclusions
The aim of this study is to explore the economic dispatch optimization of renewable-

integrated microgrids in transportation systems by establishing mathematical models in
microgrid systems. By comprehensibly considering the uncertainty of the output of renew-
able energy, the disorderly charging characteristics of electric vehicles and the economic
requirements of the power grid, an optimization strategy based on the improved particle
swarm optimization algorithm of Gaussian decreasing is proposed.

Taking the minimization of economic costs as the objective function, combined with
constraints such as power balance and energy storage state of charge conditions, an opti-
mized framework that suits actual scenarios was constructed. On this basis, to effectively
solve this optimization model, the algorithm of PSO-GD was proposed by improving the
parameters of the Gaussian decreasing inertia weight and asymmetric dynamic learning
factors. Results of case analyses of energy systems from Xiaoshan Service Area in Hangzhou
show that PSO-GD is significantly superior to other algorithms in terms of economic cost,
convergence speed and parameter robustness.

The methodological innovations and contributions of this study are summarized. The
Gaussian decrement inertia weight design provides a mathematically rigorous approach to
balance global exploration and local exploitation. By modeling inertia weight as a Gaussian
function of iterations, PSO-GD retains high inertia weights in early stages to explore the
solution space broadly (which is critical for handling uncertainties from PV, EVs, and grid
prices), while smoothly transitioning to lower weights in later stages to refine optimal
solutions. This nonlinear adaptation mechanism overcomes the limitations of linear or
parabolic decrement strategies, which often fail to adapt to the dynamic cost landscape of
microgrid dispatch. The integration of asymmetric dynamic learning factors enhances the
ability of algorithms to escape local optima. By adjusting individual cognition and social
interaction dynamically, PSO-GD avoids swarm stagnation, a common issue in standard
PSO with fixed symmetric factors. This adaptability ensures robust performance across
diverse scenarios, from low EV penetration (50 vehicles) to high load fluctuations (400 vehi-
cles), and under varying electricity price regimes. The proposed algorithm establishes a
new paradigm for solving complex economic dispatch problems in renewable-integrated
transportation systems. By integrating microgrid component models (PV, ESS, EVs) with
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a dynamic optimization framework, PSO-GD not only minimizes operational costs (up
to 3.2% lower than traditional algorithms) but also ensures computational efficiency (20%
faster convergence) and constraint satisfaction. This method provides a transferable math-
ematical framework for optimizing energy systems where multi-source uncertainty and
multi-constraint coupling are prevalent.

In conclusion, PSO-GD advances the field of intelligent optimization for energy sys-
tems by introducing a parameter-adaptive mechanism that is both theoretically grounded
and practically viable. It demonstrates that leveraging nonlinear dynamic parameters in
swarm intelligence algorithms can significantly enhance their applicability to real-world
energy dispatch problems for the more efficient, resilient, and cost-effective integration of
renewable energy into transportation and urban infrastructure.
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