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Abstract: In wind power, energy storage systems (ESSs) are widely used to address power fluctuations
and grid connection risks. However, optimizing the configuration of these systems presents a significant
challenge. This paper introduces a novel approach, namely the adaptive particle swarm optimization
(APSO), which offers several key advancements. First, it introduces a novel linear inertia weight
mechanism based on the sine function, which dynamically adjusts the search behavior of particles
across different optimization stages. Second, it incorporates a hybrid update strategy that integrates
Levy flight, quasi-opposition-based learning, and global best guidance, enabling the algorithm to
adaptively switch among different search modes. Third, an immigration operator is designed to facilitate
information exchange between two subpopulations, enhancing thr search diversity and preventing
premature convergence. Additionally, the algorithm is applied to both the optimal configuration and
scheduling models of ESSs, demonstrating its effectiveness in reducing the system’s costs, stabilizing
wind power output, and mitigating grid connection risks. The proposed APSO is validated against several
established algorithms using a comprehensive test suite comprising 92 benchmarks, showing competitive
or superior performance in most cases and confirming its practical value in ESS optimization.
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1. Introduction

According to the presence or absence of energy storage devices, smooth power output schemes are
mainly divided into two categories, namely, smooth power output schemes containing energy storage
devices and smooth power output schemes without energy storage devices [1]. A smooth power output
scheme without energy storage equipment mainly relies on the adjustment ability of the equipment
itself for smoothing power, which is relatively limited, and the addition of energy storage equipment
will greatly improve the ability to output power smoothly [2]. In the past, the development of energy
storage in China has mainly concentrated on pumped storage energy, whereas in recent years, attention
to all kinds of energy storage equipment has gradually increased. At the national level, many polices
have been officially released, proposing that the market trading mechanism and price mechanism of
energy storage should be improved, indicating that policies for energy storage should be established
and that power companies that configure their energy storage facilities should be helped to participate
in the auxiliary service market and the power spot market [3]. Energy storage devices such as battery
energy storage systems (BESSs) [4], have several advantages, such as high efficiency, fast response,
low maintenance, compact size and ease of installation. Therefore, a BESS is the most commonly used
ESS to smooth wind power output [5]. Figure 1 shows the structure of the system used in this paper,
which helps us obtain a better understanding of the role of the ESS and its place in the overall system.
Meanwhile, with the depletion of conventional energy sources, there is a growing need to transition
towards clean energy sources.
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Figure 1. The structure of the overall system containing an ESSs.

Wind power has emerged as a prominent renewable energy option [6]. However, wind power
generation’s intermittent and unpredictable nature leads to significant fluctuations linked to wind speed.
The power produced by wind turbines can vary widely due to changes in wind speed, causing fluctuations
that complicate the grid’s stability [7]. This introduces significant challenges for ESSs in terms of both
storage capacity and discharge capabilities. Energy storage devices must efficiently absorb the excess
power generated during high wind periods and release it when wind power generation is low, thereby
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ensuring that the grid maintains a stable supply of power [8]. However, this process requires a highly
responsive ESSs that is capable of handling the rapid fluctuations in wind generation. Another challenge
lies in the degradation of ESSs’ performance over time, particularly in BESSs, where the repeated
charge and discharge cycles can reduce the system’s efficiency and lifespan [9]. The optimal sizing and
placement of ESSs within wind power systems are also crucial for minimizing these degradation effects
while ensuring that energy storage can effectively smooth out wind power fluctuations. Furthermore,
energy losses during energy storage and discharge cycles can reduce the overall efficiency of the system,
making it more difficult to achieve cost-effective integration of wind power.

These fluctuations pose challenges to the stability of power grid operations and result in harmonic
pollution [10, 11]. To ensure the safety and reliability of power grid operations, various methods and
strategies for ESSs have been proposed in many studies to address the challenges posed by wind power
fluctuations and its integration.

For instance, a control strategy was proposed to reduce wind power fluctuations using a
battery-supercapacitor hybrid energy storage system (HESS) [12]. This approach utilizes self-adaptive
wavelet packet decomposition technology and a two-stage method for distributing power reference
signals. A new robust dynamic-wavelet-enabled approach was designed for wind power smoothing by
utilizing the HESS [13]. This approach effectively addresses wind power’s uncertainty.

The improved sailfish algorithm was used to address the economic scheduling problem of power
system and achieve lower operation costs [14]. The algorithm and some similar applications [15, 16]
imply the possibility of applying the optimization algorithm so the optimal configuration of ESSs
can be explored. The lightning search algorithm (LSA) [17] was used for the installation of wind
power generation models [18] and the optimization of radial distribution networks with multiple
distributed generators (DGs) and distributed static synchronous compensators (DSTATCOMs) [19].
Heuristic algorithms are commonly used to solve the optimal configuration problem of energy storage
systems, which involves selecting the appropriate storage capacity, type, and location while ensuring
the system’s stability. For instance, the particle swarm optimization (PSO) algorithm has been applied
in wind power systems to determine the optimal storage capacity and the placement of storage devices,
thereby enhancing the system’s ability to regulate wind power fluctuations and reducing costs [20].
By continuously optimizing the parameters, PSO can effectively find the optimal solution for energy
storage systems’ configuration. Therefore, we focus on PSO, one of the most well-known optimization
algorithms.

PSO, first introduced in 1995 by Kennedy et al. [21], is a nature-inspired evolutionary algorithm.
PSO conceptualizes each candidate solution to an optimization problem as a bird or particle. The group
of particles, also known as a swarm, navigates the D-dimensional search space inherent to the problem.
The position of a particle is influenced by both its individual experiences and those of its neighboring
particles. The insufficient use of population information has exhibited several drawbacks, impacting
not only scientific research but also various engineering applications [22]. Therefore, a variant of
PSO that called the comprehensive learning particle swarm optimizer (CLPSO) [23] was proposed.
This method uses an innovative learning strategy in which the historical best information of all other
particles is utilized to update the velocity of a given particle. Nasir et al. [24] further extended the
CLPSO algorithm by delimiting the exemplar particle to a dynamic neighborhood. Another dynamic
neighborhood-based switching PSO (DNSPSO) [25] algorithm was also proposed. In this approach, a
novel velocity updating mechanism is crafted to adapt the personal best position and the global best
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position based on a distance-dependent dynamic neighborhood. This is devised to fully leverage the
population evolution information within the entire swarm.

