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Abstract

To address uneven population distribution and premature convergence of the standard
Salp Swarm Algorithm (SSA) in grid-connected microgrid scheduling, this study devel-
ops an Improved Salp Swarm Algorithm (ISSA). Sine chaotic mapping is used for popu-
lation initialization. A distance-adaptive follower update is then employed, in which the
weight is determined by the normalized distance between an individual and the current
best solution, and an acceptance-based Lévy perturbation is applied to the best solution
to enhance escape from local optima. The resulting ISSA is applied to a microgrid sched-
uling model that minimizes economic operation and environmental costs. Benchmark
function and microgrid case studies are used to evaluate optimization accuracy, conver-
gence behavior and scheduling feasibility.

Keywords: Salp Swarm Algorithm; chaotic map; levy flight; microgrid

1. Introduction

The energy crisis and environmental pollution problems are becoming increasingly
severe, becoming the key factors restricting the sustainable development of the economy
and society. How to enhance energy utilization efficiency, reduce reliance on traditional
fossil fuels and address environmental pollution has long been an urgent issue that gov-
ernments and research institutions around the world need to break through. As a new
type of distributed energy organization, microgrids offer innovative technical paths to
solve these problems. By integrating distributed generation units, energy storage systems
and local loads, it forms a small-scale energy supply system that can be both grid-con-
nected and independent, significantly enhancing the reliability and flexibility of energy
supply [1]. Microgrids are regarded as an efficient platform for integrating intermittent
renewable energy sources such as wind and solar power, effectively alleviating the vola-
tility during their grid connection process and making it more convenient and safe for a
high proportion of renewable energy to be integrated into the distribution network.
Meanwhile, microgrids have achieved the integrated operation of distributed generation
and loads, enhancing overall energy efficiency, reducing transmission losses and demon-
strating significant potential in reducing pollutant emissions. They are gradually becom-
ing an important component of the transformation of modern energy systems [2].

The core concept of microgrid optimal dispatching is to effectively allocate output
and operation time among decentralized units to minimize environmental impact and
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operation costs while ensuring balanced power supply and complying with various con-
straints [3]. At present, the research of scholars at home and abroad on the optimal sched-
uling of microgrids mainly focuses on designing efficient solution methods. Li et al. [4]
proposed an economic dispatch method for microgrids based on adaptive mutation par-
ticle swarm optimization, aiming to enhance the efficiency and economy of energy distri-
bution. This method achieves reasonable scheduling of various energy sources within the
microgrid through optimization algorithms to meet load demands and reduce operational
costs. Nemati et al. [5] developed a method for optimizing unit commitment and economic
dispatch in microgrids using genetic algorithms and mixed-integer linear programming,
aiming to enhance the efficiency and reliability of energy management. This study pro-
vides effective decision support for the operation of microgrids, with the goal of reducing
operational costs and meeting load demands. To address these issues, Yu et al. [6] pro-
posed an improved ACO method for the economic dispatch of microgrids. The Harris
Hawks Optimization (HHO) algorithm is characterized by a relatively simple framework,
strong search capability and good robustness; however, its population diversity may de-
crease rapidly when solving complex optimization problems, which increases the risk of
premature convergence and trapping in local optima. Yang et al. [7] improved the opti-
mization performance of the Harris Hawks Optimization algorithm for microgrid sched-
uling by integrating an optimal point set mapping strategy with Gauss-Cauchy mutation
perturbation. The sparrow search algorithm possesses favorable global exploration capa-
bility, but it may suffer from premature convergence and become trapped in local optima.
To alleviate these limitations, Nguyen et al. [8] developed an enhanced sparrow search
algorithm combining elite opposition-based learning with a firefly-inspired mutation
mechanism for microgrid scheduling. The whale optimization algorithm is characterized
by a simple structure and a small number of control parameters; however, its convergence
speed and solution accuracy may deteriorate in complex optimization tasks, and it is also
susceptible to local optima. Hao et al. [9] therefore introduced opposition-based learning,
a nonlinear optimization mechanism, and Gaussian perturbation into the whale optimi-
zation framework for the optimal dispatch of grid-connected microgrids, with simulation
results demonstrating improved optimization performance. Although the cuckoo search
algorithm is straightforward and easy to implement, its stochastic search mechanism and
parameter sensitivity can affect convergence stability, while its local exploitation capabil-
ity remains relatively limited. Liu et al. [10] enhanced the grey wolf optimizer for mi-
crogrid scheduling by incorporating chaotic search, mutation operations and Lévy flight,
and validated the effectiveness of the proposed approach through numerical experiments.
The dung beetle optimization algorithm also shows competitive search capability and rel-
atively fast convergence, but its performance may be restricted by insufficient population
diversity and sensitivity to parameter configurations. Chang et al. [11] introduced a re-
verse learning strategy and adaptive distribution variation into the basic dung beetle al-
gorithm, which solved the problems of poor population diversity and easy falling into
local optimum in the microgrid optimization scheduling of the traditional dung beetle
algorithm. The hybrid algorithm integrates the advantages of different algorithms, im-
proving the solution quality and robustness. Zhang et al. [12] proposed an adaptive opti-
mization scheduling method that integrates Deep Q-network (DQN) and particle swarm
optimization algorithm. This method uses DQN to dynamically evaluate the operating
status of the microgrid and accordingly adjusts the key parameters of the particle swarm
optimization algorithm in real time, thereby achieving intelligent optimization of the
scheduling strategy. Bektas et al. [13] combined genetic algorithms with simulated anneal-
ing algorithms to solve the problem of microgrid optimization management considering
regional conditions and constraint factors. Furthermore, for expensive constrained multi-
objective optimization problems, surrogate-assisted evolutionary algorithms provide an
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effective way to reduce the computational burden while maintaining solution quality, as
demonstrated by the hierarchical surrogate-assisted approach proposed by Tian et al. [14],
which is of reference value for the large-scale multi-objective scheduling of microgrids.
However, these traditional algorithms generally have problems such as population diver-
sity, slow convergence speed and being prone to falling into local optima, and they usu-
ally need to be improved to enhance the solution efficiency.

The above research indicates that although intelligent optimization algorithms have
achieved encouraging results in the scheduling problem of microgrids, there are still is-
sues such as slow convergence speed and the tendency to become trapped in local optima.
Moreover, they still face significant challenges in highly uncertain operating environ-
ments.

