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Design and implementation of an enhanced
dual-population Particle Swarm Optimization algorithm
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Abstract; Particle Swarm Optimization is widely used in many fields such as function and combinatorial optimization, machine
learning, etc., due to its advantages of fast convergence, easy implementation and less parameter adjustment. For PSO and its many
modified algorithms, the selection of inertia weight has a significant impact on the algorithm’s performance. Therefore, an improved
strategy is proposed for the inertia weight in the classical PSO algorithm, which led to the development of Enhanced Dual-Particle
Swarm Optimization (EDUPSO). In EDUPSO, smaller inertia factors are assigned to the population that evolves to the best position
during evolution, while larger inertia factors are assigned to the population that did not reach the current optimal position. The
algorithm’s design and implementation approach are developed using this idea, and the algorithm s performance is analyzed in
comparison to other classical improved algorithms using various test functions. The results of the tests show that, relative to the
classical PSO algorithm and other classical improved algorithms, this algorithm has significant advantages in terms of search speed,
stability and accuracy.
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Table 1 Comparison of BPSO, WPSO, EPSO and EDUPSO
Ea0 BPSO LWPSO EPSO EDUPSO
fi 6.988e—11(=1.696¢-10) 6.257e~25(+2.101e-24) 2.521e-51(=1.104e-50) 3.247e-58(1.996e-57)
A 2.342e-10(+5.047e~-10) 2.288e-23(+1.318e-22) 1.996e-50( +7.191e-50) 1.982e=57( +9.535¢-57)
5 0.001 7(+0.004) 5.332e-08(22.072¢-07) 1.474e-15(£7.162¢-15) 9.389e-17(23.377¢~16)
fa 2.465e—09( £8.299¢-09) 8.526e-23(+4.657e-22) 2.804e-48(£2.503e-47) 4.176e-56( +2.938¢-55)
/s 5.518(=1.092 6) 4.422(+1.433 8) 3.486(=1.195 6) 3.158(£1.207 5)
fs 5.170(£3.199 6) 3.597(=1.947 1) 3.486(=1.817 4) 3.860(=2.108 4)
fr 0.000 3(+0.002) 0.006 7(+0.012) 0.004 1(+0.011) 0(=0)
fs 1.007e=17( +7.361e-17) 1.004e—39( +8.157¢-39) 4.128e-82( +3.404¢-81) 1.529¢-96( +7.462¢-96)
fo 0.014(=0.081) 0.084(=0.189) 0.156(+0.247 1) 0.302(+0.297)
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Table 2 Comparison of BPSO and EDUPSO in different dimensions
Ei 24 BPSO LWPSO EPSO EDUPSO
20 60.268(£49.728) 4.032(+1.407) 2.929(+0.975) 3.026 8(x1.147)
40 3 196.699( 1 784.725) 4.187(x1.119) 3.025(+0.882) 3.098 2( £1.342)
60 9 104.863( =1 806.536) 4.409(=1.215) 2.978(£1.149) 3.317 6(+1.394)
80 14 516.943(+2 476.530)  4.278(+1.330) 3.086(+1.074) 3.085 7(+1.298)
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