At the same time, the fixed parameters of ¢; and ¢, and inertia weights of canonical PSO cannot be
adjusted with the population update. Therefore, besides exploiting the information within the population,
PSO researchers also proposed parameter-based techniques for performance improvements [26, 27].
Shi and Eberhart [28] observed that introducing an inertia weight in the velocity component of the PSO
algorithm generally accelerates convergence. Therefore, the iteration equation incorporating an inertia
weight was adopted in subsequent PSO variants. Taherkhani and Safabakhsh [29] introduced a PSO
variant where the inertia weight for each dimension of a particle varied, with its values determined
by the performance of the particle and the distance from its historical best position. A chaos-based
nonlinear inertia weight called modified particle swarm optimization (MPSO) was proposed by Liu
et al. [30]. A PSO variant was proposed by Meng et al. called PSO-sono [31] for single-objective
optimization, which included novel adaption schemes for the ratio of each paradigm, and constriction
coeflicients are proposed during each iteration.

In addition to the aforementioned studies, numerous related works have also explored
optimization-based strategies and advanced control frameworks for improving the performance of
ESSs and wind power integration. For instance, model predictive control (MPC) methods [32] have
been adopted to enhance dynamic performance and reduce ramping fluctuations in wind power systems,
while multiobjective optimization frameworks have been used to simultaneously address systems’
cost, stability, and reliability. Furthermore, several PSO extensions—such as multi-swarm PSO [33],
quantum-behaved PSO [34], and hybrid PSO-GA [20] have been used for renewable energy scheduling,
ESS sizing, and grid-support service optimization, demonstrating the increasing importance of intelligent
optimization in complex power system applications. These additional advancements highlight the strong
potential of combining ESS technology with enhanced swarm intelligence algorithms. Motivated by
these findings, this paper further develops an improved PSO method. Specifically, the adaptive PSO
(APSO) incorporates a linear inertia-weight adjustment mechanism, hybrid iterative paradigms, and
dynamic weighting strategies to balance exploration and exploitation more effectively and to utilize
the population information more comprehensively. This design aims to achieve better optimization
performance and to improve the ESS’s configuration efficiency.

In summary, PSO has the potential to enhance its performance in addressing single-objective
optimization problems through three key strategies. First, by adopting a new update iterative paradigm
containing different strategies , the algorithm can effectively leverage the population’s information.
Second, improvements can be made to the coefficients of the iterative paradigm, incorporating adaptive
schemes for enhanced performance. Lastly, refining the overall algorithm framework and strategies
used at different stages can contribute to improved efficiency.

In this paper, we propose a PSO variant called APSO featuring a linear inertia weight scheme and
hybrid paradigms for optimizing the configuration of an ESS. The key highlights of the algorithm
include the following.

1. Introduction of a sine-based linear inertia weight update scheme, dynamically adjusting the search
step and search speed of particles during iteration updates. This mitigates premature convergence,
ensuring a balance between exploration and exploitation.

2. Proposal of a hybrid update paradigm that integrates multiple strategies, including Levy flight
for global exploration, global best guidance for directed search, and quasi-opposition-based learning
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for local refinement. This allows the algorithm to adapt its search behavior on the basis of the current
optimization state.

3. Implementation of a dual-subpopulation framework with an immigration operator, which promotes
information sharing and enhances the population’s diversity. This mechanism helps the algorithm escape
local optima and makes more effective use of population information.

4. Application of the algorithm to the optimal configuration of an ESS, resulting in cost reduction,
stabilization of wind power, and a decreased wind power grid connection risks.

5. Performance verification experiments involve testing the algorithm on four test suites for real
parameter single-objective optimization, including a test suite of 23 classic benchmarks [35], and the
CEC2013 [36], CEC2017 [37], and CEC2022 test suites [38].

The subsequent sections of the paper are organized as follows. In Section 2, we provide a brief
review of several PSO variants and contrasting algorithms relevant to this study and the model of the
optimal configuration and optimal scheduling of the ESS. In Section 3, we introduce the framework
and details of the proposed APSO algorithm. In Section 4, we validate the algorithm’s performance on
various test suites and apply it to optimize the configuration of the ESS. Finally, our conclusions are
summarized in Section 5.

2. Related works

In this section, this paper provides a comprehensive overview of the optimal configuration and
optimal scheduling of the ESSs, including their mathematical models. Several closely related PSO
variants, including the modified PSO with chaotic-based inertia weight (MPSO), the comprehensive
learning PSO (CLPSO), and the snake optimizer (SO) [39], will be reviewed.

2.1. Optimizing the configuration of the ESS

At present, the mainstream energy storage configuration methods can be divided into the configuration
method based on sequential operation simulation, the deterministic configuration method, and the
uncertain configuration method [40]. The deterministic configuration method [41] takes the rated
power and rated capacity of the ESS as the decision variables of the model, based on the deterministic
assumption of data samples combined with the historical operating data of the system, and establishes a
renewable ESS model that optimizes the energy storage configuration considering economy or technology.
Then a suitable solution algorithm is adopted to get the optimal configuration result for energy storage.

The operational efficacy and economic benefits of an optimally configured ESS are fundamentally
dependent on the precise management of its core component, the battery. Advanced algorithms for
real-time state estimation, such as the state of charge (SOC) and state of power (SOP), are crucial in this
context. Recent research has focused on enhancing the accuracy and robustness of these estimations
under varying conditions. For instance, Wang et al. developed a square root-untraced Kalman filtering
strategy with full-parameter online identification for the joint evaluation of the SOC and SOP [42].
Another study introduced an improved multifeature electrochemical thermal coupling model for reliable
SOC prediction at low temperatures [43], while a separate approach utilized a PSO with an adaptive
square root cubature Kalman filter to achieve high-precision SOC estimation [44]. The high-fidelity
state information provided by such methods is indispensable for implementing the effective scheduling
strategies discussed subsequently.
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In the electricity market, wind power forecasting and energy storage scheduling strategies play
crucial roles in transactions involving power sales and purchases [45]. Wind power forecasting assists
wind power systems in better understanding future wind energy production, enabling the formulation
of rational strategies for buying and selling electricity. On the other hand, energy storage scheduling
strategies help ESSs more effectively manage energy storage and release, facilitating more balanced
supply and demand, reducing costs, and enhancing efficiency [46].

Researchers have made many attempts to deal with the wind power output problem succinctly
and efficiently in the optimal scheduling model. These can be divided into deterministic models,
probabilistic models, fuzzy models, and so on [41]. Deterministic models use deterministic methods,
such as simulation models based on physical models. The model uses mathematical formulas to build a
physical model of the wind turbine, describing its physical behavior and using the known conditions to
predict the power output of the wind turbine.

Many researchers have made novel contributions to the optimal configuration and scheduling of
ESSs, and some important studies are summarized in Table 1.

Table 1. Related works about optimizing the configuration of wind power ESSs.