Against this background, the rapid development of data-driven and knowledge-
guided learning methods has provided new ideas for coping with the highly uncertain
operating environments of microgrids. Feng et al. [15] compared machine learning meth-
ods with a physical model and showed that data-driven approaches can effectively com-
plement physical models when the underlying mechanisms are complex and difficult to
describe explicitly. Knowledge-guided multimodal networks [16] and physics-informed
deep spatiotemporal models [17] further demonstrate that embedding prior knowledge
and multimodal information can markedly improve the accuracy of dynamic process pre-
diction, which is instructive for constructing more accurate renewable output and load
forecasting models in microgrid scheduling. In addition, as microgrids increasingly par-
ticipate in distributed trading and grid-connected operation, information security and the
trustworthiness of intelligent decision models have attracted growing attention. Block-
chain-based privacy-preserving electricity trading in smart grids [18], the robustness of
explainable models against backdoor attacks [19], and steganographic information pro-
tection in industrial systems [20] collectively highlight the need to consider security and
reliability when intelligent scheduling algorithms are deployed in practical microgrids.

As a novel swarm intelligence algorithm, the Salp Swarm Algorithm (SSA) has the
advantages of a simple principle and easy implementation, showing promising potential
in the field of microgrid dispatch [21]. Davoudkhani et al. [22] investigated the optimal
siting and sizing of renewable energy sources such as wind turbines and photovoltaic
systems in distribution networks and proposed a multi-objective optimization method
based on the Salp Swarm Algorithm to reduce network losses, improve voltage quality
and lower the cost of renewable energy deployment. Sulaiman et al. [23] proposed an
Improved Salp Swarm Algorithm to solve the optimal power flow problem with stochas-
tic photovoltaic generation, with the objectives of minimizing network losses, operating
cost and the combined cost—emission index; its superiority over other algorithms was ver-
ified on the IEEE 30-bus system. Saraswat et al. [24] proposed a memory-based Salp
Swarm Algorithm for tuning a fractional-order PID controller, improving voltage and
power regulation capability as well as operational resilience of a grid-connected microgrid
with photovoltaic panels, wind turbines and batteries under renewable generation and
load uncertainties as well as islanded operating conditions. However, SSA still suffers
from limitations such as insufficient diversity in the initial population, an imbalance be-
tween global and local search capabilities, and a tendency to become trapped in local op-
tima.

Related SSA studies have already explored weighted and multi-strategy modifica-
tions. Syed and Syed [25] proposed the Weighted Salp Swarm Algorithm (WSSA), which
replaces the equal follower update with a weighted-distance position update derived
from coefficient-vector weights. Chen et al. [26] developed SSA by combining dimension-
by-dimension centroid opposition-based learning for the food source, a random factor in
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follower updating. At the operator level, the present ISSA differs in that it uses Sine-cha-
otic initialization, calculates each follower weight directly from its normalized Euclidean
distance to the current best solution and applies an acceptance-based Lévy perturbation
to the current best candidate. Therefore, the contribution of this work is positioned as the
specific coordination of these operators rather than the novelty of weighted updating or
Lévy flight in isolation.

In summary, taking into account the engineering significance of microgrid optimal
scheduling and the advantages of SSA, this paper proposes an Improved Salp Swarm Al-
gorithm (ISSA) to solve the optimal scheduling problem of microgrids. The main contri-
butions are summarized as follows:

(1) To enhance the diversity of the initial population and avoid the clustering phenom-
enon caused by random initialization, a Sine chaotic map is employed to generate
uniformly distributed initial individuals.

(2) A distance-adaptive follower update mechanism is incorporated into SSA, where the
normalized distance between each individual and the current best solution deter-
mines the follower weight. This mechanism is coordinated with an acceptance-based
Lévy perturbation of the best solution to improve the balance between exploration
and exploitation and reduce premature convergence.

(3) Finally, the proposed algorithm is applied to a microgrid dispatch case study, and
the effectiveness of the improved algorithm is verified.

The remainder of this paper is organized as follows: Section 2 introduces the SSA;
Section 3 presents the ISSA and evaluates its performance using benchmark functions;
Section 4 establishes an optimal scheduling model applicable to microgrids; Section 5 pro-
vides the experimental results and discussion; and the final section concludes the paper
and presents future research directions.

2. Salp Swarm Algorithm

The SSA simulates the swarming and navigational behavior of salps during foraging
in the ocean. A salp chain has a two-level hierarchical structure: leaders and followers.
The leader is located at the front and guides the swarm in navigating the multidimen-
sional search space toward the optimal solution of the optimization problem, i.e., the food
source. The SSA starts from randomly initialized solutions and iteratively searches for the
best fitness value of each salp by alternately exploring and exploiting the search space.
The position update of the leader salp is determined based on its distance from the food
source and is calculated using the following equation:

. {F;+rl((ubi—lbi)xr2+lbi), r,20.5

; 1
CTVE < r b, —1b)xr, +1), 1, <0.5 M

where Xi1 denotes the leader position in the i-th dimension; F, denotes the food source
position in the i-th dimension; ub,,lb, denotes the upper and lower bounds of the i-th
dimension; #,7%,,7, denotes a random number.
Parameter 7, balances exploration and exploitation in the search space and is calcu-
lated as follows:
4l

r=2e L @)

where [ denotes the current iteration number; L denotes the maximum number of it-
erations.
The position of the follower is updated according to Newton’s laws of motion.
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where xl.j denotes the position of the j-th follower in the i-th dimension; a denotes the

Vﬁnal

acceleration, a = ; Vﬁnal and ¥, denote the final and initial velocities, respec-

0
tively; ¢ denotes time.

R
x/ == (x) +x) 4)
2
where xl,j " denotes the position of the (j — 1)-th follower in the i-th dimension.

3. Improved Salp Swarm Algorithm
3.1. Sine Chaotic Initialization

To enhance the diversity of the initial population in the Salp Swarm Algorithm and
avoid the issue that random initialization may cause individuals to cluster and distribute
unevenly in the search space, a Sine chaotic map is employed to generate the initial indi-
viduals. This method leverages the inherent ergodicity and pseudo-randomness of chaotic
systems to produce an initial population with a more uniform and broader spatial distri-
bution, without introducing additional random bias. The specific procedure is as follows:

x, = rand(0,1) (5)
Xy = SIN(7 - x; ) (6)
X/ =1b,+(ub,—b) x, ?)

The distribution of the population before and after the improvement is shown in Fig-
ure 1. As can be seen, using the Sine chaotic map to generate the initial population, on the
one hand, increases population diversity, which helps the algorithm explore the solution
space more thoroughly on a global scale and reduces the risk of being trapped in local
optima; on the other hand, the more uniform distribution also provides a higher-quality
starting point for subsequent iterative search, thereby improving the convergence accu-
racy and stability of the algorithm.

1

0.9

o A 2 L S T
0 01 02 03 04 05 06 07 08 09 1

(a) Random strategy (b) Sine chaotic map

Figure 1. Comparison of the Two Initialization Methods.

