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Improved particle swarm optimization algorithm
with probability convergence

QIAN Weiyi, LI Ming
(College of Mathematics and Physics, Bohai University, Jinzhou 121013, China)

Abstract: The particle swarm optimization ( PSO) algorithm is a stochastic optimization algorithm that does not
converge to a global optimal solution on the basis of probability 1. In this paper, we present a new probability-based
convergent PSO algorithm that introduces two mutation operators with exploration and exploitation abilities, which
are applied to the previous best position of a particle with a certain probability. This algorithm converges to the-
optimum solution on the basis of probability 1.We applied the proposed algorithm in 13 typical test functions and
compared its performance with that of other PSO algorithms. Our numerical results show that the proposed algorithm
can improve solution precision and convergence speed.

Keywords: particle swarm optimization; stochastic optimization algorithm; mutation operator; probability

convergence; global optimization; evolutionary computation; heuristic algorithm; Gaussian distribution
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W32 e 4 LDIWPSO CDIWPSO DAPSO SSRDIWPSO IPSO
B SUE 1.802 4x107*® 8.055 3x10™¥ 1.490 6x107 6.891 5x107®  2.997 8x107*
F. 2 W SUE 1.998 0x107" 7.131 7x107% 4.750 8x107" 6.357 7107 4.949 0x10™”
PR SIUE 2.575 9x107" 2.381 7x107% 2.149 4x107" 3.353 2x107*  1.026 2x10™®
Ji 2% 1.759 6x107™" 1.695 2x107* 7.566 9x107*° 2.013 7x107%  2.384 3x1077
AU SUE 1.188 5x107" 6.515 1x107" 7.289 3x107" 1.754 5107 4.928 1x107
r, w2ESUE 7.217 0x10™° 1.190 2x107" 7.899 7x10°° 33250107 1.149 3x107”
T SUA 3.129 5x107'° 6.892 0x107 4.696 6x107° 2.378 8107 1.271 9x107%
% 1.721 0x10°™" 6.055 7x10™% 2.480 3x107" 5.764 2x10™7 1.099 7x107*°
I SIUE 68.453 9 1.184 3 58.269 4 0.092 9 2.352 6x107%
", I ZE WA 668.476 2 55.922 7 577.009 0 4.094 8 7.447 0x107
B SUE 255.741 5 13.927 6 230.084 3 0.858 9 7.865 4x107%
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r, e ZEWSUE 8.298 2 3.883 0 8.747 8 0.977 9 1.009 6x107"
SRS 4.807 3 2.256 1 5.184 8 0.465 9 2.770 1x107%
i % 3.355 2 0.624 4 2.676 7 0.070 2 3.693 2x107%
5 3adI e CIE ] 0.330 8 0.006 9 6.655 2 0.008 3 23.567 9
F, 2 SUE 147.1466 96.355 4 119.877 5 91.975 0 24.636 9
T SUE 50.775 2 35.523 1 44.303 6 39.886 9 24.121 4
I % 1.496 7x10° 877.047 8 1.116 4x10° 906.351 6 0.026 9
A SUE 0 0 0 0 0
F, w2ESUA 0 0 0 0 0
S SUE 0 0 0 0 0
T2 0 0 0 0 0
IR SUE 0.006 4 0.007 7 0.013 1 0.004 7 1.927 1x10°°
. A s 0.049 6 0.035 5 0.044 1 0.021 8 5.276 0x107*
R sE 0.024 8 0.017 1 0.027 7 0.011 5 1.402 0x107°
52 1.081 1x10™* 4.312 5x107° 8.598 9x10~° 1.507 9x10~° 1.112 7x1078
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Table 2 Experimental results for multimodal functions
328 BRI % LDIWPSO CDIWPSO DAPSO SSRDIWPSO IPSO
AU SUE -1.031 9x10* -1.053 6x10* -1.049 7x10* -9.3124x10°  -1.162 2x10*
. w2ESUA -8.582 0x10’ -8.917 5x10° -8.167 4x10° -7.338 3x10°  -9.450 6x10°
8 FESUA -9.297 0x10° -9.692 0x10° -9.378 8x10° -8.084 5x10°  -1.030 1x10*
i 2% 2.223 8x10° 1.741 4x10° 2.281 8x10° 1.932 3x10° 1.589 2x10°
I SUE 16.914 3 16.914 3 21.889 1 20.894 1 0
p w2ESUA 45.768 1 45.768 1 50.742 8 65.667 2 0
9 FESUA 30.470 3 28.621 6 34.197 5 41.987 2 0
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