Literature System Optimizer Purpose Contribution
[47] HESS X Smooth fluctuations EEMD
[48] DBESS X Smooth fluctuations DBESS
[13] HESS X Smooth fluctuations Robust dynamic wavelet-enabled approach
[12] HESS X Smooth fluctuations Novel control strategy
[49] HESS X Smooth fluctuations A probabilistic approach
[50] HESS X Smooth fluctuations Novel configuration algorithm
[51] BESS X Smooth fluctuations Novel control strategy
Our work BESS APSO Smooth fluctuations APSO

2.2. The model of optimal configuration of an ESS for mitigating wind power fluctuations
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Charge
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Figure 2. Brief schematic diagram of the principle for mitigating fluctuation.

As shown in Figure 2, the ESS is charged when the original output power is greater than the desired
output; otherwise, it is discharged. This strategy aims to address the inherent variability in wind
power generation, ultimately enhancing its reliability and stability [52]. This section comprehensively
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considers the revenue of reducing wind curtailment after configuring energy storage, the penalties for
mitigating insufficiency, and the costs associated with adding ESSs. The objective function is formulated
to minimize the total cost of the ESS, with the optimal energy storage capacity determined as the one
that achieves this minimum cost.

2.2.1. Objective function

min F = Cinv + Com + Clack + Cabandon + Creca (21)

where we have the initial investment cost C;,, , the operational cost C,,, , and the penalty for insufficient
suppression Cj, . Additionally, the symbol Cpuu40, Signifies the cost associated with wind power
curtailment, while C,.. represents the full lifecycle cost of the battery used in the ESS. The calculation
of the initial investment cost is as follows:

Ciny = CgCps + CpPgs, (2.2)

where the notations Cgg and Pgg represent the rated capacity and rated power of the ESS, respectively.
The unit capacity and unit power costs of the ESS are denoted as Cr and Cp .

The lifecycle cost of the battery used in the ESS is calculated by using the rainflow counting method [53].
This involves assuming a maximum cycle count of Ny max and a depth of discharge x . The battery’s
cycle count and depth of discharge characteristics are determined by its external specifications. The
battery’s lifecycle is closely related to its operating conditions. The deeper the depth of discharge x , the
shorter the cycling life. The equivalent cycle count for the battery is defined as

N, bess,max
NBess(x)

Here, the cycle count of the battery at a depth of discharge x is denoted as Np,(x), and the notation
w(x) signifies the equivalent number of cycles for the battery at a depth of discharge x , assuming that it
is equivalent to the number of cycles under full charge discharge conditions.

Assuming that the battery undergoes m charge—discharge cycles per day, with each cycle having a

(2.3)

w(x) =

depth of discharge x;, j = 1,2,--- ,m . The equivalent cycle count for the battery can be calculated as
follows: .
Np =) w(x)). (2.4)
j=1

Therefore, the operational lifespan of the battery Tppss = N besssmaX/365 Ny - measured in years. The
cycle count at the depth of discharge Np,(x) is given by

asx

Npess(x) = a) + aze®™" + ase®™”, (2.5

where the symbols a; to as are determined by the battery’s own parameters. Given the cycling life of
a specific model of lead—acid battery at different depths of discharge [54], we performed curve fitting
based on the data in the paper and obtained the values for a; to as . The number of ESS replacements
during the project’s lifespan & is given by

T
=

- )
T'gess

(2.6)
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where the project’s lifespan is denoted as T . The lifecycle cost of the battery can be expressed using
the following formula:
Crec = (kprPHN + kerEHN)(g + D + r)—T’ 2.7)

where the notations k,, and k., are the unit power handling cost and unit capacity handling cost,
respectively. Additionally, Pyy and Eyy denote wind power and the ESS’s capacity.

The operation and maintenance costs of an ESS refer to the expenses required to maintain the
system’s normal operation. These include the costs for equipment maintenance, monitoring, and
control, as well as management and insurance fees. When C,,, is difficult to determine, it is typically
approximated on the basis of a certain percentage of the initial investment.

Com = PEs Comp + CesComes (2.8)

where the symbols C,,,, and C,,,, represent the unit power and unit capacity operation and maintenance
costs of the ESS. Accounting for the time value of money, the economic cost of the ESS is converted
into an equivalent annual cost C, calculated as follows:

dy(d, + 1)’

IR ST R e

where d, represents the discount rate, and 7 is the system’s lifespan. Meanwhile, the fraction

T
di(d, + 1) /(dr + DT -1 is the capital recovery factor. The penalties for mitigating insufficiency and
wind power curtailment costs are given by

Clack + Cabandon = a'Elack + ,BEabandona (2 10)

where the notations @ and S represent the unit penalty costs for mitigating insufficiency and wind
curtailment. In Equation (2.10), the symbols E,.x and E pu.q40n, are the annual quantities of mitigating
insufficiency and wind curtailment.

Taking into account the economic cost of the ESS, the penalty for mitigating insufficiency, and the
penalty for wind power curtailment, the objective function for the optimization of the ESS configuration
is given by

min F' = C + aEjye +ﬁEaband()n + Crec- (2.11)

2.2.2. Constraints

To ensure compliance with national grid standards for wind power, this paper uses a sliding average
filter to determine the expected wind power output, denoted Pg(f) and expressed as

T
+3

1
Pe) =7 >, R, (2.12)

k=t—(L-1)

where the original wind power output at time k is denoted by R(k) . At time ¢, the expected wind power
output is denoted as Pg(#). The symbol T represents the length of the sliding average window. By
choosing an appropriate value for 7', wind power output can be effectively smoothed while ensuring
compliance with national grid standards, avoiding excessive or insufficient smoothing. In this section,
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the ESS’s capacity for limiting wind power fluctuations is expressed as a constraint, where the wind
power fluctuations under any different sliding average window during the operational cycle should not
exceed 15%. The charging and discharging output capabilities of the ESS are given by the following
formulas:

P.(f) = min {Pc, B- St(t),max{O, R(t) - D(t)}} , (2.13)
P,(t) = min {Pd, %8, max{0, D(t) — R(t)}} , (2.14)

where the wind power generation at time 7 is denoted as R(?), the load power at time ¢ is denoted as
D(t), and the notation S (¢) represents the state of charge at time 7 . Additionally, max{0, R(¢) — P,(?)}
represents the charging demand of the ESS when there is a power surplus. Meanwhile, the maximum
charging power is denoted as P., the notation B is the maximum capacity of the ESS, and 7 is the
charging efficiency. The maximum charging power is denoted as B-S§ (t)/,7 A to ensure that the ESS
does not exceed its maximum capacity during the charging period.

Similarly, the notation max{0, P,(t) — R(¢)} represents the discharge demand of the ESS during power
shortage, the maximum discharge power is denoted as P, . The discharge efficiency of the ESS is
represented by 8, while the notation S (t),B/At ensures that the ESS does not fall below the minimum
capacity during discharge.