3.2. Weighted Distance Position Update Strategy

Existing weighted SSA variants have shown that modifying the equal-weight fol-
lower update can improve search behavior [25]. Different from WSSA, which constructs
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weights from coefficient vectors, the present method determines the follower weight di-
rectly from the normalized Euclidean distance between each individual and the current
global best. When far from the best solution, a larger weight preserves more of the indi-
vidual’s own position to encourage exploration; when close to the best solution, a smaller
weight increases dependence on the predecessor to strengthen exploitation. For the j-th
follower (j > 2), its position in the i-th dimension is updated as:

X/ =a; X! +(1-a))- X" ®)

where the weighting coefficient «; is adaptively determined by the Euclidean distance

d ; between the individual and the global optimal solution F:

2
o =———-1 9)

J - _g.dnom
l+e ™

where d7"" =d,/d,, isthe normalized distance (relative to the maximum distance in

the current population), ¢ isan adjustment factor set to 5 based on experimental testing.

When an individual is far from the optimal solution, «&; approaches 1, making it more

inclined to retain its own position (enhancing global exploration); when an individual is

close to the optimal solution, «&; approaches 0, then it relies more on the position of the

previous individual (enhancing local exploitation). This strategy dynamically adjusts the
weight of individual movement, thereby adaptively balancing exploration and exploita-
tion during the iterative process, improving the convergence accuracy and stability of the
algorithm.

3.3. Levy Flight Strategy

In the standard Salp Swarm Algorithm, the update of the leader’s position depends
solely on the current food source (global optimal solution) without any random perturba-
tion mechanism. This causes the population to rapidly converge toward local optima in
the later iterations, leading to a sharp decline in diversity and thus premature conver-
gence. To alleviate this issue, a Levy flight disturbance [27] is introduced to improve the
leader update strategy, and its mathematical formulation can be expressed as:

X! =X +Levy(0)O(X! -F) (10)
u*o
Levy(@) = 001* T (11)
|7]?
z(1+9)*sin(”2‘9) |
o= —)? (12)
/1*(1_'-19)*!9*2(%)
2

where Levy(9) is a random step-size vector following a heavy-tailed distribution, A
denotes the Gamma function, y and u are random variables obeying a normal distribu-
tion, J is a constant set to 1.5, and O represents element-wise multiplication. By im-
posing Levy perturbations on the leader, the long-tailed step-length characteristic of
“many short, fine-grained searches plus occasional long jumps” enables the leader to per-
form refined exploitation around the current optimal region while also having a certain
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Fitness

probability of escaping local optima to explore more distant regions of the search space.

This effectively enhances population diversity and prevents premature convergence.

Meanwhile, the pseudo-code of ISSA is shown as Algorithm 1.

Algorithm 1: Pseudocode of the ISSA

Input: Population size PS, maximum number of iterations L

Output: Best solution F

10:
11:
12:

14:
15:
16:
17:

Update the leader position

Update the position of the second follower
forj=3to PS do
Calculate the distance between the j-th individual and the current best solution

Calculate the normalized distance djmom

Initialize the population using the Sine chaotic map
Evaluate the fitness of all individuals and determine the current best solution F
forl=1toL do

Calculate the adaptive weight @;j according to Equation (9)

Update the position of the j-th follower

end for
Evaluate the fitness and update the current best solution F
13:  Apply Lévy-flight perturbation to F to generate a candidate solution Fuew
if f(Frew) < f(F) then
F = Fuew
end if
end for

3.4. Function Tests

In this study, six benchmark test functions listed in Table 1 are employed to validate

the effectiveness of the ISSA, and the obtained results are comparatively analyzed against
those of SSA [21], PSO [28], GWO [29], ASSA [30] and HSSA [31]. For each test function,
30 independent runs are conducted, with a population size of 30 and a maximum iteration

count of 500. The parameter settings of all algorithms are determined according to their

respective reference literature. The optimization performance is comprehensively evalu-

ated in terms of the Average value (AVE) and Standard Deviation (SD), so as to assess

both the accuracy and robustness of the obtained solutions. The corresponding experi-

mental results are presented in Table 2, and the convergence curves of the algorithms are

shown in Figure 2.

—ISSA

—PSO
SSA

—GWO

0 50 100 150 200 250 300 350 400 450 500

Number of iterations

@) Fi

Fitness

0 50 100 150 200 250 300 350 400 450 500

Number of iterations

(b) F2

——ISSA
——PSO
SSA
—GWO
———ASSA
HSSA

50 100

150 200 250 300 350 400 450 500
Number of iterations

(c) Fs
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Figure 2. Convergence Curves of the Six Algorithms.
Table 1. Test Functions.
Functions Variable Range Fmin
n—1
{105111 (7)) +Z ; |:1+lOsin2 (ﬂym)]
i=1
+(, =1)" |+ 2 (x,10,100,4)
i=1
y=1457 [-50, 50] 0
k(xl. - a)m X, >a
u(x,,a,k,m)=10 —a<x,<a
k(x, —a)m X, <—a
& 2
Fy(x)= ([xl. +0.5] ) [~100, 100] 0
+ e —
f= 500 jz;‘ 6 ] [-65, 65] 0.99804
] + Z(xi - aij)
i=1
Fy(x) =Y —xsin(|lx]) [-500, 500] ~418.98n
i=1
4 6 ,
= _Zci exp(_z a; (xj - pij) ) [0, 1] -3.32
i=1 j=1
5
Fo==>[(X-a)X-a) +c¢]" [0, 10] -10.1532
i=1
Table 2. Experimental Results.
Functions ISSA PSO SSA GWO ASSA HSSA
F AVE 0.0072 0.4990 0.1423 0.7029 0.0203 0.2816
! SD 0.0134 0.0404 0.0603 0.0239 0.0263 1.0078
F AVE 0.0048 3.1887 1.0410 2.2078 0.8575 0.0199
2 SD 0.0016 0.2648 0.3911 0.1600 0.3971 0.0530
E AVE 1.7536 9.7095 8.1555 12.6709 3.7725 3.3380
3 SD 0.9223 3.9343 5.2692 1.52 x 1013 4.0132 3.4650
F AVE -8.12 x 103 -4.72 x 108 -7.23 x 103 -6.31 x 103 -5.88 x 103 -5.45 x 108
! SD 411.1220 454.0656 645.1522 498.2322 854.3145 801.5845
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F AVE -3.3000 -3.0583 -3.2084 -3.2007 -3.2637 -3.2990
> SD 0.0125 0.0906 0.0486 0.0061 0.0714 0.0472

