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Abstract 
Aiming at the problem that in the later stage of the traditional Particle Swarm 
Optimization (PSO) algorithm, the particle velocity is dominated by the cognitive and 
social components, leading to a decrease in velocity and inertial effect, and making it 
difficult for particles to escape from the local optimal solution, this paper proposes two 
improved particle swarm optimization algorithms, namely the Adaptive Weight Particle 
Swarm Optimization (IPSO) and the Particle Swarm Optimization Combined with 
Chicken Swarm Optimization (PSOCSO). The specific strategies are as follows: First, a 
specific crossover operation is introduced to improve the global search efficiency of the 
solution, which effectively enhances the global search ability and convergence speed of 
the algorithm. Second, the PSO algorithm is combined with the Chicken swarm 
Optimization (CSO) to avoid the situation, where particles gather at the local optimal 
value prematurely and thus lose the ability to explore the entire search space. Through 
experimental simulations, a comparative analysis of the algorithm performance is 
conducted from three aspects: solution accuracy, convergence speed, and problem 
dimension. The results show that the optimized Adaptive Weight Particle Swarm 
Optimization (IPSO) algorithm exhibits significant advantages in performance 
compared with the other three contrastive particle swarm optimization algorithms and 
has stronger robustness. 
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1. Introduction 

Particle swarm optimization (PSO), proposed by Professors Kennedy and Eberhart in 1995, is a 
stochastic evolutionary optimization algorithm based on swarm intelligence [1]. Due to its advantages 
of requiring fewer parameters to be adjusted, fast convergence speed, and high precision, the PSO 
algorithm has been quickly accepted and applied in fields such as path planning [7-9], parameter 
optimization [10], and power systems [5, 6]. After Monika and Sehrawat H proposed the standard 
particle swarm algorithm, many scholars have conducted theoretical research and improvements on 
it: Moazami D and Esmaeilbeigi M [2] studied the convergence of the particle swarm algorithm using 
contraction factors, making the algorithm converge more stably to the optimal solution during the 
search. Twumasi E [3] et al utilized adaptive inertia weights and learning factors to enhance the 
algorithm's ability to solve complex optimization problems. Some scholars have combined chaos 
theory with the improved particle swarm algorithm in an attempt to improve the algorithm's global 
search ability and optimization efficiency [4], others have integrated quantum mechanics principles 
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[5] to change the method of updating particles, thereby achieving a balanced distribution of particles 
in the search space. 

However, for complex multi-objective function optimization problems, the current improved 
algorithms have some deficiencies in terms of solution efficiency and accuracy. The first algorithm 
in this paper introduces an adaptive inertia weight, which adjusts the inertia weight according to the 
stage of the algorithm; the second algorithm (PSOCSO) incorporates the behavior of the chicken 
swarm optimization (CSO) algorithm, and is "injected" into the PSO particle positions at fixed 
intervals, which is equivalent to periodically injecting new search momentum into the PSO population, 
increasing the diversity of particles. The third algorithm (PSOCSOEOBLHM) adds an elite 
opposition-based strategy to prevent individuals from falling into suboptimal solutions too early, 
thereby enhancing the flexibility of the entire solution process and the ability to escape local optima 
traps. 

2. Basic Particle Swarm Optimization   

First, the PSO algorithm initializes a swarm of particles  ),,( 21 iniii xxxX  . During each iteration, 
each particle updates its own velocity and position based on the personal best (Pbest, the optimal 
solution historically found by the individual particle) and the global best (gbest, the optimal solution 
historically found by the entire particle swarm)[11-12]. The update formulas are shown in Equations 
(1) and (2): 
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𝑤 is the inertia weight, which represents the degree to which a particle inherits its current velocity. 
A larger w enhances the global search capability, while a smaller w strengthens the local search 
capability. 21,cc denotes the velocity coefficients, where 1c is the "cognitive component" 
(representing the particle's ability to learn from its own historical experience), and 2c is the "social 
component" (representing the particle's ability to learn from the collective experience of the swarm). 

1rand and 2rand  are random numbers uniformly distributed within the interval [0, 1]. t is the current 

iteration number, and idv is the velocity of the particle at iteration[13-14].  

The main problems of the PSO algorithm are that the search speed slows down and the algorithm 
tends to get trapped in local optima as the number of iterations increases. Among the parameters, w
is a critical factor controlling the particle velocity and global search performance, while the learning 
factors reflect the information exchange between particles and balance the algorithm’s capabilities of 
global exploration and local exploitation. Therefore, improving the inertia weight and learning factors 
is of great significance for optimizing the PSO algorithm[15-16]. 