Since the charging and discharging processes of the ESS cannot occur simultaneously, the model
satisfies the following equation:

Py@)-P.(t) =0. (2.15)
The SOC of the ESS is calculated as follows:
Pyt
S+ 1) =nP(t)At — dﬁ( )At + S (1), (2.16)

where the notation S (¢) represents the S OC at time ¢ . Additionally, the S OC of the system is subject to
constraints on the state of charge of the ESS.

SOCpax = S(1) 2 S OC iy, 2.17)

where the upper and lower limits of the S OC of the energy storage battery are denoted as S OC,,x and
S OCyn , respectively.

Given this description, the optimization problem for configuring the ESS to mitigate wind power
fluctuations can be formulated as follows.

Minimize
F=C+ aElack +ﬁEaband0n + Crec’ (218)

subject to

1 t+7
Pry== ) Rk, (2.19)
k=t—(L-1)
- B-S(

P.(t) = min {Pc, ( ),maX{O, R() - D(t)}} , (2.20)
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- S
P,(f) = min {Pd, (A:ﬁ “max{0, D(t) — R(t)}}, 2.21)
Py(t) - P.(t) = 0, (2.22)
P
S+ 1)=nP.(t)At — dlB(l)At +S(), (2.23)
SOChax = S(t) = SOChn. 2.24)
where ,
d.(d, +1
= )t Con, (2.25)
d +1) -1
aElack +,8Eaband0n = Clack + Cabandon’ (226)
Crec = (kprPHN + kerEHN)(g + 1)(1 + r)_T~ (227)

2.3. The model of optimal scheduling of the ESS combined with short-term power predictions

The core idea of establishing an energy storage optimization system considering wind power
forecasting and power purchase agreement mechanisms in this section is to minimize the total cost
over the planning period. This is achieved by optimizing the charging and discharging operations of
the ESS during appropriate time periods. Additionally, through optimal energy control strategies that
involve buying and selling electricity in the electricity market, the system aims to enhance the operator’s
revenue and maximize the utilization of wind energy resources.

2.3.1. Objective function

In the studied optimization model, we have the following objective function:

min F = C = Crevenves (2.28)
where the symbol
d(d, +1)"
= )k Co, (2.29)
d+1) -1

is the total energy storage cost, C;,, and C,, are the initial investment cost and operational cost,
respectively. Meanwhile, in the objective function in Equation (2.28), the parameter C, ¢ 1S

T T
Crevenue = Z Psale(l) X psale(t) - Z Ppurchase(l) X ppurchase(t)’ (230)

t=1 =1
where the symbol d, represents the discount rate, and Y is the system’s lifespan. In Equation (2.29), the
fraction 4r(d: + DY/(dr 4+ 1)Y — 1 is the capital recovery factor. Moreover, Creenie Tepresents the total
revenue from buying and selling electricity in the power market throughout the year. The symbol P, ()
is the amount of electricity sold to the power market at time ¢, and P ,,crqs5.(?) 18 the amount of electricity
bought from the power market at time. Meanwhile, py. () and p . chase(t) are the selling and buying
prices of electricity, respectively, at time .
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2.3.2. Constraints

The constraint conditions for the ESS are similar to those in last section. The difference lies in the
expectation that the output in this section corresponds to the actual load demand. The charging and
discharging output capabilities of the ESS are defined by the following formulas:

P.(t) = min {I_’c, B- S(t), max{0, R(t) - D(t)}} , (2.31)
P,(t) = min {Pd, %8, max{0, D(t) — R(t)}} . (2.32)

Here, the generated power of the wind farm at time 7 is given by R(#), and the power demand at time ¢ is
denoted as D(7).

2.3.3. Indicators

In our model, the reliability of the system is measured through the loss of power supply expectation
(LOPSE), which is the expected quantity of energy shortage compared with D(¢), which is calculated as
follows:

T
LOPSE = % ; max{(D(t) — P,.(1)), 0}, (2.33)

where the symbol P,,,(¢) represents the final output of the ESS at time ¢. The renewable energy utilization
rate is determined by the following formula:

—_ SL min{D(?), P,.(t)}At
kG = ST R(OAL '

(2.34)

2.3.4. Two-stage scheduling strategy

Under an appropriate energy storage configuration, the wind power ESS ensures the smoothness of
its output, avoiding curtailment caused by wind energy uncertainties. However, such an operational
strategy comes with higher economic costs. When interacting with the electricity market, the economic
advantages of the ESS are not fully realized. Therefore, this paper proposes an energy control strategy
that considers wind power predictions and power purchase agreements to balance the economic efficiency
of the ESS with the stability of wind power. The wind power prediction model used here is a short-term
wind power prediction model based on an improved Markov model proposed by Wang et al. [55].

The wind power energy storage system operates in two stages: The scheduling stage and the
adjustment stage. In the scheduling stage, depending on the differences in wind power and load demand,
varying electricity prices, and different energy storage states, the control of the ESS is divided into four
modes.

When the energy storage state is 60% SOC > S(t) > 40% S OC, indicating a balanced energy
surplus, the system operates in Mode One, balancing the charging and discharging to meet the load
demand.

When the energy storage state is S (#) > 60% S OC, indicating an adequate energy surplus, the system
operates in Mode Two. In this mode, regardless of whether the wind power exceeds the load power in
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the predicted adjustment period, if the electricity price is higher than the average, the system operates in
Mode Two. If the electricity price is lower than the average, the system operates in Mode One.

On the other hand, when S () < 40% S OC, indicating an insufficient energy surplus, the system
operates as follows.

If the wind power exceeds the load power in the predicted adjustment period, the system operates
in Mode One. If the wind power is less than the load power, and the electricity price is less than the
average, the system operates in Mode Three; otherwise, it operates in Mode One.

Mode One

When the actual wind power is greater than the load power, the energy storage charges to absorb
excess wind power. When the load power is greater than the wind power, the energy storage discharges
to supplement the shortfall in wind power. If the storage exceeds its limit, transactions with the electricity
market for selling or buying are conducted, based on surplus or deficit conditions. The entire adjustment
period stays within the constraint conditions.

Mode Two

Regardless of whether the actual wind power is greater than the load power, electricity sales occur.
If wind power is greater than the load power, surplus wind power and stored energy are sold until
the storage state drops below 40%. If the actual wind power is less than the load power, the ESS
discharges to supplement it, and stored energy is sold until the storage state drops below 40%. The
entire adjustment period stays within the constraint conditions.

Mode Three

When the actual wind power is greater than the load power, the energy storage charges to absorb
excess wind power. When the actual wind power is less than the load power, and the actual electricity
price is lower than the average, the system purchases electricity from the market to balance the load
demand. Simultaneously, the purchased electricity charges the ESS for arbitrage.