F AVE -10.1475 -3.8314 -9.1202 -4.7394 -6.5635 -6.0150
6 SD 0.0038 1.7684 1.3486 3.1464 3.5161 3.6196

The comparative experimental results in Table 2 show that ISSA outperforms other
algorithms significantly on all six test functions. Firstly, in terms of Average value (AVE),
ISSA achieves the lowest value on all test functions, especially on Fi, F2 and Fs, demon-
strating strong optimization capabilities and significant advantages in global search per-
formance. Secondly, the Standard deviation (SD) indicator indicates that ISSA has
stronger robustness; especially on F1 and F, its standard deviation is significantly lower
than that of other algorithms, indicating higher stability in multiple runs. This is mainly
attributed to the use of sinusoidal chaotic mapping to initialize the population, effectively
avoiding premature clustering and enhancing population diversity. Additionally, by com-
bining the update strategy based on weighted distance with the Levy flight perturbation
mechanism, ISSA can achieve a good balance between global exploration and local exploi-
tation, thereby further enhancing its search ability. The convergence curves shown in Fig-
ure 2 directly verify the above observations. Figure 3 presents the box plots of the results
of 6 algorithms after running independently 30 times. The figure clearly shows that the
results of ISSA are at the lowest position, further verifying its superior performance. Over-
all, ISSA converges faster and has stronger global search capabilities when solving com-
plex optimization problems, laying a solid foundation for solving the optimal scheduling
problem of microgrids.

350

3t E 12t o
4r i
25] T 100
23t 2 e— 2
£ g 2 - g8 |
"ol St T ~ = ol
(=
' | H i
- - Lk 2] Iis
ISSA PSO SSA GWO ASSA HSSA ISSA  PSO SSA GWO ASSA HSSA ISSA  PSO SSA GWO ASSA HSSA
(a) F1 (b) F2 (c) Fs
—4000| | | —290¢ T .
! | - - T
—4500( B P —295f | - T !
—5000( ; ‘ —3.00f ‘ -3 ‘
5, ~5500F i T Q , T30S L —4 E
26000 ‘ : ‘ g-3a0r - £ |
= 6500 i E I LN PooT i = —
—7000+ i 4 —320¢ - E — A =7 T
—7500( —325f D -8 |
1 —330t ‘ -9t -
—8000 | = 3307 = - = | g
4500 + 1 S T10E== :
—8500L_, ‘ ‘ ‘ ‘ ‘ : ISSA PSO  SSA  GWO ASSA HSSA
ISSA PSO  SSA  GWO ASSA HSSA ISSA PSO SSA  GWO ASSA HSSA

(d) Fs

(e) Fs (f) Fs

Figure 3. Six Algorithms Box Plots.

To further verify whether there are significant differences between the ISSA and
other comparison algorithms, the Friedman test was conducted on the data in Table 2. The
significance level was defined as 0.05. If the p-value is less than 0.05, it indicates that there
is a significant difference between the ISSA and the comparison algorithms. Otherwise,
there is no significant difference. The results are shown in Table 3. From Table 3, it can be
seen that the p-value is 1.06 x 1073, indicating a significant difference between the algo-
rithms. Additionally, Figure 4 presents a panel chart showing the average rankings of the
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comparison algorithms. Through Figure 4, it can be intuitively observed that the ISSA has
the highest average ranking (Combining all the results for testing, it was found that the
average ranking of the results obtained by the ISSA was in the top 1.500.), verifying its
superiority. In conclusion, by conducting the Friedman test on the optimized objective
function values obtained from multiple independent runs of the algorithm, it can be de-
termined that the ISSA and its comparison algorithms have significant differences statis-
tically. This further validates the superiority of the ISSA.

Table 3. Results of Friedman Test Comparing ISSA with Other Algorithms.

Comparison Algorithm Average Ranking Chi-Square p-Value CDa =0.05 CDa=0.1
ISSA 1.500
PSO 5.667
GWO 5.000
-3
ASSA 2833 20.381 1.06 x 10 3.078 2.796
HSSA 3.100
SSA 2.900
Note: the average rank is calculated across the six benchmark functions (smaller is better). The crit-
o : k(k+1) : :
ical difference is CD = Gus|—— where k = 6 algorithms and N = 6 benchmark functions.
Thus, CDo.os = 3.078 and CDo.10 = 2.796.
ISSA ASSA HSSA SSA GWO PSO

Average rank = 1.500

Average rank = 2.833

Average rank = 3.100

Average rank = 2.900

Average rank = 5.667
Average rank = 5.000

Frequency

0 5 10 0 5 10 0 5 10

Frequency Frequency Frequency Frequency Frequency

Figure 4. Average-rank panel chart of the compared algorithms.

3.5. Analysis of Strategy Effectiveness

To verify the effectiveness of each improvement strategy, we designed several vari-
ants of the ISSA. ISSA1 removes the Sine chaotic initial strategy; ISSA2 removes the
weighted distance position update strategy; ISSA3 removes the Levy flight strategy. The
evaluation indicators are the optimal value and variance. The experimental settings are
the same as those in Section 3.4. The experimental results are shown in Table 4. The tests
in Table 4 indicate that the proposed strategies contribute to the ISSA to some extent.

Table 4. Experimental Results of ISSA and Variant Algorithms.

Functions ISSA1 ISSA2 ISSA3 ISSA

F AVE 0.0094 0.0089 0.0085 0.0072
! SD 0.0210 0.0221 0.0183 0.0134
F AVE 0.0068 0.0059 0.0062 0.0048
2 SD 0.0024 0.0018 0.0019 0.0016
F AVE 1.9326 1.9545 1.9247 1.7536
3 SD 0.9954 0.9542 0.9622 0.9223

AVE -8.06x103  -8.02x10° -8.07x103  -8.12 x 10
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F, SD 415.5420 426.6542 432.6842 411.1220
AVE —2.6542 —2.3252 -2.6245 -3.3000
> SD 0.8741 0.8665 0.8921 0.0125
F AVE -9.6527 -9.2546 —9.5580 -10.1475
6 SD 0.0823 0.0952 0.0862 0.0038

From the results of the ISSA and its variant algorithms in Table 4, it can be seen that
the ISSA outperforms its variant algorithms on all test functions. From the comparison of
ISSA1 and ISSA, it can be observed that the introduced sinusoidal chaotic initial strategy
helps to increase the diversity of the population, thereby improving the quality of the so-
lution. From the comparison of ISSA2 and ISSA, it can be seen that the introduced
weighted distance position update strategy well balances the global exploration and local
exploitation capabilities of the algorithm. For the comparison of ISSA3 and ISSA, it can be
seen that the introduction of the Levy flight strategy helps the algorithm escape from local
optima. Notably, the numerical values of ISSA1 do not differ significantly from those of
ISSA3 and ISSA, indicating that the introduction of the Levy flight strategy has a greater
impact than simply introducing the sinusoidal chaotic initial strategy. In summary, these
three improvement strategies contribute to the performance enhancement of the ISSA to
some extent.

