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Multi-strategy particle swarm optimization algorithm
based on dynamic grouping

LI Tong'ou, PAN Dazhi

(School of Mathematical Sciences, China West Normal University, Nanchong 637009, Sichuan, China)

Abstract; To address the tendency of traditional Particle Swarm Optimization ( PSO) to fall into local optima and converge
prematurely, this paper proposes a multi—strategy improved PSO algorithm based on dynamic grouping ( DGMS-PSO). During
each iteration, the population is dynamically divided into elite particles with global guidance capability and ordinary particles with
remaining optimization potential, based on their fitness values. Different velocity update mechanisms and inertia weight adjustment
strategies are applied to the two groups to balance global exploration and local exploitation. Additionally, an adaptive sine mutation
strategy is introduced, which dynamically adjusts the mutation probability according to the search progress, effectively enhancing
population diversity and helping the algorithm escape local optima. To evaluate the performance of DGMS —PSO, comparative
experiments with several PSO variants are conducted on multiple benchmark test functions. Results show that DGMS - PSO
outperforms others in convergence speed and solution accuracy, demonstrating its effectiveness.
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Fig. 3 Flowchart of the DGMS-PSO algorithm
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Table 1 Parameters of Particle Swarm Optimization Algorithm
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Table 3 Test results

D PR PSO PSO_CF LDIWPSO FIPS MPSO CBPPSO HDPSO  DGMS-PSO
F1 FIE 2.87E+01  7.61E+02  1.95E+01  3.50E+02  4.78E-07 4.70E-06 2.90E-24  3.12E-41
FrifE % 1.20E+01 3.51E+02  7.37E+00  1.55E+02  2.95E-06  8.71E-06 1.64E-23  1.13E-40

HE44 6 8 5 7 3 4 2 1
F2 X 5.86E+00  1.48E+01  4.21E+00  7.54E+00  7.48E-02 3.69E-04 5.34E-13  9.50E-21
bRz 2.09E+00  2.99E+00  1.73E+00  1.50E+00 2.76E-01  6.16E-04 1.42E-12  2.79E-20

He# 6 8 5 7 4 3 2 1
F3 FHIE 4.77E+02  3.73E+03  6.35E+02  5.51E+02  5.81E+00  3.64E+02  2.67E-22  2.77E-37
PR 2.44E+02  2.71E+03  2.59E+02  2.56E+02  1.00E+01  1.52E+02 1.27E-21  1.16E-36

He2 5 8 7 6 3 4 2 1
F4 TFHE 9.54E+00  1.75E+01  8.72E+00  6.57E+00  1.20E+01  3.87E+00  4.72E-11  4.98E-16
brifi2 2.25E+00  4.06E+00  2.58E+00  1.21E+00  2.69E+00  8.45E-01  7.49E-11  1.66E-15

He#4 6 8 5 4 7 3 2 1
F5 XA 1.39E+02  1.29E+03  1.23E+02  4.07E+02  2.76E+01  4.56E+01  2.74E+01  2.60E+01
FrifE 6.39E+01 8.69E+02  6.47E+01 2.49E+02  1.47E+01  2.76E+01  6.91E-01  4.54E-01

HE#4 6 8 5 7 3 4 2 1
F6 F¥E 3.35E+01  6.51E+02  2.00E+01  3.70E+02  7.92E-05 6.55E-06 1.14E-01  1.45E-02
bR 1. 63E+01 2.93E+02  8.88E+00  1.39E+02  5.51E-04  1.48E-05 1. 24E-01 3.73E-02

HE44 6 8 5 7 2 1 4 3
F7 X 5.78E-02  1.99E-01 4.65E-02  3.74E-02  2.10E-02  2.48E-02 9.27E-03  3.62E-03
bRz 3.30E-02  1.41E-01  2.04E-02 1.95E-02 1.06E-02  8.48E-03 4.99E-03  1.36E-03

He# 7 8 6 5 3 4 2 1
F8 EHIE -6. 13E+03 -5.69E+03 —-6.24E+03 -3.45E+03 -7.79E+03 -6.74E+03 -6.30E+03 —-9.58E+03
bRz 8.75E+02  9.01E+02  9.26E+02  5.69E+02  7.15E+02  8.48E+02  9.80E+02  7.13E+02

He2 6 7 5 8 2 3 4 1
F9 FHIE 4.45E+01  9.17E+01  3.91E+01  3.99E+01  3.19E+01  5.00E+01  3.34E+01  2.46E+01
brifi2 1.33E+01  1.86E+01  1.44E+01  8.95E+00  1.10E+01  1.20E+01  1.39E+01  8.37E+00

He#4 6 8 4 5 2 7 3 1
F10 FIE 1.33E+00  7.72E+00  1.18E+00  4.18E+00  8.14E-02  1.69E-02  1.63E-02  8.44E-03
Frife 22 1.71E-01  2.84E+00  1.09E-01  1.16E+00  9.10E-02  2.28E-02  3.01E-02  1.05E-02

HE#4 6 8 5 7 4 3 2 1
F11 XA -3.76E-01  4.15E+00 -4.74E-01 -2.36E-02 -9.66E-01 -9.29E-01 -8.99E-01 -9.68E-01
PRifE2E 6.69E-01  2.56E+00  5.12E-01  4.75E-01 1. 24E-01 1.47E-01  2.15E-01  9.10E-02

HE44 2 8 3 1 6 5 4 7
Fl12 X 3.38E+01  2.16E+03  1.62E+01  2.01E+01  1.21E+01  5.00E-01  1.69E+00  9.60E-02
bRz 1.90E+01  8.45E+03  1.58E+01  1.14E+01  5.91E+00  1.26E+00  6.84E-01  1.03E-01

e 7 8 5 6 4 2 3 1
F13 S 1.88E+00  8.30E+00  1.85E+00  2.40E+00  4.29E-03  2.87E-04  1.93E+00  6.81E-02
bRz 1.37E+00  2.78E+00  1.31E+00  7.29E-01  1.72E-02  1.29E-03  2.19E+00  8.34E-02

He# 5 8 4 7 2 1 6 3
F14 X 1.98E+01  1.97E+01  1.98E+01  1.97E+01  1.98E+01  1.98E+01  1.97E+01  1.97E+01
PR 1.03E-01  9.77E-02  1.01E-01  4.10E-02 1.04E-01  9.92E-02  9.40E-02  8.38E-02

He 7 4 6 1 8 5 3 2

YA 5.79 7.64 5.00 5.57 3.79 3.50 2.93 1.79
w4 H 7 8 5 6 4 3 2 1
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