2.4. The PSO algorithm

PSO is a popular heuristic optimization algorithm inspired by the social behavior of birds flocking or
fish schooling. It is used for solving complex optimization problems by mimicking the collaborative
behavior of particles in a swarm. Each particle represents a potential solution, and it moves through
the search space influenced by its own experience and the experience of its neighboring particles. The
iteration paradigm of the canonical PSO is presented as follows:

Vicii =Vigtr -c- (Xpbest,-,G - Xi,G) try-c- (ngest,G - Xi,G) ) (2.35)

Xic+1 = Xig + Vig+1s (2.36)

where the random values r; and r, fall within in the range [0,1]. The constants c¢; and ¢, constrict
the cognitive part and social part of the paradigm, respectively. The symbol V;¢ is the velocity of
X, , which is a D-dimensional vector denotes the i particle of the population in the G generation.
Historical best locations of the particle and the global best location of the entire population are denoted
as Xppes, ¢ and Xgpesr, i, rESpectively.

The key idea behind the PSO is to iteratively update the velocity and position of each particle to
find the optimal solution. The velocity update equation (Equation 2.35) incorporates both the particle’s
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previous velocity and its attraction to its personal best position (X .y, ) and the global best position
(Xgpest.c) found by the entire swarm. The position update (Equation 2.36) simply adds the updated
velocity to the current position of the particle. This process is repeated until a predefined stopping
criterion is met, such as a set number of iterations or the convergence of the solution.

2.5. The MPSO algorithm

In MPSO, a chaos-based nonlinear inertia weight was proposed, which avoids premature convergence
and a balance between exploration and exploitation. The formula for updating its adaptive weights is as
follows:

rg+1 = 4rg (1 —rg),r(0) = rand, 2.37)
where ry ¢ {0,0.25,0.5,0.75, 1} , and we have

Wmax — Wmin) * g€N
WG = TG Wyin + (O min) * 8 , (2.38)
genmax

where W = 0.9 and wy,in = 0.4. A random number generated by the logistic chaotic is given by 7 .
Additionally, it uses the following update paradigm:

Vic=w-Vig+r-c1 X~ Xig) + 12+ 2 Keonterc — XiG)
X . = w - Vi,G + (1 - (U) . (Vi,G+1) + ng,G»pi > rand , (239)
L XiG + Vigs1, otherwise

where X, ¢ denotes the stochastic learning particle of the i individual, and Ycemer,G represents the
center of the population.

2.6. The CLPSO algorithm

The algorithm known as the CLPSO, is a variant of PSO that incorporates a novel learning strategy.
In this strategy, the historical best information of all other particles is utilized to update the velocity of a
particle. This approach aims to preserve the diversity of the swarm, discouraging premature convergence.
The velocity update equation used in the learning strategy is as follows:

VZ’G = w; - VfG +c rig- (X;’bes%G - XgG) (2.40)

Xic = Xic +Vic ’
where the symbol X;’bestfi’c is determined by the probability Pc; of the i’ particle and w is a weight that

obeys the following linear reduction:
Pc; = 0.05 +0.45 - 0 (241)
eV -1
W = Wmax — et (Wmax — Wnin) - (2.42)
8€MNmax
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2.7. The SO algorithm

Hashim and Hussien proposed a meta-heuristic algorithm called the SO, which uses an adaptive
inertia weight scheme to help iteration paradigm control the search speed and search direction, balancing
exploration and exploitation. The update formulas are as follows:

W) = exp( —sen ) (2.43)

8€Nmax

(2.44)

genmax

wy = Cq ‘CXP(

The linear inertia weights will be compared with the fixed individual cognitive and social cognitive
parameters, divided into different update stages, and the adaptive weights are combined with different
adaptive parameters to jointly control the individual update in different update stages. The update
paradigm is as follows:

{Vi,cﬂ =c-w-r-(X-Xyg) 245)

Xigr1 = Xicg + Vigs

where r represents the random values in [0,1]. Note that in Equation (2.45), the two parameters w and X
have different adaptive calculations at different stages, but the update paradigm is similar to PSO. The
symbol X includes the best individual of all populations, the best individual of another subpopulation,
and the common individual of another subpopulation. At the same time, the inertia weight including
several methods of calculation to control different update strategies in different stages.

3. The proposed APSO algorithm

In this section, a comprehensive overview of the proposed APSO algorithm will be provided, as
depicted in Figure 3. The algorithm’s intricacies, covering the linear inertia weight scheme and the
innovative hybrid update paradigm, will be thoroughly investigated. This aims to facilitate the algorithm
in escaping local optima and achieving a balance between exploration and exploitation. Additionally,
the pseudocode is presented in Algorithm 1.

l

nftaze | [ Evatvate | [ Upcate | [ oneck ] [

N Stopping End
Population | | Fitness. | | Paradigms | Criteria

|

Separate the population into two groups. Explore the search @ Particle

space, KXo
Wy <4,
Guide particle swarm updates.
W >4,
Phase2

Phase3

oo ® %o o reos \*
e/ \@® o @
(A \dentify promising individuals. | [Remove inferior individuals and apply immigration operator]

cooeo
RICIEE

drop: [~

drop

Figure 3. The novel adaptive particle swarm optimization (APSO).
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Algorithm 1 Pseudocode of the proposed adaptive particle swarm optimization (APSO).

min’ < max

function f(X) , population size N.
2: Output: Best fitness value f(Xgpesc) , optimum location Xgpey c -
3:¢c=2,a=08,u=0.01,A, =0.25, A, = 0.6.
4: Separate the population into two groups and calculate their fitness.
5: fori=1: geny. do
6: Calculate the inertia weights according to Equations (3.1) and (3.2).
7
8
9

1: Imput: Solution space [XD XP ] , maximum number of function evaluations gen,, , objective

if wy < A then
Update the populations according to Equation (3.3).

else
10: if w; > A, then
11: Update the parameter according to Equation (3.4).
12: Update the populations according to Equation (3.5).
13: else
14: if < 0.6 then
15: Update the parameters according to Equation (3.7).
16: Update the populations according to Equation (3.6).
17: else
18: Update the parameters according to Equation (3.9).
19: Update the populations according to Equation (3.8) with the updated parameters.
20: Delete the worst individuals of the subpopulations and regenerate them.
21: Using the immigration operator to exchange information of the subpopulations
according to Equations (3.10) and (3.11).
22: end if
23: end if
24 end if
25: end for

26: Return: f(Xgpes6), and Xgpes G-

3.1. The inertia weights update schemes in the APSO

As widely recognized, setting the inertia weight is crucial for keeping the particles at a certain
search velocity [56]. However, using fixed inertia weights in control may lead to an imbalance between
exploration and exploitation, resulting in premature convergence [57]. To address this issue and achieve
a harmonious balance between exploration and exploitation, a linear inertia weight update scheme based
on the sine function is introduced [58]. This strategy enables the particles to sustain varying search
speeds and directions across different search stages. For instance, at the initial stages of the algorithm,
a large weight is maintained to facilitate faster exploration of the entire search space. Conversely,
during later search stages, a smaller inertia weight is used to navigate the local space around promising
candidate solutions, enhancing the algorithm’s search precision. The update formula for the linear
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inertia weights is presented below:

2
W = sin( dl -gen), 3.1)
8€Nmax
Wy = 1- w1. (32)

The inertia weight controls the velocity of particles and is adaptively updated according to the
optimization stage. In the initial exploration phase, a larger inertia weight is used to allow the particles
to explore the search space broadly. As the algorithm progresses to later stages, the inertia weight is
reduced, which allows for more focused searching around the optimal regions, thus refining the solution.