4. Optimal Scheduling in Microgrid
4.1. Mathematical Model of Microgrid
4.1.1. Photovoltaic Model

The output power of Photovoltaic (PV) cells is related to their output power under
standard test conditions, as well as factors such as light intensity and operating tempera-
ture, as shown in Equation (13).

G
P, =P —(+a@(Temp—Temp,)) (13)
Gre
where P,, is the output power of the PV cell. P represents the maximum output

power under standard conditions. G represents the intensity of light. Gsrc represents the
light intensity under standard conditions. @ is the temperature condition coefficient.
Temp represents the current temperature of the photovoltaic cell. Temp, is the refer-

ence temperature for photovoltaic cells.

4.1.2. Wind Turbine Model

Taking wind speed and other data as input, the output power of the Wind Turbine
(WT) can be predicted based on the mathematical model, as shown in Equation (14) [32].

O,v<v,orv, <v

v_vci

B, =4P

’ v, SVSvy (14)
vn _Vc[

> Vi n
])n’vn <V<vca

where B, is the output power of the wind turbine. P, is the rated power of the wind

turbine. v

ci’?

v,, V., arethe cut-in wind speed, rated wind speed and cut-out wind speed,

respectively.
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4.1.3. Micro Gas Turbine Model

The working efficiency of a Micro gas Turbine (MT) has a certain relationship with
its output power. The function form of its efficiency varying with output power can be
expressed by Equation (15). Meanwhile, the power generation cost of micro gas turbines
is also related to their output power, and the relationship can be described by Equation
(16).

0, (k)= 0.0753(1)/‘46T—§k))3 —0.3095(PM6T—§"))2 +o.4174PM6T—§]"‘)+0.1068 (15)

L BB

C,,; (k) =Cost
LHV O, (k)

(16)

where C,(K), P,(K), O,,(K) are the fuel cost, output power and generation effi-

ciency of the micro gas turbine at time k, respectively. LHV represents the low calorific
value of natural gas. In this paper, LHV is taken as 9.7 kWh/m3 and Cosf=3.

4.1.4. Diesel Engine Model

The design of Diesel Engine (DE) them with features such as rapid start-up, stable
operation, mature technology and easy maintenance. These characteristics keep them in
an irreplaceable position in various application scenarios. The fuel cost of a diesel gener-
ator is also related to its output power and can be expressed by a quadratic function ex-
pression, as shown in Equation (17).

F,,=HP,. +H,P, +H, 17)

where Fpe and Poe are the fuel cost and output power of diesel generator, respectively.
H,,H,, H, are the fuel cost coefficients of diesel generator sets. In this paper,

H,=0.00011, H,=0. 1801, H, =6 are taken.

4.1.5. Battery Energy Storage System Model

Battery Energy Storage System (BESS) can provide more flexible power regulation,
quickly respond to changes in grid load and meet the demands of microgrid systems for
efficient and reliable energy storage. Therefore, the battery has become the preferred de-
vice in the microgrid energy storage system. The mathematical model of the battery in this
paper is shown in Equation (18).

1
Psoc(k_l) +?PBESS(k)7PBESS(k) <0

Fyoc (k) = (18)

1
Pooe (k=1)+ ? Ppss (k) Pypgs (k) >0

where Psoc(k) is the remaining capacity of the battery at time k. Pzess(k) represents the
charging and discharging power of the battery at time k. where is positive for charging

and negative for discharging. " and y  represent the charging and discharging effi-

ciencies, respectively.

4.2. Objective Function

In this paper, the comprehensive cost is taken as the optimization objective, consid-
ering both the economic operation cost of the microgrid and the microgrid’s environmen-
tal protection costs. So, the comprehensive cost expression of the microgrid is as follows:
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C" =min(f+ f3) (19)
K ok £ £ £
1= (Cry (k) + Cppy (k) + Cliy (k) + Crpp (K)) (20)
k=1
. 1 P (k)
C. . (k)=Cost x —ML +F (k
) LHV 0, (k) e (k) (21)

CgM (k) =y By (k) +upy, By (k) +up, B (k) + 1y By (K) H g By (k) (22)

Corn (k) = Cpp (k) B, (k) = s,y (k) Py (F) (23)
CIZUNISH (k) = Rpunishploss (k) + R;)unishl)over (k) (24)
K n N
fz, = Z(Z (Cn (pMT,nPMT (k) + IDDE,nPDE (k) + pGRID,nPGRJD (k) (25)

k=1 n=1
where f|' is the operating cost of the microgrid. K is the number of scheduling periods
of the microgrid, K = 24. C:.U is the fuel cost of the microgrid at time k, C:;M is the op-
eration and maintenance cost of the microgrid at time k, and C, ;R]D is the electrical energy
interaction cost between the microgrid and the main grid at time k. C;UN[SH is the penalty
cost for the microgrid to exceed the limit at time k. Uy, Up,, Uy, Upy, Ugggs are the op-

eration and maintenance coefficients of WT, PV, MT, DE and BESS, respectively. C;uy

and PBuy represent the price and power at which the microgrid purchases electricity
from the large grid at time k, respectively. C;ell and P, represent the price and power

at which the microgrid sells electricity to the large grid at time k, respectively. R ., and

punis,

R;um.sh punish are the penalty coefficients for load power-off and battery overload, re-

spectively. P, (k) is the power loss of the load at time k, and P, , (k) is the excess
capacity of the battery at time k. f, represents the environmental protection cost of the
microgrid, n represents the types of pollutants, and n’” represents the types and quantities
of pollutants, mainly including CO2, SOz and NOx. C: represents the cost coefficient for
treating the n-th type of pollutant, and ©,,7, Oprs Porip TePresent the emissions of the
n-th type of pollutant generated during the operation of micro gas turbines, diesel gener-

ators and large power grids, respectively. C ’ represents the comprehensive cost.

4.3. Constraint Conditions

To ensure the safe, stable and efficient operation of the microgrid system, all distrib-
uted power sources, energy storage devices and connection lines, certain constraints must
be met. The specific constraints are as follows.