3. lmproved Particle Swarm Optimization Algorithm 

3.1 IPSO Algorithm 

3.1.1 lmprovement of lnertia Weight 

A method for adaptively changing the inertia weight is proposed. The update formula of the inertia 
weight is shown in Equation (3). 

 



International Core Journal of Engineering Volume 11 Issue 12, 2025
ISSN: 2414-1895 DOI: 10.6919/ICJE.202512_11(12).0020

 

197 

                               (3) 

In Equation (3),𝑡 is the current number of evolutions, 𝑡௠௔௫ is the maximum number of evolutions, 
and 𝑤 is the maximum inertia weight. Initially, wis at its maximum. As the number of iterations 
increases, the inertia weight gradually decreases nonlinearly. This nonlinear dynamic adjustment 
makes the inertia weight related to the particles. It automatically adjusts its value according to the 
change in the number of particle iterations, thereby improving the intelligence of the particle search 
process and greatly enhancing the convergence speed of the algorithm. 

3.1.2 Introduction of Crossover and Mutation Strategies 

In view of the problems of reduced population diversity and proneness to local optimal solutions after 
introducing nonlinear elements, a crossover mechanism from the Differential Evolution (DE) 
algorithm is incorporated to enhance the global search performance of the algorithm. 

When 𝐹 is relatively large, the Differential Evolution (DE) algorithm can maintain good population 
diversity, making it suitable for the initial stage of search. When 𝐹 is relatively small, the algorithm 
can achieve fast convergence. In this way, the mutated individual𝑣௜

௧is obtained. 

The crossover operation is as follows: the trial individual 𝑢௜
௧ = (𝑢௜ଵ

௧ , 𝑢௜ଶ
௧ , ⋯ , 𝑢௜஽

௧ )்is generated from 
the mutated individual 𝑣௜

௧and the parent individual 𝑥௜
௧.  

 

                        (4) 

 

𝑟𝑎𝑛𝑑is a random number uniformly distributed in the interval [0, 1].CR is a constant within the range 
[0, 1], known as the crossover rate. A larger CR’s value increases the probability of crossover 
occurring.𝑗_𝑟𝑎𝑛𝑑  is a randomly selected integer in the range [1, D]. This ensures that the trial 
individual 𝑢_𝑖inherits at least one component from the mutated individua 𝑣_𝑖.The above mutation 
and crossover operations are collectively referred to as reproduction operations. 

Candidate solutions are generated by combining the mutation strategy of PSO, and the specific update 
formulas are as follows: 

 

                          (5) 

 

Among them, and  are three randomly selected individuals. and F 
are mutation factors within the range of [0,2], and their values are set to 0.5 here. 

3.1.3 Algorithm Flow Description 

Step1: Construct a set of m particles, each assigned a randomly generated initial position and velocity; 

Step2: Evaluate the fitness of each particle; 

Step3: For each particle, compare its fitness with the best position achieved so far. If the former is 
better, update the particle's current best position record pbest; 

Step4: For each particle, compare its fitness value against the best positions achieved by all particles. 
If superior, adopt it as the current best position gbest; 

Step5: When the random number rand is less than the set mutation rate, the system adjusts particle 
positions using a crossover strategy; otherwise, it performs optimization operations on particle 
velocity and position according to traditional particle swarm optimization rules. 

Step6: If termination conditions are not met, proceed to Step2. 
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3.2 PSO-CSO Hybrid Algorithm (PSOCSO) 

3.2.1 Chicken Swarms Optimization (CSO) Component 

Role Assignment (Based on Fitness Ranking): 

Roosters: Top 15%; 

Hens: 70%; 

Chicks: Remaining 15%; 

Role-Specific Behavior: 

Roosters: Adjust positions via perturbations with exponential decay, influenced by other roosters; 

Hens: Update positions based on their own led roosters and another randomly selected flock member; 

Chicks: Follow “Hens,” moving toward the hen's position. 

3.2.2 Fusion Steps 

1) Reassign roles and randomly match hen leaders with chick mothers; 

2) Apply CSO behavior formulas to update positions for roosters, hens, and chicks respectively; 

3) Perform out-of-boundary corrections for all individual positions; 

4) Recalculate fitness values and update individual and global optima. Combining swarm intelligence 
algorithms: 

PSO ensures diversity in overall search and global exploration capability, while CSO enhances local 
search and inter-individual coordination through role-based behavior and leadership mechanisms. 

CSO behaviors are periodically “injected” into PSO particle positions at fixed generation intervals. 
This periodically infuses the PSO population with new search momentum and structured exploration 
strategies, improving the algorithm's search performance and convergence quality while preventing 
local optima traps. 