3.2. The update paradigms of the APSO

During the initial phase of the algorithm, when the particles are required to explore the entire search
space, this paper constrains the stage to w, < A; . During this period, inspiration was drawn from Levy’s
flight strategy [59], and we utilize the following update paradigm to modify the particles’ position.

{ Vi,G+l =w- step - ((Xmax - Xmin) S r+ Xmin)

3.3
Xigr1 = Xic + Vig+ (3-3)

Here, the symbols w = 0.01 and step represent the inertia weight and search step, respectively. The
notations Xp.x and X, are the upper and lower bounds of the search space. Since the algorithm, during
the stage, needs to explore a vast space rapidly, the update paradigm and parameters are defined for this
stage separately. In Equation (3.3), the notation step is updated by the formula

step = ”{ : (3.4)

|( e

lv
where @ = 0.8, and u and v are random values in [0,1].

In the second phase of the algorithm, w; > A,, it is crucial to direct the particles toward the correct
direction for an effective search, ensuring that the update paradigm enhances the quality of candidate
solutions. Consequently, in this stage, we utilize the guidance of the globally optimal individuals within
the particle swarm to drive the particle swarm updates. The update formula is as follows:

{ Vi =dy-wy-c-r- ((ngest,G - Xi,G))

, 3.5
Xic1 = Xig + Vig+

where the symbol r is a random value in [0,1], ¢ = 2, and d; € {-1,1}.

If r < 0.6 and w; < A, , the particle swarm concludes the exploration of the search space, identifying
promising individuals. Our objective is to concentrate the algorithm’s search in the vicinity of these
individuals to enhance the precision and accuracy of the search results. However, this phase often
leads the algorithm into local optima. To address this challenge, this paper integrates the principles
of quasi-opposition-based learning [60]. By combining the linear inertia weight with novel guidance
positions, this paper proposes a new update paradigm, given in Equation (3.6). Our aim is to enable the
algorithm to break free from local optima and enhance the search precision.

{ Vi,G+l — dz -Cc-r- (((Xmax + Xmin)/2 - Wy — Xi,G))

3.6)
Xigr1 = Xig + Vige
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where the parameter d,’s update formula is as follows:

dr = exp(~(F (Xonenc) (Xp0)+ ))- (3.7)
where X,

mgserc 18 the best individual in one subpopulation, and & represents a very small positive quantity.
Meanwhile, the finesses of individuals is denoted by f (X) , and the another subpopulation is presented as
Xy. The two subpopulations will be updated simultaneously using parameters calculated from different
individuals within each subpopulation.

In the ultimate phase of candidate solution updates, the update paradigm closely resembles the
preceding stage, incorporating a distinct control parameter d; . At this stage, r > 0.6 and w; < A,.
The introduction of varied control parameters ensures that the search velocity of the particle swarm
undergoes continuous changes across different search phases. This strategic utilization of diverse control
parameters aims to enable the algorithm to break free from local optima, thereby enhancing the search
precision. The update paradigm is as follows:

{ Vi =ds-c-r- (((Xmax + Xmin)/2 Wy — Xi,G)) 3.8)
XiG+1 = Xig + Vi ’ .
ds = exp (_ (f (X ) (x,.)+ 8)) (3.9)

3.3. Introducing the immigrant operator

To enhance the selection of high-quality individuals and improve the population’s quality, inferior
individuals were removed from the two subpopulations. Additionally, an immigration operator was used
to facilitate information exchange between the subpopulations, thereby enhancing the search accuracy
and maintaining a balance between exploration and exploitation. The equation for the immigration
operator is as follows:

meurse,G = bem‘t,G ’ (3 . 10)
Xfworse,G = meest,G ’ (3 . 1 1 )

which represent worse individual in one of the subpopulations and the best individual in another
subpopulation, respectively. The pseudocode of our algorithm is also presented in Algorithm 1.

4. Experimental results and analysis

In this subsection, we provide a detailed analysis of our APSO algorithm. All experiments were
conducted on MATLAB 2018b version on a personal computer with an Intel(R) Core(TM) i5-8300H
CPU @ 2.30GHz processor and Microsoft Windows 10 Enterprise 64-bit operating system.

For this, 92 benchmarks including a test suite of 23 classic benchmarks, and the CEC2013, CEC2017,
and CEC2022 test suites were utilized to verify our algorithm. Among the 92 benchmarks, 29
benchmarks are from CEC2017, 28 benchmarks are from CEC2013, and 12 benchmarks from CEC2022.
The maximum number of function evaluations in the algorithm is set to 500. The statistics, including
the Wilcoxon’s rank-sum test, are calculated from the results of 30 runs. The algorithm was applied in
the optimal configuration and optimal scheduling of the ESS, resulting in cost reduction, stabilization of
wind power, and decreased wind power grid connection risks.
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4.1. Optimization accuracy

In the first group comparison, two PSO variants and three nature-inspired optimization algorithms are
taken, namely the MPSO algorithm and the CLPSO algorithm, the SO, the whale optimization algorithm
(WOA) [61], and the dragonfly algorithm (DA) [62]. The MPSO, CLPSO and SO are closely related
with our proposed algorithm. To ensure that the range of algorithms used for comparative experiments
is broad enough, two well-known natural heuristic optimization algorithms were included.

The MPSO and CLPSO represent state-of-the-art PSO variants that address the fundamental
limitations of canonical PSO through chaotic inertia weights and comprehensive learning strategies,
respectively. Their inclusion provides a direct performance benchmark within the PSO family and allows
for a focused comparison of our adaptive mechanisms against established improvement approaches.

The SO is selected as a representative of recent biologically inspired metaheuristics that use
sophisticated adaptive phase-switching mechanisms. Unlike PSO-based algorithms, the SO mimics
snakes’ behavior with distinct exploration and exploitation phases controlled by environmental factors.
This selection is particularly valuable because the SO’s dynamic stage-based search strategy provides
an excellent reference for evaluating our proposed APSO, which also uses phase-dependent update
paradigms, albeit through fundamentally different mathematical formulations.