(1) Power balance constraint

PPV (k) + PWT (k) + PDE (k) + PMT (k) + PGR[D (k) + PBESS (k) = PLoad (k) (26)
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where P, (k) and P,, (k) are the scenery output at time k. P, (k) represents the
output of the diesel generator at time k. P, (k) is the output of the micro gas turbine at
time k. Py, (k) represents the transaction power between the microgrid and the large

grid at time k. A positive value indicates power purchase, and a negative value indicates
power sale. P, (k) represents the charging and discharging power of the battery at

time k, which is positive for charging and negative for discharging. P, ,(k) is the load

oad
of the microgrid at time k.
(2) DE output constraint

Py < By (k) < By (27)

| P (k)= B, (k=1)| <7y, (28)

where PDn;n is the minimum output power of DE. P77* is the maximum output power
of the DE. r,, isthe upper limit of the climbing power of the DE.
(3 MT output constraint

P <P, (k)< P (29)
P (k)= B (k=D)|<r, (30)

where P&;n is the minimum output power of MT; P,7* is the maximum output power
of the MT. r,,; isthe upper limit of the climbing power of the DE.
(4) Power grid (GRID) output constraint

Eip < Bop () < Pogy, (31)

max P . .
where P, and P, are the minimum and maximum power traded between the mi-

crogrid and the large grid, respectively.
(5) BESS output constraint

Fiss < Fppss (k) < P (32)
SOC™ < SOC(k)< SOC™ (33)

where ]f;?s and P, are the minimum and maximum values of the battery charging

and discharging power, respectively. SOC™ and SOC™ represent the lower and
upper limits of the battery’s energy storage capacity, respectively.

5. Example Analysis
5.1. Example Parameters

This study considers a deterministic 24 h day-ahead scheduling case with PV, WT,
DE, MT, GRID and BESS. Among them, the maximum capacity of BESS is 150 kWh, the
minimum capacity is 5 kWh, the initial capacity is 50 kWh, the maximum output and input
power are both 30 kW, the charge and discharge rate is 0.9, and the operation and mainte-
nance cost is 0.026 USD/kW; The unit parameters are shown in Table 5, the pollutant emis-
sion coefficients and pollutant treatment costs are presented in Table 6, the selected time-
of-use electricity price parameters are shown in Table 7, and the wind, solar and load
power prediction curves of a typical day in a certain area are shown in Figure 5.

https://doi.org/10.3390/pr14193147


https://doi.org/10.3390/pr14193147

Processes 2026, 14, 3147

15 of 19
Table 5. Parameters of each distributed power generation unit.
Upper Power Lower Limit Mair.ltene.mce I.Jpp.er Limit
Type Limit Power/kW Unit Price  Climbing Power
(USD/kW-h) (kW/min)
1% 50 0 0 0
WT 100 0 0 0
MT 30 3 0.0293 1.5
DE 65 0 0.04 1.5
GRID 30 -30 0 0

Table 6. The cost of pollutant control and emission coefficient.

Types of Pollu- Governance Cost Pollutant Emission Coefficient (g/kW-h)
tants (USD/Kg) DE GRID MT
CO:2 0.023 680 889 724
SO2 6 0.306 1.8 0.0036
NOX 8 10.09 1.6 0.2

Table 7. Time-of-use electricity price.

Purchase Price

Sales Price

Power/kW

Type Time Period (USD/KW-h) (USD/KW-h)
10:00-15:00
Peak hours 18:00-22:00 0.78 0.54
. 08:00-09:00
Smooth period 16:00-17:00 0.62 0.53
. 01:00-07:00
Valley period 93:00-24:00 0.46 0.52
140 T T T T
—— PV
120 H WT
—/— Load i

100 -

80 |

40 |

20

Time/h

Figure 5. Typical daily wind, solar and load power prediction curves.

5.2. Analysis of Optimization Results

objective functions.

Based on the predicted data of day-before load, wind turbines and photovoltaic
power in engineering practice, this paper uses GWO, HSSA, PSO, ASSA, SSA and ISSA to
solve for the lowest economic operation cost, environmental protection cost and compre-
hensive cost, respectively, of the microgrid connection optimization dispatching model.
The statistics in Table 8 show the optimal results of each algorithm for different targets.
Figure 6 shows the convergence curves of the algorithm for different targets. Figure 7
shows the output of each distributed power source obtained by the ISSA under different
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Figure 6. The iterative curves of each algorithm under different objective functions.

Table 8. Comparison of simulation results of six algorithms under different objective functions.

2::3:2: GWO SSA ASSA HSSA PSO ISSA
1! 649.78 543.32 539.88 541.63 581.76 466.10
1) 198.45 139.56 138.22 138.96 140.23 113.12
c 848.23 682.88 678.10 680.59 721.99 579.22

As can be seen from Table 8, compared with the GWO, HSSA, PSO, ASSA and SSA,
the optimization ability and stability of the ISSA have been significantly improved. No
matter which target it is, the optimal cost of the ISSA is reduced by at least 15% or more.
Figure 6 further visually verifies this point, demonstrating the superiority of the ISSA.

— BESS—e— PV—C—WT
T T

40 =O=MT a DE 'GRID* - 'BESS+ 'PV—O— WT g0 2= MT DE 'GRID— o= VBESS+ 'PV—O— wT

T

60 |-

Power/kW
Power/kW

Time/h Time/h

(b) > (c) C*

Figure 7. The optimal output situation of the ISSA on different objective functions.

As can be seen from Figure 7, for the same microgrid model, the optimal scheduling
results obtained under different objective functions are different. Now, let us conduct a
detailed analysis of them individually:

Figure 7 shows the optimal output of each distributed power source under different
objective functions. As can be seen from Figure 7a, when the goal is to minimize the op-
erating cost, DE operates at full capacity due to its power generation cost being lower than
the power sales cost of the microgrid, while MT does not operate. Due to the operation
and maintenance costs and capacity constraints, the output of storage batteries is rela-
tively low. Therefore, it is necessary to maintain a stable power supply through alternat-
ing charging and discharging. During peak hours from 18:00 to 22:00, DE is unable to meet
the surging power load, and the microgrid opts to purchase electricity from the large grid
to ensure supply. During other periods, DE meets the load demand and sells the excess
electricity to the main power grid.
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As can be seen from Figure 7b, when the goal is to minimize environmental protec-
tion costs, MT operates at full capacity due to its environmental protection cost being
lower than the power purchase cost of the microgrid. The environmental protection cost
of DE is relatively high, so DE still needs to be started during peak hours to ensure power
supply. Although the MT continues to operate, it still needs to purchase electricity from
the large power grid, and the purchased electricity is affected by load demand and the
condition of the battery.

As can be seen from Figure 7c, when the goal is to minimize the comprehensive cost,
MT does not operate during the off-peak period, the battery ensures power supply
through charging and discharging, and DE operates at full load for most of the time. When
the purchase price is low, the microgrid selects to purchase electricity to charge the battery.
During peak hours, DE and the battery supply power together to ensure the reliability of
power supply.

In conclusion, the dispatching results of microgrids are influenced by the objective
function and the economic and environmental costs of each distributed power source. Un-
der different goals, the priority power supply varies. The ISSA performs exceptionally
well in optimizing scheduling, enhancing the operational efficiency and benefits of mi-
crogrids.

