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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. 
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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: 

1 2 31

1 2 3

(( ) ),   0.5

(( ) ),   0.5

i i i i

i

i i i i

F r ub lb r lb r
X

F r ub lb r lb r

+ −  + 
= 

− −  + 
  (1) 

where 
1

iX  denotes the leader position in the i-th dimension; iF  denotes the food source 

position in the i-th dimension; ,i iub lb  denotes the upper and lower bounds of the i-th 

dimension; 1 2 3, ,r r r  denotes a random number. 

Parameter 1r  balances exploration and exploitation in the search space and is calcu-

lated as follows: 

24
( )

1 2
l

Lr e
−

=   (2) 

where l  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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2

0

1

2

j

ix at V t= +  (3) 

where 
j

ix  denotes the position of the j-th follower in the i-th dimension; a  denotes the 

acceleration, 

0

finalV
a

V
=  ; 

finalV   and 0V   denote the final and initial velocities, respec-

tively; t  denotes time. 

11
( )

2

j j j

i i ix x x −= +   (4) 

where 
1j

ix
−

 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: 

0 (0,1)x rand=  (5) 

1 sin( )k kx x+ =   (6) 

( )j

i i i i kX lb ub lb x= + −   (7) 

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. 

  
(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: 

1(1 )j j j

i j i j iX X X  −=  + −   (8) 

where the weighting coefficient 
j  is adaptively determined by the Euclidean distance 

jd  between the individual and the global optimal solution iF : 

2
1

1
norm
j

j d
e




− 
= −

+
 (9) 

where 
max/norm

j jd d d=  is the normalized distance (relative to the maximum distance in 

the current population),   is an adjustment factor set to 5 based on experimental testing. 

When an individual is far from the optimal solution, j  approaches 1, making it more 

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

close to the optimal solution, j  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: 

( )1 1 1Levy( )i ii iX X X F= + −  (10) 

1

*
( ) 0.01*Levy



 




=  
(11) 

1

1
( )

2

(1 )*sin( )
2( )

1
*( )* *2

2





 




 
−

+

=
+

 (12) 

where Levy( )  is a random step-size vector following a heavy-tailed distribution,   

denotes the Gamma function, γ and μ are random variables obeying a normal distribu-

tion,   is a constant set to 1.5, and   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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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 

1: Initialize the population using the Sine chaotic map 

2: Evaluate the fitness of all individuals and determine the current best solution F 

3: for l = 1 to L do 

4:     Update the leader position 

5:     Update the position of the second follower 

6:     for j = 3 to PS do 

7:  Calculate the distance between the j-th individual and the current best solution 

8:         Calculate the normalized distance djnorm 

9:         Calculate the adaptive weight αj according to Equation (9) 

10:         Update the position of the j-th follower 

11:    end for 

12:     Evaluate the fitness and update the current best solution F 

13: Apply Lévy-flight perturbation to F to generate a candidate solution Fnew 

14:     if f(Fnew) < f(F) then 

15:        F = Fnew 

16:    end if 

17:  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. 

   

(a) F1 (b) F2 (c) F3 
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Figure 2. Convergence Curves of the Six Algorithms. 

Table 1. Test Functions. 

Functions Variable Range Fmin 
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4 6
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1 1
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= =
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5
1

6

1
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i i i

i

F X a X a c −

=

= − − − +  [0, 10] −10.1532 

Table 2. Experimental Results. 

Functions ISSA PSO SSA GWO ASSA HSSA 

1F  
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 

2F  
AVE 0.0048 3.1887 1.0410 2.2078 0.8575 0.0199 

SD 0.0016 0.2648 0.3911 0.1600 0.3971 0.0530 

3F  
AVE 1.7536 9.7095 8.1555 12.6709 3.7725 3.3380 

SD 0.9223 3.9343 5.2692 1.52 × 1013 4.0132 3.4650 

4F  
AVE −8.12 × 103 −4.72 × 103 −7.23 × 103 −6.31 × 103 −5.88 × 103 −5.45 × 103 

SD 411.1220 454.0656 645.1522 498.2322 854.3145 801.5845 
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5F  
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 

6F  
AVE −10.1475 −3.8314 −9.1202 −4.7394 −6.5635 −6.0150 

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 F1, F2 and F6, 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 F6, 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. 
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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 × 10−3, 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 

20.381 1.06 × 10−3 3.078 2.796 

PSO 5.667 

GWO 5.000 

ASSA 2.833 

HSSA 3.100 

SSA 2.900 

Note: the average rank is calculated across the six benchmark functions (smaller is better). The crit-

ical difference is 
( 1)

a

k k
CD q

N

+
= , where k = 6 algorithms and N = 6 benchmark functions. 