The WOA and DA are included to ensure benchmark diversity across different metaheuristic families.
The WOA mimics the bubble-net hunting behavior of humpback whales, while the DA is inspired
by dragonflies” swarming behaviors. Their distinct search mechanisms provide a robust testbed to
evaluate our algorithm’s performance against fundamentally different optimization philosophies, thereby
strengthening the generalizability of our findings.

Their parameter settings are the defaults ones recommended by the authors and shown in Table 2,
and the experiment on CEC2022 as conducted with dim=10. The overall performance of all results from
the 30 runs was evaluated via Wilcoxon’s signed rank-sum test with a significant level of @ = 0.05; the
symbols “+7, “-” and “=" are used to denote “better”, “worse”, and “similar” performance, respectively.

Table 3 presents the summary of all comparisons using Wilcoxon’s signed rank-sum test for each of
the algorithms versus our APSO algorithm with the four test suites containing 92 benchmarks. From
Table 3, we can see that our algorithm shows an improvement in performance in 65 out of 92 cases in
comparison with the DA, and in 66, 82, 32, and 87 out of 92 cases, respectively, in comparison with the
WOA, SO, MPSO, and CLPSO.

Table 2. The settings for all compared algorithms.

Algorithm Parameter settings
DA §=0.05a=0.06,c=0.1,e=0.1,w=038, f=0.5
WOA a€(2,0],A=[-a,a],Ce[0,2],pe[0,1],l[-1,1]
SO Threshold, = 0.25, Threshold, = 0.6, c; = 0.5, ¢, =0.05,¢3 =2
MPSO we[04,09],ci=c;=2
CLPSO we[04,09],ci=cr =2
APSO c=2,A1=025A,=0.6
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Table 3. The Wilcoxon test results of the comparison experiment in all benchmarks.

The given algorithms versus APSO
Test suite: 23 benchmarks CEC2013 CEC2017 CEC2022 All

(+/-/=) 2
DA (2/20/1) (5/14/9)  (2/22/5)  (0/9/3)  (9/65/18)
WOA (3/15/5) (1/17/10)  (0/23/6)  (0/11/1)  (4/66/22)
o) 2/14/7) 027/1)  (0/29/0)  (0/12/0)  (2/82/8)
MPSO (3/19/1) (19/4/5)  (16/7/6)  (5/2/5)  (43/32/17)
CLPSO (2/21/0) (126/1)  (0/28/1)  (0/12/0)  (3/87/2)

4.2. Convergence analysis
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Figure 4. The convergence curves of the algorithms over selected benchmarks of the
23-benchmark test suite.

The proposed APSO algorithm is evaluated from the perspective of convergence speed. For this, 31
benchmarks are randomly selected from different types in four different test suites, and the associated
trajectory of the global best over the course of the iteration is depicted as the convergence curve, shown
in Figure 4, Figure 5, and Figure 6. From the convergence curve in Figure 4, representing 9 benchmarks
randomly selected from 23 classic benchmarks, the convergence curves shows that our algorithm
achieves better or similar performance compared with other PSO variants and optimization algorithms
on all benchmarks. According to the convergence curve in Figure 5, corresponding to nine benchmarks
randomly selected from the CEC2013 test suite, our algorithm achieves better or similar performance
compared with the SO for F2, F5, F12, F15, F16, F21, F22, and F26; the WOA for F12, F15, F16, F22,
and F26; the CLPSO in F2, F5, F12, F15, F16, F21, and F26; the DA in F2, F5, F15, F16, F21, F22, and
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F26; and the MPSO in F15, F16, and F26. In Figure 6, nine benchmarks were randomly selected from
the CEC2017 test suite, where our algorithm shows better or similar performance compared with the
SO on all selected benchmarks; the WOA on F1, F7, F16, F17, F20, and F28; the CLPSO on F1, F7, F8,
F16, F20, F25, F28, and F30; the DA on F1, F17, F20, F28, and F30; and the MPSO on F17, F28, and

F30.
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Figure 5. The convergence curves of the algorithms over selected benchmarks of the CEC2013

test suite.
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test suite.

In Figure 7, four benchmarks were randomly selected from the CEC2022 test suite, where our
algorithm shows better or similar performance compared with the SO on F4, F7, and F11; the WOA on
F1, F4, and F11; than CLPSO on F4, F7, and F11; the DA on F4, F7, and F11; and the MPSO on F11.

Table 4. The benchmarks on which our algorithm obtains better or similar performance.

Benchmarks on which our algorithm obtains better or similar performance

Algorithm/test suite 23 benchmarks CEC2013 CEC2017 CEC2022
SO All the selected functions. 2, f5, f12, f15-16, £21-22, £26. All the selected functions. f4, £7, f11.
WOA All the selected functions. f12, f15-16, 22, £26. f1, {7, f16-17, £20, £28. f1, f4, f11.
CLPSO All the selected functions. 2, f5, f12, f15-16, £21, £26.  fl1, {7-8, f16, £20, £25, £28, £30. {4, {7, f11.
DA All the selected functions. 2, 5, f15-16, £21-22, £26. f1, f17, £20, 28, £30. 4, £7, f11.

MPSO All the selected functions. f15-16, £26. f17, £28, £30. f11.

This paper summarizes these results in Table 4 for better readability.

It is evident that the

proposed APSO algorithm remains competitive with other well-known PSO variants and nature-inspired
optimization algorithms.

4.3. Optimal configuration of the ESS for mitigating wind power fluctuations

In this subsection, our APSO algorithm is applied to optimize the configuration of the ESS, in which
the energy storage capacity and charge—discharge power were used as the decision variables. The
optimization study of the configuration of the ESS was conducted using the wind power output data
from a 50-MW wind farm in the year 2020, sampled at hourly intervals. The parameters of the ESS
model are presented in Table 5, and the settings for our algorithm are provided in Table 2.
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Figure 8. The experimental results of the APSO applied to the model of the optimal
configuration of the ESS.

As shown in Figure 8, notable optimization results for the ESS are observed: After 50 generations
of optimization, the cost of the ESS has been minimized. The final cost is 1,0281,943 yuan. At this
time, the energy storage power and energy storage capacity are 8324 kW and 56,524 kWh, respectively.
Furthermore, the smoothed wind power output of the ESS closely aligns with the expected wind power
output compared with the original output. At this time, the maximum fluctuation amount is 9.48 MW
and the maximum fluctuation rate is 0.1896. The percentage of volatility in the range of [4, 16] has
decreased by nearly 20%, whereas the percentage of volatility in the range of [0, 4] has increased by
close to 20%. It can also be seen from the charge state that most of the time, the ESS is kept in a
relatively stable state during operation, and there is no critical charge and discharge state.