The scope of the present validation is intentionally limited to the deterministic single-
day scheduling problem considered above. An exactly equivalent MILP benchmark is not
introduced because the original formulation contains nonlinear generation cost relation-
ships and penalty-based constraint handling; constructing an MILP reference would re-
quire additional linearization and reformulation and would therefore no longer be strictly
identical to the problem solved by ISSA. Accordingly, the present results are interpreted
as comparative algorithmic evidence under the investigated model and operating condi-
tion, rather than as proof of global optimality or cross-day generalization.

6. Conclusions

To address the shortcomings of the conventional Salp Swarm Algorithm (SSA) in
high-dimensional and complex optimization problems, such as slow convergence speed,
insufficient population diversity and a tendency to become trapped in local optima, this
paper proposes an Improved Salp Swarm Algorithm incorporating Sine chaotic map-
based initialization, a weighted-distance position update strategy and Levy flight pertur-
bation. Specifically, the Sine chaotic map is employed to generate an evenly distributed
initial population, effectively alleviating the population clustering issue caused by ran-
dom initialization and enhancing the initial diversity of the swarm. The weighted-distance
position update strategy demonstrates superior performance in balancing global explora-
tion and local exploitation, enabling the algorithm to adaptively adjust its step size during
the search process. In addition, the Levy flight strategy introduces stochastic perturba-
tions to individuals, thereby strengthening the algorithm’s capability to escape local op-
tima. The proposed algorithm is applied to the optimization of microgrid dispatch. Ex-
perimental results indicate that the improved algorithm significantly outperforms the
comparative algorithms in terms of optimization accuracy, convergence speed and stabil-
ity, which verifies its effectiveness and robustness in solving practical engineering opti-
mization problems.

The conclusion of this study should be solved based on the deterministic 24 h sched-
uling environment considered in this paper. The results of the paper support the compar-
ative search performance of ISSA in the studied microgrid model but do not prove its
global optimality or statistical generalization ability under different operation days or un-
certain renewable energy/load conditions. Long-term random testing, benchmark tests of
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precise or approximate solvers, feasibility residual reports and more extensive reproduc-
ibility studies are still important extension directions for future work.

Future research will focus on the following aspects: first, investigating an adaptive
parameter regulation mechanism so that the chaotic map parameters and Levy flight step
size can be dynamically adjusted according to the search state, thereby improving adapt-
ability to different problem characteristics; second, exploring hybridization of the pro-
posed algorithm with other intelligent optimization methods, such as differential evolu-
tion and particle swarm optimization, to develop a more synergistic hybrid optimization
framework; third, considering the uncertainties in practical microgrid systems, such as
fluctuations in renewable energy output and random variations in load demand, robust
optimization or interval optimization methods will be introduced to enhance the practical
value of the algorithm in dynamic environments.

Author Contributions: Conceptualization, Q.C. and T.M.; methodology, L.S.; software, A.-Q.T.;
writing —review and editing, T.M. All authors have read and agreed to the published version of the

manuscript.
Funding: This research received no external funding.

Data Availability Statement: The data can be obtained through the first author or the correspond-

ing author.

Conflicts of Interest: No conflicts of interest are declared for this manuscript.

References

1.

10.

11.

12.

Rajendran, A.; Selvam, K. Multi-objective Chaotic-Enhanced Competitive Swarm Optimizer (CECSO) Algorithm based Optimal
Scheduling of Microgrid with Renewable Energy Sources. Energy 2025, 334, 137550. https://doi.org/10.1016/j.en-
ergy.2025.137550.

Liu, M.; Li, W. Optimal Scheduling of Wind-solar Hybrid Energy Storage Microgrids using a Multi-objective Improved Genetic
Algorithm. ]. Renew. Sustain. Energy 2026, 18, 015305. https://doi.org/10.1063/5.0314308.

Xie, Y.; Gao, X.; Sun, H. Review of Research on Optimal Scheduling for Novel Microgrids. Electr. Eng. 2025, 107, 12449-12467.
https://doi.org/10.1007/s00202-025-03160-1.

Li, J.; Nie, W.; Xu, X.; Shao, L.; Sun, W. Economic Dispatch of Microgrid Based on Adaptive Mutation Particle Swarm Optimi-
zation. In Proceedings of the 2021 IEEE International Conference on Mechatronics and Automation (ICMA), Takamatsu, Japan,
8-11 August 2021; pp. 1368-1373. https://doi.org/10.1109/ICMA52036.2021.9512813.

Nemati, M.; Braun, M.; Tenbohlen, S. Optimization of Unit Commitment and Economic Dispatch in Microgrids Based on Ge-
netic Algorithm and Mixed Integer Linear Programming. Appl. Energy 2018, 210, 944-963. https://doi.org/10.1016/j.apen-
ergy.2017.07.007.

Yu, X. Multi-objective Optimization Scheduling of Microgrid Based on Improved Ant Colony Algorithm. Hongshui River 2024,
43, 115-121.

Yang, S.T.; Zheng, Q. Optimization Scheduling of Microgrid Based on Improved Harris Hawk Optimization Algorithm. . Shan-
dong Electr. Power Coll. 2024, 27, 18-23.

Nguyen, T.T.; Ngo, T.G.; Dao, T.K.; Nguyen, T.T.T. Microgrid Operations Planning Based on Improving the Flying Sparrow
Search Algorithm. Symmetry 2022, 14, 168. https://doi.org/10.3390/sym14010168.

Hao, S.F.; Zou, W.J.; Ge, HR,; Xia, Y.; Ma, G. Optimization Operation of Microgrid Based on Improved Whale Optimization
Algorithm. Guangdong Electr. Power 2022, 35, 51-59.

Liu, Y.-W.; Li, L.-L.; Tseng, M.-L.; Lim, M.K,; Ali, M.H. Optimal Scheduling of Combined Cooling, Heating, and Power Mi-
crogrid Based on a Hybrid Gray Wolf Optimizer. J. Ind. Prod. Eng. 2022, 39, 277-292.
https://doi.org/10.1080/21681015.2021.1974963.

Chang, X.; Zeng, X. Research on Optimization Scheduling of Microgrid Based on Improved Dung Beetle Algorithm. Electr. Eng.
Technol. 2024, 5, 33-38.

Zhang, B; Liu, B. An Adaptive Scheduling Method for Standalone Microgrids Based on Deep Q-Network and Particle Swarm
Optimization. Energies 2025, 18, 21-33. https://doi.org/10.3390/en18082133.

https://doi.org/10.3390/pr14193147


https://doi.org/10.3390/pr14193147

Processes 2026, 14, 3147 19 of 19

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Bektas, Z.; Kayalica, M.O.; Kayakutlu, G. A Hybrid Heuristic Algorithm for Optimal Energy Scheduling of Grid-Connected
Microgrids. Energy Syst. 2021, 12, 877-892. https://doi.org/10.1007/s12667-020-00380-1.