Algorithm Description: 

Role Allocation & Matching: Within the CSO submodule, population roles are randomly reassigned. 
Hen leaders and chick mothers are randomly matched from the hen population to form a hierarchical 
collaborative structure. 

Position Updates: Positions are updated for Roosters (global exploration role), Hens (group 
collaboration role), and Chicks (follow-and-learn role) based on CSO behavior formulas. Roosters 
expand the search range through competitive mechanisms, Hens guide group collaboration via 
leadership, and Chicks perform local fine-search by learning from mother hens. 

Boundary Correction: Perform boundary checks on all entities (including PSO particles and CSO role 
entities). If positions exceed the solution space, correct them according to preset rules to ensure search 
validity. 

Fitness Evaluation and Extreme Value Update: Recalculate the fitness values of all entities. Compare 
and update the PSO's existing best individual solution (pBest) and global best solution (gBest), while 
retaining high-quality solutions generated through role collaboration in the CSO. 

3.2.3 PSOCSO Algorithm Flow 

Step1: Set parameters such as population size, iteration count, and solution space boundaries; 
randomly generate initial positions for PSO particles and CSO roles (Rooster, Hen, Chick); 

Step2: Hen group processing: randomly select some hens as leaders and chick mothers to form a 
hierarchical structure: Hen Leader → Hen → Chick; 

Step3: Position update: 

3.1: Rooster (global exploration) updates position via competitive mechanism: expands search range; 

 

Formula:  𝑋ோ
௧ାଵ = 𝑋ோ

௧ + 𝛼 ∙ ൫𝑋௚஻௘௦௧
௧ + 𝑋ோ

௧ ൯ + 𝛽 ∙ 𝑅𝐷                  (6)                     
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Equation (6) represents a parameter related to hen following behavior in the chicken flock algorithm. 
It controls the step size or weight governing a hen's movement toward the rooster and its own 
historical optimal position. This parameter determines the extent to which hens are influenced by the 
rooster and their own experience during the search process; Typically associated with the rooster's 
position update, it may serve as a modulation factor controlling the amplitude by which the rooster 
adjusts its current position based on its historical optimal position and the global optimal position, 
reflecting the rooster's ability to explore new regions within the search space. 

3.2: Hen (Group Collaboration), guided by a leadership mechanism, hens update positions by 
following the leader; 

 

Formula:      𝑋ு
௧ାଵ = 𝑋ோ

௧ + 𝛾 ∙ (𝑋௣஻௘௦௧
௧ + 𝑋ு

௧ )                      (7)                 

 

Equation (7) serves as the weighting coefficient for different components within the fitness function. 
For instance, in hybrid algorithms, the fitness function may combine features of PSO and CSO, 
adjusting the contribution ratios of each component to coordinate the optimization directions of both 
algorithms. 

3.3: Chicks (Follow-Learning), learning local search from the mother hen; 

 

Formula:    𝑋஼
௧ାଵ = 𝑋ு

௧ + 𝛿 ∙ (𝑋ு
௧ − 𝑋ுோ

௧ )                          (8)            

 

Equation (8) represents a parameter related to chick behavior in the flock algorithm, controlling the 
degree to which chicks adjust based on the mother hen's position and their own location. This reflects 
the chicks' learning and following capabilities within the group. 

Step 4: Boundary Correction. Check if any individual's position exceeds the solution space boundary. 
If so, correct according to rules; 

Step5: Fitness Evaluation and Extreme Value Update. Calculate the fitness values for all individuals. 
For the PSO component: Update the individual best solution (pBest) and global best solution (gBest). 
For the CSO component: Retain high-quality solutions generated through role collaboration. 

Step6: Termination Condition Check. If the maximum iteration count is reached or convergence 
conditions are satisfied, terminate the algorithm. Otherwise, return to Step2 to continue iteration. 

4. Function Selection for Testing 

To comprehensively and accurately evaluate the performance of the improved particle swarm 
optimization algorithm in function optimization, this paper selects four standard functions for testing. 
These functions encompass unimodal, multimodal, and high-dimensional cases, examining the 
number and characteristics of their global and local optima to reveal profound correlations between 
complexity and dimensionality. 