Thus, CD0.05 = 3.078 and CD0.10 = 2.796. 

 

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 

1F  
AVE 0.0094 0.0089 0.0085 0.0072 

SD 0.0210 0.0221 0.0183 0.0134 

2F  
AVE 0.0068 0.0059 0.0062 0.0048 

SD 0.0024 0.0018 0.0019 0.0016 

3F  
AVE 1.9326 1.9545 1.9247 1.7536 

SD 0.9954 0.9542 0.9622 0.9223 

AVE −8.06 × 103 −8.02 × 103 −8.07 × 103 −8.12 × 103 
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4F  SD 415.5420 426.6542 432.6842 411.1220 

5F  
AVE −2.6542 −2.3252 −2.6245 −3.3000 

SD 0.8741 0.8665 0.8921 0.0125 

6F  
AVE −9.6527 −9.2546 −9.5580 −10.1475 

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). 

(1 ( ))PV m r

STC

G
P P Temp Temp

G
= + −  (13) 

where PVP   is the output power of the PV cell. mP   represents the maximum output 

power under standard conditions. G represents the intensity of light. GSTC represents the 

light intensity under standard conditions.    is the temperature condition coefficient. 

Temp  represents the current temperature of the photovoltaic cell. rTemp  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]. 

0,   

,

,

ci co

ci
WT n ci n

n ci

n n co

v v or v v

v v
P P v v v

v v

P v v v

  


−
=  

−
  

 (14) 

where WTP  is the output power of the wind turbine. nP  is the rated power of the wind 

turbine. ci n cov v v, ,  are the 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). 

3 2( ) ( ) ( )
( ) 0.0753( ) 0.3095( ) 0.4174 0.1068

65 65 65

MT MT MT
MT

P k P k P k
Q k = − + +  (15) 

( )1
( ) Cos

( )

MT
MT

MT

P k
C k t

LHV Q k
 =   (16) 

where MT MT MTC P Q ( k) , ( k) , ( 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 Cos 3t = . 

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). 

2

1 2 3DE DE DEF H P H P H= + +  (17) 

where FDE and PDE are the fuel cost and output power of diesel generator, respectively. 

1 2 3H H H, ,   are the fuel cost coefficients of diesel generator sets. In this paper, 

1 2 3 6H H H ==0. 00011, =0. 1801,  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
( 1) ( ), ( ) 0

( )
1

( 1) ( ), ( ) 0

SOC BESS BESS

SOC

SOC BESS BESS

P k P k P k

P k

P k P k P k





−

+


− + 


= 
 − + 


 (18) 

where PSOC(k) is the remaining capacity of the battery at time k. PBESS(k) represents the 

charging and discharging power of the battery at time k. where is positive for charging 

and negative for discharging.  +
 and  −

 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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*

1 2min( )C f f = +  (19) 

* * * *

1

1

( ( ) ( ) ( ) ( ))
K

FU OM GRID PUNISH

k

f C k C k C k C k
=

= + + +  (20) 

* ( )1
( ) Cos ( )

( )

MT
FU DE

MT

P k
C k t F k

LHV Q k
=  +  (21) 

* ( ) ( ) ( ) ( ) ( ) ( )OM WT WT PV PV DE DE MT MT BESS BESSC k u P k u P k u P k u P k u P k= + + + +  (22) 

* * *( ) ( ) ( ) ( ) ( )GRID Buy Buy Sell SellC k C k P k C k P k= −  (23) 

* ( ) ( ) ( )PUNISH punish loss punish overC k R P k R P k= +  (24) 