Tian, A.-Q.; Liu, F.-F.; Ni, 5.-Q.; Pan, J.-S. K-DPSA: A Hierarchical Surrogate-Assisted Evolutionary Algorithm for Expensive
Constrained Multi-Objective Optimization with Application to UAV Path Planning. Swarm Evol. Comput. 2026, 107, 102490.
https://doi.org/10.1016/j.swevo.2026.102490.

Feng, L.; Guo, M.; Wang, W.; Chen, Y.; Shi, Q.; Guo, W.; Lou, Y.; Kang, H.; Chen, Z.; Zhu, Y. Comparative Analysis of Machine
Learning Methods and a Physical Model for Shallow Landslide Risk Modeling. Sustainability 2023, 15, 6.
https://doi.org/10.3390/su15010006.

Tian, X,; Jin, Y.; Zhang, Z.; Liu, P.; Ni, F. A Knowledge-Guided Multimodal Network for Video Summarization. Expert Syst.
Appl. 2026, 324, 132566. https://doi.org/10.1016/j.eswa.2026.132566.

Wu, J.; Wei, Z; Liu, C.; Ma, Q.; Wei, Z.; Wu, S.; Wang, Z.; Li, Q.; Cui, T.; Wu, X,; et al. ADH-CLSNet: Cross-Latitude Spatiotem-
poral Network for Atmospheric Duct Heights Diagnosis. IEEE Trans. Antennas Propag. 2026, 74,  8915-8930.
https://doi.org/10.1109/TAP.2026.3700272.

Zhang, Z.; Xu, C; Jiang, C. Privacy-Preserving Electricity Trading Matching Based on Blockchain in Smart Grid. Expert Syst.
Appl. 2025, 303, 130682. https://doi.org/10.1016/j.eswa.2025.130682.

Wu, L.; Kong, L.; He, F.; Wang, B.; Su, Y.; Wang, X,; Jiang, X. Backdooring Rationalization Plus. Neural Netw. 2026, 205, 109556.
https://doi.org/10.1016/j.neunet.2026.109556.

Lai, C.-H.; Wu, T.-E.; Wang, C.-C. Enhancing Information Security in Smart Manufacturing Through Least Significant Bit Ste-
ganography in Engineering Drawings. |. Comput. Inf. Sci. Eng. 2025, 25, 091006. https://doi.org/10.1115/1.4069114.

Mirjalili, S.; Gandomi, A.H.; Mirjalili, S.Z.; Saremi, S.; Faris, H.; Mirjalili, S.M. Salp swarm algorithm: A bio-inspired optimizer
for engineering design problems. Adv. Eng. Softw. 2017, 114, 163-191. https://doi.org/10.1016/j.advengsoft.2017.07.002.
Davoudkhani, L.F.; Zishan, F.; Mansouri, S.; Abdollahpour, F.; Grisales-Norefia, L.F.; Montoya, O.D. Allocation of renewable
energy resources in distribution systems while considering the uncertainty of wind and solar resources via the multi-objective
salp swarm algorithm. Energies 2023, 16, 474. https://doi.org/10.3390/en16010474.

Sulaiman, M.H.; Mustaffa, Z. An application of improved salp swarm algorithm for optimal power flow solution considering
stochastic ~ solar ~power generation.  E-Prime—Adv.  Electr. Eng.  Electron.  Energy 2023, 5, 100195.
https://doi.org/10.1016/j.prime.2023.100195.

Saraswat, R.; Suhag, S. Memetic salp swarm algorithm optimized control for operational resilience in grid-tied microgrid. Sus-
tain. Comput. Inform. Syst. 2025, 48, 101195. https://doi.org/10.1016/j.suscom.2025.101195.

Syed, M.A_; Syed, R. Weighted Salp Swarm Algorithm and Its Applications towards Optimal Sensor Deployment. J. King Saud
Univ. Comput. Inf. Sci. 2022, 34, 1285-1295. https://doi.org/10.1016/j.jksuci.2019.07.005.

Chen, D,; Liu, J; Yao, C; Zhang, Z.; Du, X. Multi-strategy improved salp swarm algorithm and its application in reliability
optimization. Math. Biosci. Eng. 2022, 19, 5269-5292. https://doi.org/10.3934/mbe.2022247.

Xu, X.; Mao, X.; Zou, W. An improved goose optimization algorithm (I-GOOSE) based on self-adapting attenuation factors and
lévy flight. Neurocomputing 2026, 671, 132717. https://doi.org/10.1016/j.neucom.2026.132717.

Kennedy, J.; Eberhart, R. Particle swarm optimization. In Proceedings of IEEE International Conference on Neural Networks; IEEE
Press: Piscataway, NY, USA, 1995; pp. 1942-1948.

Mirjalili, S.; Mirjalili, S.M.; Lewis, A. Grey Wolf Optimizer. Adv. Eng. Softw. 2014, 69, 46-61. https://doi.org/10.1016/j.adveng-
soft.2013.12.007.

Zhang, B.; Zuo, T.; Wang, Z. Improved salp swarm algorithm for multi-resource job shop scheduling problem with buffer ca-
pacity constraints. Soft Comput. 2026, 30, 635-652. https://doi.org/10.1007/s00500-025-10988-z.

Liu, Y.; Zhang, C.; Liu, H.; Li, X.; Zou, Y. Sustainable optimal LQR-based power control of hydroelectric unit regulation systems
via an improved salp swarm algorithm. Sustainability 2026, 18, 697. https://doi.org/10.3390/su18020697.

Yu, X.; Zhang, H. Adaptive strategy Q-learning differential evolution for microgrid scheduling optimization. Swarm Evol. Com-
put. 2026, 108, 102509. https://doi.org/10.1016/j.swevo.2026.102509.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/pr14193147


https://doi.org/10.3390/pr14193147

	1. Introduction
	2. Salp Swarm Algorithm
	3. Improved Salp Swarm Algorithm
	3.1. Sine Chaotic Initialization
	3.2. Weighted Distance Position Update Strategy
	3.3. Levy Flight Strategy
	3.4. Function Tests
	3.5. Analysis of Strategy Effectiveness

	4. Optimal Scheduling in Microgrid
	4.1. Mathematical Model of Microgrid
	4.1.1. Photovoltaic Model
	4.1.2. Wind Turbine Model
	4.1.3. Micro Gas Turbine Model
	4.1.4. Diesel Engine Model
	4.1.5. Battery Energy Storage System Model

	4.2. Objective Function
	4.3. Constraint Conditions

	5. Example Analysis
	5.1. Example Parameters
	5.2. Analysis of Optimization Results

	6. Conclusions
	References

