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Abstract: Particle Swarm Optimization (PSO) and
Genetic algorithm (GA) are widely used in real life
and are constantly improved and integrated. Both of
them have their own advantages in different fields.
Both of them have their own advantages in different
fields. It performs exceptionally well in solving
complex nonlinear problems. This article will
conduct a systematic analysis from the perspectives
of algorithm principles, performance comparison,
and application scenarios, and also explore the
future development trends by combining real-world

cases.
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principle; performance comparison; application

scenarios

1. Introduction

With the continuous development of modern society and the continuous

advancement of technology, a variety of complex problems have emerged, which has

led to the introduction of traditional algorithms. In numerous fields such as
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engineering projects, economic data management, and computer communication, it is
often necessary to complete various tasks with greater accuracy and efficiency. The
emergence of the PSO algorithm and the GA, as two important intelligent
optimization algorithms, has highlighted their outstanding performance in solving
these problems. For instance, it improved circuit performance and optimally planned
logistics distribution routes, cutting costs and shortening delivery time. In industry,
proper production process arrangement and resource allocation enhanced production
efficiency.

However, both algorithms have their own advantages and disadvantages and also
have certain limitations. The PSO algorithm is prone to getting stuck in local optima
and cannot evenly cover the entire space. Meanwhile, the convergence speed of the
GA is relatively slow, and the fitness value becomes relatively lower as the number of
iterations increases. This article will analyze the principles of PSO algorithm and GA,
compare their performance, briefly introduce their application scenarios, and provide

more effective methods and ideas for problem optimization in the future.

2. Analysis of the Principles of PSO Algorithm and GA

2.1. Principle of Optimized Algorithm

The PSO algorithm, proposed by Kennedy and Eberhart in 1995, assumes each
particle as a potential optimal solution in the dimensional space. Particles update
positions based on current locations to reach the optimum. They track individual best
positions as individual optima, and the group records the overall best as the global
optimum (Huber et al., 2024; Hu et al., 2024). The PSO algorithm converges
relatively fast and performs well in continuous optimization. However, it tends to get
trapped in local optima, struggling with complex multi - peaked functions, thus

requiring improvement.

2.1.1 Flowchart of PSO Algorithm

Figure 1
Flowchart of PSO Algorithm
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As shown in the PSO algorithm flowchart in Figure 1, first set initial parameters
and randomly generate N individuals. Calculate system fitness, then compute control
indicators to select better particles for position updating, forming a new swarm.

Meanwhile, update particle velocities (Gupta and Chak, 2024; Saini et al., 2023)

2.1.2 Standard Particle Swarm Expression

In another space, there are N populations. Then the position of the i-th particle is

X;=(Xi1,Xjp,---» Xip), and its velocity is x;=(x;;,X;....» X;p). The iterative velocity of

the particle is as follows:

(1) _
Vi =wr V§+clrl X(PZest,i_x§+CZ'72.(G§7€st_x§) (1)

The inertia weights are as follows:
t
W=Wpax™ / (Wmax_wmin) (2)
max
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The updated positions of the particles are as follows:
xf =t ©

When f(x;)<f(p;), pi=%;; when flx;)<f(p,), pg=%;. Due to different conditions, the

particles update their optimal positions differently.

As shown in Table 1 parameter settings, among which, vi is the velocity of
particle 1 at time t, xi is the position of particle i at time t, w is the inertia
weight, ¢q,c, are acceleration constants, usually c¢;=c,=2, which controls the optimal
positions of individual particles and the entire population.r; and r, are random
numbers within the range of [0, 1].The inertia weight w determines the degree to
which particles rely on their own historical velocities. A larger w is conducive to
global search, while a smaller w is beneficial for local search. The acceleration
constants ¢1 and c2 respectively control the step lengths of the particles’ flight towards
the individual optimal position and the global optimal position (Abibou et al., 2024;
Said and Jawale, 2025).

Table 1

Parameter Settings

Key
Vi Xi Pi Pg w
parameters
) ) Inertia weight,
L . The optimal ~ The optimal .
The direction and The coordinates » o balancing
. ] ] position found position found
Concept  speed of particle of particles in the . . global and local
i by the particle by the particle
movement solution space . search
itself swarm L
capabilities

2.1.3 Improvement of PSO Algorithm

The particle swarm optimization algorithm is widely used, but it has obvious
drawbacks: Firstly, it is prone to getting stuck in local optima, with the particle
information converging and diversity decreasing in the later stage, making it difficult
to escape; Secondly, the convergence accuracy is insufficient, as the heuristic search
makes the convergence slow and the accuracy limited when approaching the optimal
solution; Thirdly, the parameter selection is difficult, as the parameters have a
significant impact on performance and require repeated trials to determine, increasing
the difficulty and cost of use (Jin et al., 2021; Jain et al., 2025; Gao, 2025).To avoid

local optima, a mutation operation can be introduced to randomly change the
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positions of the particles. To accelerate the convergence speed, an adaptive parameter
adjustment strategy can be adopted, such as dynamically changing the inertia weight.
As shown in Figure 2, the objective function of the algorithm optimization is F2. The
surface of this function presents a multi-peak shape (multiple elevated and depressed
“mountains” and “valleys”), and such functions are often used to test the global
optimization ability of the algorithm (it requires escaping from the local optimum and
finding the global minimum) (Deng and Liu, 2025; Seghier et al., 2020).