The four classic multimodal test functions are as follows: 

The first objective function, the Ackley function: 

 

                         (9) 

 



International Core Journal of Engineering Volume 11 Issue 12, 2025
ISSN: 2414-1895 DOI: 10.6919/ICJE.202512_11(12).0020

 

200 

 
Figure 1. Simulated image of the Ackley function 

 

The second objective function, the Griewanck function: 

 

                        (10) 

 

 
Figure 2. Simulated image of the Griewanck function 

 

The third objective function: Schaffer function: 

 

                              (11) 

 

 
Figure 3. Simulated image of the Schaffer function 

 

Fourth objective function: Sphere function: 

 

                              (12) 
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Figure 4. Simulated image of the Sphere function 

5. Simulation Testing and Results Analysis 

MATLAB simulations were conducted to compare the standard PSO algorithm, the particle swarm 
optimization (PSO) algorithm fused with the chicken swarm optimization (CSO) algorithm 
(PSOCSO), the adaptive inertia weight particle swarm optimization (IPSO) algorithm, and the elite 
backward strategy enhanced and hybrid mutation strategy-improved fused chicken swarm particle 
swarm optimization algorithm (PSOCSOEOBLHM). All algorithms employed a population size of 
30. The inertia factor was set to 0.5 for the standard PSO algorithm. For the IPSO algorithm, the 
inertia factor decreased nonlinearly from 1.05 to 0.05. Each algorithm underwent a maximum of 2000 
iterations. Each algorithm was randomly run 10 times on the test functions. The following figures 
present the evolutionary convergence curves for the four functions. 

 

 
Figure 5. Evolutionary Convergence Curve of the Function 

 

Figure 5 illustrates the iterative convergence performance of different particle swarm optimization 
algorithms on the Ackley function. From the curve trends, the PSOCSOEOBLHM algorithm exhibits 
a relatively rapid decline in fitness, achieving lower fitness values at earlier iteration counts; followed 
by the IPSO algorithm; the PSO and PSOCSO algorithms exhibit a relatively gradual decline in 
fitness, maintaining higher fitness values at the same iteration count. The IPSO algorithm found a 
local optimum at iteration 600 and a global optimum at iteration 1200; PSOCSO found the optimal 
solution at iteration 400, but its solution value did not match the performance achieved by IPSO; 
PSOCSOEOBLHM found the global optimum around iteration 700. This figure demonstrates that 
the IPSO algorithm exhibits superior convergence speed and optimization accuracy compared to other 
particle swarm algorithms in the Ackley function optimization task. 
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Figure 6. Evolutionary Convergence Curve of Function 

 

Figure 6 illustrates the iterative convergence of different particle swarm optimization algorithms on 
the Griewank function. As the number of iterations increases, the fitness values corresponding to each 
algorithm exhibit a downward trend. Among them, the PSO algorithm's fitness value decreases 
relatively slowly, stabilizing at a higher value around iteration 400; the PSOCSO algorithm's fitness 
value decreases at a slightly faster rate, stabilizing at a certain value around iteration 900; The IPSO 
algorithm exhibits a more pronounced decrease, reaching a lower value than the previous two at 
iteration 1000. The PSOCSOEOBLHM algorithm shows the fastest rate of decline, rapidly decreasing 
throughout the iterations and stabilizing at the lowest value by iteration 800. 

 

 
Figure 7. Evolutionary Convergence Curve of Function 

 

In Figure 7, it is evident that the IPSO algorithm exhibits a rapid decline in fitness during the early 
stages, stabilizing at a low value after approximately 10 iterations, demonstrating superior 
convergence speed and accuracy. In contrast, the PSO algorithm converges relatively later, 
approaching stability only in the later stages of iteration. PSOCSQ and PSOCSOEOBLHM exhibit 
convergence performance intermediate between the two. Overall, this reflects the divergent 
convergence characteristics of different improved particle swarm optimization algorithms when 
optimizing the f3 function. IPSO demonstrates superior optimization efficiency and effectiveness in 
this test scenario. 
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Figure 8. Evolutionary Curve of Function 

 

Figure 8 displays the iterative convergence curves on the Sphere function. As the iteration count 
increases from 0 to 2000, different curves exhibit distinct trends, reflecting changes in the fitness 
values of corresponding algorithms on the Sphere function. Notably, the IPSO algorithm 
demonstrates a rapid decline in fitness during later iterations, yet achieves relatively superior 
optimization performance compared to other algorithms. These curves enable a comparative analysis 
of the optimization capabilities across different algorithms. 

6. Conclusion 

The experimental results clearly demonstrate that the improved particle swarm optimization 
algorithm achieves higher fitness values faster than the traditional version under identical 
computational resources, requiring fewer iterations and exhibiting superior optimization performance. 
Regarding search accuracy, it effectively avoids getting stuck in local optima and more accurately 
locates global optima. During the optimization of the Schaffer function and the Griewanck function, 
the results converged upon by the improved particle swarm algorithm were closer to the theoretical 
optimal values. In terms of global search capability, the improved particle swarm algorithm performs 
well in optimizing high-dimensional complex functions, capable of searching within complex 
solution spaces to find relatively high-quality solutions. 
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