*

2 , , ,

1 1

( ( ( ( ) ( ) ( ))))
K n

n MT n MT DE n DE GRID n GRID

k n

f C P k P k P k  


= =

 = + +   (25) 

where 1f   is the operating cost of the microgrid. K is the number of scheduling periods 

of the microgrid, K = 24. 
*

FUC  is the fuel cost of the microgrid at time k, 
*

OMC  is the op-

eration and maintenance cost of the microgrid at time k, and 
*

GRIDC  is the electrical energy 

interaction cost between the microgrid and the main grid at time k. 
*

PUNISHC  is the penalty 

cost for the microgrid to exceed the limit at time k. WT PV MT DE BESSu u u u u, , , ,  are the op-

eration and maintenance coefficients of WT, PV, MT, DE and BESS, respectively. 
*

uyBC  

and BuyP   represent the price and power at which the microgrid purchases electricity 

from the large grid at time k, respectively. 
*

SellC  and SellP  represent the price and power 

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

punishR  punish are the penalty coefficients for load power-off and battery overload, re-

spectively. ( )lossP k  is the power loss of the load at time k, and ( )overP k  is the excess 

capacity of the battery at time k. 2f   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, SO2 and NOX. 
*

nC  represents the cost coefficient for 

treating the n-th type of pollutant, and MT DE GRID  , ,  represent 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 

( ) ( ) ( ) ( ) ( ) ( ) ( )PV WT DE MT GRID BESS LoadP k P k P k P k P k P k P k+ + + + + =  (26) 
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where ( )WTP k  and ( )PVP k  are the scenery output at time k. ( )DEP k  represents the 

output of the diesel generator at time k. ( )MTP k  is the output of the micro gas turbine at 

time k. ( )GRIDP 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. ( )BESSP k  represents the charging and discharging power of the battery at 

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

of the microgrid at time k. 

② DE output constraint 

min max( )DE DE DEP P k P   (27) 

( ) ( 1)DE DE DEP k P k r− −   (28) 

where 
min

DEP  is the minimum output power of DE. 
max

DEP  is the maximum output power 

of the DE. DEr  is the upper limit of the climbing power of the DE. 

③ MT output constraint 

min max( )MT MT MTP P k P   (29) 

( ) ( 1)MT MT MTP k P k r− −   (30) 

where 
min

MTP  is the minimum output power of MT; 
max

MTP  is the maximum output power 

of the MT. MTr  is the upper limit of the climbing power of the DE. 

④ Power grid (GRID) output constraint 

min max( )GRID GRID GRIDP P k P   (31) 

where 
min

GRIDP  and 
max

GRIDP  are the minimum and maximum power traded between the mi-

crogrid and the large grid, respectively. 

⑤ BESS output constraint 

min max( )BESS BESS BESSP P k P   (32) 

min max( )SOC SOC k SOC   (33) 

where 
min

BESSP  and 
max

BESSP  are the minimum and maximum values of the battery charging 

and discharging power, respectively. 
minSOC  and 

maxSOC  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. 
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Table 5. Parameters of each distributed power generation unit. 

Type 
Upper Power 

Limit 

Lower Limit 

Power/kW 

Maintenance 

Unit Price 

(USD/kW·h) 

Upper Limit 

Climbing Power 

(kW/min) 

PV 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-

tants 

Governance Cost 

(USD/Kg) 

Pollutant Emission Coefficient (g/kW·h) 

DE GRID MT 

CO2 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. 

Type Time Period 
Purchase Price 

(USD/kW·h) 

Sales Price 

(USD/kW·h) 

Peak hours 
10:00–15:00 

0.78 0.54 
18:00–22:00 

Smooth period 
08:00–09:00 

0.62 0.53 
16:00–17:00 

Valley period 
01:00–07:00 

0.46 0.52 
23:00–24:00 

 

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

5.2. Analysis of Optimization Results 

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 

objective functions. 
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(a) f’1 (b) f’2 (c) C* 

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. 

Objective 

Function 
GWO SSA ASSA HSSA PSO ISSA 

1f   649.78 543.32 539.88 541.63 581.76 466.10 

2f   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. 

   
(a) f’1 (b) f’2 (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. 

0 5 10 15 20
−30

−20

−10

0

10

20

30

40

50

60

70

P
o

w
er

/k
W

Time/h

 MT  DE  GRID  BESS  PV  WT

24 0 5 10 15 20
−20

−10

0

10

20

30

40

P
o

w
er

/k
W

Time/h

 MT  DE  GRID  BESS  PV  WT

24 0 5 10 15 20
−40

−20

0

20

40

60

80

P
o

w
er

/k
W

Time/h

 MT  DE  GRID  BESS  PV  WT

24

https://doi.org/10.3390/pr14193147


Processes 2026, 14, 3147 17 of 19 
 

https://doi.org/10.3390/pr14193147 

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. 
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