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Improved Particle Swarm Optimization Algorithm Based on Game Model
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Abstract: Particle Swarm algorithm as a new evolutionary optimization method can greatly reduce the computational
burden of complex, large-scale optimization problems. This article is based on game theory. On the basis of the particle
swarm it proposeda non-cooperative game model based on particle swarm optimization algorithm, it wses a game
sequence repeated game model. And in repeated games, each game all hope to produce maximum benefits. Nash
equilibrium of the corresponding game process. Function through multiple benchmarks, comparing with the
performance of the algorithm experimental results show that the algorithm is feasible and effective. The study has
important theoretical significance and practical significance onexpand swarm intelligence algorithm." !
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Size Dim Maxiteration PSO L-PSO GPSO
10 1000 149.6123 £ 321.0980 52.0489 * 99.0456 28.5690 * 78.6559

20 20 1500 198.21369 = 364.0012 111.0923 £ 173.9120 79.3124 £ 132.9902
30 2000 271.3690 =+ 368.3366 131.9045 % 136.0980 92.8570 =+ 127.5012
10 1000 63.0143 £ 117.0067 26.1676 £ 66.1111 12.8902 £ 31.1290

40 20 1500 169.0146 £ 307.9801 69.9023 £ 67.1123 39.5609 £ 45.0012
30 2000 222.8661 1 3423678 87.1767% 63.9032 68.0904 *88.0101
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10 1000 34.6390 £ 67.8603 17.0687 £ 26.5890 12.1112 £27.3598
80 20 1600 118.1234 £ 236.8891 61.0356 £ 66.1245 31.8901 £ 37.7809
30 2000 221.6691 £392.0031 62.3466 £ 69.4503 48.1230 =+ 43.1290
10 1000 20.0071 = 39.0073 16.0789 £ 26.9032 11.5501 = 25.4345
160 20 1500 79.0078 £ 140.9901 47.8902 T 46.0023 31.3090 =+ 33.5566
30 2000 104.8012 £ 194.9903 42.9969 & 44.9074 41.8705 =+ 38.7689
2 XL f(2) SR LA
Size Dim Macxiteration PSO L-PSO GPSO
10 1000 6.0023 £ 2.7890 4.6308 +2.2246 3.9634 £ 1.1290
20 20 1500 23.1280 * 6.8997 17.6823 £6.0784 16,6383 * 6.2874
30 2000 48.6432 £ 11.9803 33.6934 £ 9.9045 '29.0874 *9.6662
10 1000 3.8990 & 2.0123 2.9692 £ 1.0684 2.6022 * 1.9864
40 20 1500 16.6678 £ 6.1568 12.7094 ' 4.6840 10.6433 £ 4.4662
30 2000 38.8869 * 10.9062 26.9467 +7.9067 22.1388 £ 7.9704
10 1000 24810 % 1.8034 1.8696 =+ 1.8903 1.2390 % 1.0227
80 20 1500 13.1076 £ 4.2326 10.6870 = 3.0985 7.6677 *3.3139
30 2000 29.3049 X 7.1234 22.7680 = 6.9065 16.8777 £ 6.0965
10 1000 1.6337 £1.1109 1.0668 =+ 0.9684 0.6709 + 0.9531
160 20 1500 * 9.3764 +3.1098 8.2121 £2.2916 6.7602 =+ 3.97365
30 . 2000 23.9643F  6.9056 21.4186 % 6.9499 12.2983 % 6.9036
%3 PR £ (3) Tk fg b
Size Dim Maxiteration PSO L-PSO GPSO
10 1000 8.3124 £2.7026 7.5308 X 2.0121 45160 *1.8742
20 20 1500 34.0965+t 6.2130 21.5823 & 6.4463 13.6383 £ 5.0764
30 2000 69.6432 % 11.1707 54.5934 % 9.0643 24.9992 £ 9.0023
10 1000 5.9407 = 2.0244 3.9592 % 1.7284 1.5022 =+ 1.6876
40 20 1500 19.5678 £ 5.5229 16.5039 & 4.5840 9.6433 + 4.4562
30 2000 99.8859 =+ 10.0956 68.6870 = 7.7643 21.1388 +7.0567
10 1000 6.4810 x 1.3439 5.8696  1.1424 4.1915 +1.0227
80 20 1500 18.1075 F4.2326 17.6870 % 3.0034 6.6577 £3.3139
30 2000 69.3049 * 7.0478 56,7680 £6.7589 34.8777 % 6.0934
10 1000 112.5337+£ 1.1121 102.0558 £ 0.9584 100.5709 = 0.0845
160 20 1500 16.3754 T 3.0281 13.2121 £2.0167 11.7602 £ 3.3048
30 2000 123.9643 £ 5.7055 120.4185 £ 5.9499 99.1863 = 5.0045
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