Figure 2

The objective function of the algorithm optimization
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As shown in the comparison curves of POS and MPOS in Figure 3, PSO (the
blue line) has a rapid decrease in fitness values in the early stage, but after
approximately 100 iterations, it enters a plateau period, and the fitness values no
longer significantly decrease, indicating that the algorithm may have fallen into a
local optimum and is unable to find a better solution. While MPSO (the red line) is
the improved PSO algorithm, its fitness value keeps decreasing and stabilizes at a
much lower level in the later stage (far superior to PSO). This indicates that MPSO
enhances its global exploration capability through strategy improvements (such as
mutation, weight adjustment, etc.), enabling it to escape from local optima and find
solutions that are closer to the global optimum (Laishram et al., 2018; Shui et al.,
2025).

Figure 3
Comparison curves of POS and MPOS
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2.2. Principle of GA

The GA was proposed by John Holland in the 1970s. It mimics the biological
evolution mechanism, such as natural selection and gene inheritance, and through
iterative evolution, it seeks the optimal solution. It represents the solution to the
problem as chromosomes, and multiple chromosomes form a population. The
algorithm achieves the evolution of the population through three basic operations:
selection, crossover and mutation.GA have strong capabilities for searching globally
and can find better solutions in complex solution spaces. However, the computational
load of GA is relatively large, their convergence speed is relatively slow, and they are

also quite sensitive to the selection of parameters (Gao, 2025).

2.2.1 Flowchart of GA

As shown in Figure 4 (the GA flowchart), in the initialization stage, start with
“Start”, then “Set parameters”, and “Generate initial population”. In the evaluation
stage, initiate “fitness calculation” to score each particle based on the objective
function. Then, check the “termination condition”. If the max iterations or fitness
convergence is met, “output the result” and end; otherwise, enter the genetic operation
stage, generate a new population, recalculate fitness, and re - check the termination
condition (Kheirdast et al., 2024).

Figure 4
Flowchart of GA




@E Blology and Medical Engineering

wispov AcapEmic ISSN: 3080-7204] E-ISSN: 3080-7212 Volume 1, Issue 3

Set parameters

!

Generate the
initial population

v

—»{ Calculate fitness

Termination
condition

’ Choice ‘

1

output
result

Generate a new
generation of
population

L]

2.2.2 GA part expression

The fitness function F(x) is used to evaluate the quality of individuals (particles),
and it is defined according to the specific optimization problem. For example, for the
problem of minimizing the objective function f(x), the fitness function can be set as:

Flx)=flx)*e; )

Here, € is a very small positive number, which is used to prevent the denominator
from being zero.

The roulette selection method commonly used in the operation is adopted. The
probability P; of individual i being selected:

F(x;)

SV R ©)

Here, N represents the population size, and F(xi) is the fitness value of individual
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For the crossover operation, let’s take single-point crossover as an example.
Randomly select a crossover point k. For the two parent individuals and the offspring

individual generated after crossover:

X1 =[x,1 (1:6) 0 (k- 1:m) | (6)

X =[2p2(1:6) 1 (k+1:m)] (7

Here, x(a:b) represents the part of the vector x from the a-th element to the b-th
element. The mutation operation has a mutation probability of Pm. For an
n-dimensional vector x, each dimension undergoes mutation with a probability of Pm.
For example, in real number encoding, the mutated element can be expressed as

x;=x;+A, where A is a random perturbation.

3. Comparison of Some Performance Characteristics of PSO

Algorithm and GA

3.1. Comparison of Convergence Speeds

As shown in the convergence speed comparison curve of the PSO algorithm and
the GA in Figure 5, the PSO algorithm shows a rapid decrease in the objective
function value in the early iterations, quickly approaching 0 and remaining stable
thereafter. The GA algorithm also shows a downward trend, but its initial decline rate
is slower than that of PSO. Moreover, it only converges gradually after continuous
iterations within a higher range of the objective function value. In terms of
convergence speed, the PSO algorithm converges significantly faster and stabilizes
after approximately 20 iterations. The GA convergence process is relatively slow and
requires more iterations to approach the optimal solution, demonstrating the
advantage of PSO in rapid optimization. The function selected for the experimental
test is as follows:

Sphere function (unimodal function, used to test the basic convergence
performance and reflect the optimization efficiency of simple problems):

SR=Yi=lnx, 8)

Rastrigin function (multi-modal function, used to test global search ability and

avoid local optimum):
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Sfx)=i=1n[x;;—10cos(2mxi)+10] 9)

Rosenbrock function (ill-conditioned function, used to test the robustness of

algorithms in nonlinear and ill-conditioned terrains):
Sx)=X1=1n—1[1000x;+1—x;5)2+(x;—1)2] (10)
Schwefel function (used to test the performance when the global extremum is
located at the edge of the search space):
f(x)=418.9829n—Y i=1nxisin( | x; | ) (11)
As shown in the convergence speed comparison data in Table 1, PSO converges
significantly faster than GA in both single-peak problems and low-dimensional
multi-peak problems. This is because PSO has a direct position update mechanism,
while GA needs to gradually optimize through complex crossover and mutation
operations.
Figure 5

Convergence speed comparison curve

ou

PSO
GA

600
500
400
300
200

100 -l

0

o 20 40 60 80 100 120 140 160 180 200

As shown in the convergence speed comparison data in Table 2, PSO converges
significantly faster than GA in both single-peak problems and low-dimensional
multi-peak problems. This is because PSO has a direct position update mechanism,
while GA needs to gradually optimize through complex crossover and mutation

operations.

Table 2

Comparison Data of Convergence Speed

Function type PSO (number of iterations) GA (Number of Iterations)
Sphere (10D) 35+2.1 62 +3.8
Rastrigin (10D) 120+ 15 180 +20
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3.2. Fitness comparison

The comparison data in Table 3 regarding the quality of the solution represents
the average value and standard deviation of the final fitness after 30 runs. In
multi-modal and high-dimensional problems, the solutions obtained by GA are of
higher quality (closer to the global optimum) because the mutation operation of GA
can escape from local optima; while PSO is easily influenced by the initial particle
distribution and may get trapped in local optima (Gao, 2025; Kheirdast et al., 2024).
Table 3
Comparative Data on Quality of the Table

Algorithm Optimal fitness mean Standard deviation
PSO 48.3 +52
GA 15.7 +2.1

4. Application scenario

As shown in Table 4 for scenario selection, PSO and GA have different
application scenarios and possess their own advantages and disadvantages. The choice
should be made based on the problem type, computing resources, and quality
requirements of the solution. New technologies such as hybrid algorithm development,
multimodal optimization, and quantum computing can be integrated (Anwar and
Vilas).

Table 4

Scene Selection

Algorithm . . v .
] Priority scenario Application scenario
selection

. . . Discrete combinatorial problem (requires
Continuous space, real-time dynamics, ) ) )
PSO ) ] ) o encoding conversion, efficiency
high-dimensional parameter optimization
decreases)

GA Discrete combinatorics, multi-objective, Large-scale continuous problems (with
structural topology optimization high computational cost)

10
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PSO and GA have extensive application fields. PSO can quickly and accurately
determine the parameters of circuit components in circuit design, optimize the design
of components in mechanical manufacturing, and improve the convergence speed of
Convolutional Neural Network. It is also commercially applied in the autonomous
navigation system of agricultural drones. GA is crucial for comparing and optimizing
gene sequences in bioinformatics. In the logistics field, it is responsible for planning
delivery routes and solving vehicle routing problems. In industrial production
scheduling, it optimizes processes and task allocation based on various factors to

improve efficiency (Gyan and Amit, 2023).

5. Summary and Outlook

This article analyzes and explains two classic swarm intelligence optimization
algorithms, namely PSO (PSO) and GA (GA). It also introduces their principles.
Through data analysis, it is recognized that PSO converges faster in single-peak and
low-dimensional multi-peak problems, and is more suitable for continuous-time
scenarios. While GA performs better in multi-peak and high-dimensional solution

quality, and is more suitable for discrete combination and other scenarios.

5.1. The Implications of Learning and Practice

Through the analysis of various experiments, we have mastered the algorithm
learning framework of “principal analysis - performance verification - scenario
adaptation”, which can solve problems from both the mathematical model and data
analysis perspectives. By comparing the convergence speed and solution quality of
the PSO algorithm and the GA, we deeply understood that “there is no universal
algorithm”, and more often, a combination of the two is needed to achieve the desired

effect.

5.2. Future Outlook

In the future, the PSO algorithm and the GA are likely to be deeply integrated.
The two complement each other and make up for each other’s weaknesses. PSO

converges quickly, while GA has a strong ability for global search. When combined,

11
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they can enable many fields of society to solve problems that were previously

unsolvable and move towards the path of progress.
Conflict of interest: The authors declare no conflict of interest.
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