This experiment tests the smoothing effect of the model of the ESS combined with our proposed
algorithm, and shows that the proposed APSO algorithm can optimize the configuration of the ESS well,
so that the ESS can effectively stabilize wind power while keeping the cost low.

It is important to note that the ESS model used in this study does not account for practical factors such
as battery capacity degradation over time, which could impact the long-term performance and economic
viability of the ESS. Battery degradation can occur through repeated charge and discharge cycles,
leading to a gradual reduction in the storage capacity and efficiency of the system. This degradation
could potentially alter the optimal configuration found in this study, affecting both the cost and the
effectiveness of the ESS in stabilizing wind power fluctuations.

Future work could incorporate a more realistic battery degradation model, which would consider
factors such as the depth of discharge, the cycling life, and the operational conditions over time. By
doing so, we would better understand the long-term performance of the ESS and refine the configuration
to ensure more accurate and sustainable operation over the entire lifespan of the system.
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Table S. The parameter values of the model of the optimal configuration of the ESS.

Parameters Values
Unit power cost 1500
Unit capacity cost 1200

Charge—discharge efficiency 0.8
Range of SOC [0.2,0.8]

Discount rate 0.05

4.4. Optimal scheduling of the ESS with a two-stage scheduling strategy

A simulation example of two-stage scheduling model of an ESS was established in MATLAB. The
wind power output of a 25-MW wind farm in China in 2020 and 2021 was used as input data with
sampled at interval of 15 min. The previous year was the training data of the prediction model, and the
next year was the actual test data of planning energy storage scheduling. The algorithm’s parameters
and some parameters of the ESS are consistent with Table 2 and Table 5.

To assess the effectiveness of the two-stage scheduling strategy, this paper compares it with several
different strategies, including peak—valley arbitrage, the conventional control strategy, and a strategy
without ESSs.

Peak—valley arbitrage is a common strategy used in ESSs to take advantage of electricity price
fluctuations throughout the day. In this strategy, the ESS charges during periods of low electricity prices
(valley periods) and discharges during high electricity price periods (peak periods). The primary goal
is to maximize the economic benefit by storing energy when prices are low and selling it when prices
are high. This strategy helps balance supply and demand while reducing the overall cost of electricity
consumption.

The conventional control strategy typically refers to a rule-based approach where the ESS operates
according to predefined conditions or thresholds without adapting to real-time changes in wind power
output or electricity prices. For example, it might involve discharging when the wind power generation
is low and charging when wind power generation exceeds the demand, but it does not consider market
conditions or energy price signals. This approach is simpler but less efficient than more advanced
strategies like two-stage scheduling.

This strategy represents the scenario where no ESS is involved in managing wind power fluctuations.
In this case, the grid must directly handle the variability of wind power generation, and any excess wind
power might be curtailed or wasted when generation exceeds demand. Similarly, when wind generation
is insufficient, additional power must be drawn from conventional generation sources, which may not be
optimal in terms of cost or environmental impact. This scenario serves as a baseline to compare the
performance of ESS-based strategies.

The experimental results, as shown in Figure 9, indicate that the ESS with the two-stage scheduling
strategy achieves the lowest expected wind power loss and the highest wind power utilization rate.
However, the costs are higher, and the revenue from selling and purchasing electricity is lower.
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Figure 10. The experimental results of the APSO applied in the model for optimal scheduling
of the ESS.

Subsequently, the proposed APSO algorithm was applied to the ESS model, setting the
charge—discharge power and energy storage capacity as the decision variables, resulting in the
experimental outcomes shown in Figure 10 and Table 6. The results demonstrate a significant reduction
of about 9 million yuan in the optimized ESS costs. The optimized ESS costs have been reduced by
approximately 23%. Simultaneously, at the same energy storage capacity, the expected wind power loss
decreases by 55 kW, resulting in a 4.72% reduction in wind power loss, and the wind power utilization
rate improves.
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Figure 10 shows that the total cost changes with the number of iterations. The optimal power value
of the ESS is 26,121.80 kW, the energy storage capacity is 344,599.59 kWh, and the total cost is
3,0133,094.79 yuan. The expected power loss is 1110.73 kW; the wind power utilization rate is 0.88.
The figure also shows that the state of energy storage charge is around 50% most of the time, indicating
that the scheduling strategy can effectively extend the life of energy storage.

This experiment tests the performance of the optimal scheduling model of the ESS with the two-stage
scheduling strategy combined with our proposed APSO algorithm, and shows that the proposed
algorithm can optimize the configuration of the ESS well, so that the ESS can effectively stabilize the
wind power while keeping the cost low.

Table 6. The experimental results of the proposed PSO variant applied to the model for
optimal scheduling of the ESS.

Performance metric Result
Energy storage capacity 344599.59 kWh
Total cost 30133094.79 yuan
Expected power loss 1110.73 kW
Wind power utilization rate 0.88

5. Conclusions

This study proposed a novel approach called APSO to address the optimization challenges associated
with the configuration of the ESS. Our algorithm introduced several vital contributions. First, a sine
function-based linear inertia weight scheme has been devised, dynamically adjusting the inertia weights
during different search phases, allowing the algorithm to leverage various update paradigms while
maintaining a good balance between exploration and exploitation effectively. Second, the hybrid
update paradigm, integrating Levy flight, global best guidance, and quasi-opposition-based learning,
enables adaptive strategy switching, enhancing the algorithm’s ability to escape local optima. The final
contribution involves the incorporation of an efficient dual-subpopulation framework and an immigration
operator, enhancing the algorithm’s search capabilities and elevating the population quality.

The optimization accuracy and convergence speed were investigated using a test suite containing 92
benchmarks from a test suite of 23 classic benchmarks, and the CEC2013, CEC2017, and CEC2022
suites. Furthermore, this paper used rank-sum test to examine the results of 30 runs for each algorithm.
The findings indicate that our proposed algorithm outperforms most compared algorithms, achieving
performance improvements in 65, 66, 82, 32, and 87 cases against the DA, WOA, SO, MPSO, and
CLPSO, respectively. This confirms the robust optimization accuracy and competitiveness of our
proposed method. Finally, we applied the algorithm to the optimization models of ESS configurations.
From the results, our algorithm effectively reduced the total cost of the ESS to 10.28 million yuan in
the configuration model and reduced the ESS’s cost by approximately 23% in the scheduling model.
The expected wind power loss decreased by about 4.72%, while determining the optimal storage power
(8,324 kW) and capacity (56,524 kWh), smoothing the fluctuations (a maximum fluctuation rate of
0.1896), and reducing the wind power grid connection risks.

While the proposed APSO has shown promising performance in the optimal configuration of the
ESS discussed in this paper, there are some areas for further improvement. The algorithm’s applicability
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to a broader range of real-world engineering problems remains to be explored. The proposed algorithm
will be applied to more general engineering problems to address specific real-world challenges in future
work.
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