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Fl
Term
PSO BA CSO ICSO MCSO
10 4.771 5x107"° 90.034 4 2.6991x107"% 1.5537 %1077 0
10 9.9141x10°® 1 067.932 4 2.3753%x107"  6.929 1 x10™"' 0
10 2.7727x107® 547.433 1 1.5802 %107  6.148 0 x 10" 0
10 2.785 8 x10® 327.348 8 6.1315x107™™ 1.799 8 x10~ "' 0
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2
Term
PSO BA CSO ICSO MCSO
10 0.226 41 0.131 25 6.285 10 6.252 70 3.868 x10~°
10 29.688 70 978.681 70 7.204 7 7.241 90 8.491 x 102
10 6. 044 60 149.276 50 6.840 10 6.829 10 4.570 x10°
10 6.071 70 272.497 20 0.296 66 0.295 15 2.606 x 10 >
F3
Term
PSO BA CSO ICSO MCSO
10 3.0279x107* 8.954 7 0 0 0
10 6.992 7 56.712 4 0 0 19.402 0
10 3.112 8 25.3715 0 0 2.3715
10 1.9550 12.918 3 0 0 1.837 7
F4
Term
PSO BA €SO 1CSO MCSO
10 0.039 381 3.829 0 0 0 0
10 0.348 680 33.414 7 0 1.464 4 x107!
10 0. 148 720 15.260 0 0 0 8.1539x1072
10 0.091 360 7.092 1 0 0 6.8214x107?
F5
Term
PSO BA €SO 1CSO MCSO
10 9.7920x10°° 7.349 7 8.8818x107"° 0 0
10 1.7832x10°* 13.242 1 2.664 5%x10°"
10 4.4275x%x10°° 11.2858 6.5133x10°'¢ 0 0
10 3.8492x10°° 1.652 6 9.173 1 x10°'¢ 0 0
F6
Term
PSO BA CSO ICSO MCSO
10 9.8415x1077 .724 3 x10° 1.1082x107™ 1.3557x10"" 8.8414x10°*
10 8.9294x10°° L4524 %100 2.698 7 x107%  4.9277x107"°  5.407 9 x10™*
10 2.6238x%x10°° L9976 x107  2.1009 x107'*  3.470 1 x10™"°  4.662 9 x10 ™
10 2.7221%x10°° .5802 %107 6.8995x107"* 1.2691x107* 0
F7
Term
PSO BA CSO ICSO MCSO
10 2.2035x%x10°* 516 7x10° 4.1851 %107 2.6026x10°"  1.6454 x107'
10 9.6108x107° 361 5x10° 6.0329x107"  2.4293 107" 4.304 8 x107%
10 2.6809x10°° .348 8 x10° 1.2392x107"  3.076 5x10™"™ 1.663 1x107"
10 2.3620x107° 557 4x10°  2.3287x107"°  7.5693x107"  1.298 5x107"
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F8
Term
PSO BA CSO ICSO MCSO
10 2.8118x107° 1.568 0 x10*  2.0960x10°"" 3.1135x10™" 6.7243 x10° "¢
10 1.2849x10°° 9.562 2 x10* 1.050 9 x10™  1.3584 %107 2.1236x107'®
10 1.695 6 %1077 3.754 7x10*  7.3752x107"* 9.6222x107"" 1.7102x10°"*
10 2.904 5%x1077 2.2635x%x10" 2.704 6 x10™""  3.494 4 x10° " 0
6 100
F1
Term
PSO BA €SO 1CSO MCSO
100 21 896.387 5 16 275.123 4  5.0715x1077  8.7393x10™* 2.0085x10°*
100 36 896.574 5 42 796.546 5 155.319 3 21.354 7 2.6283x107"
100 26 894.748 0 27 738.270 1 29.668 9 1.867 5 4.350 8 x10°"®
100 3759.994 8 7 626.996 9 50.028 5 5.642 4 1.3392x10°"7
2
Term
PSO BA CSO ICSO MCSO
100 3.045 8 x 107 2.2522%x10° 1.514 3 x 10° 6.473 6 x 10° 3.618 4 x 10"
100 8.675 4 x 10’ 2.201 9 x 10’ 1.429 2 x 10’ 104.739 1.161 3 x10'
100 4.810 2 x 10’ 7.041 8 x10° 6.526 9 x10° 72.329 3 4.503 3 x 10"
100 1.373 1 x 10’ 5.024 3 x10° 3.485 8 x 10° 45.179 1 1.660 8 x 10"
F3
Term
PSO BA CSO ICSO MCSO
100 779.520 7 133.3596  3.984 7 x10°° 0 0
100 1109.512 5 311.4578 1.2789x10™°  3.908 0 x10~™ 1.911 1 x10?
100 958.344 1 197.3852 3.2610x10°° 2.6053x10°" 3.211 8 x 10"
100 78.690 1 50.407 5 3.8657x10°®  1.009 0 x10~* 3.221 0 x10'
F4
Term
PSO BA CSO ICSO MCSO
100 169.066 3 201.3351 1.5322x1077 0 0
100 339.621 1 466.504 0 9.603 6 0 0
100 251.302 0 322.494 1 1.3452 0 0
100 41.479 5 74.951 7 2.5520 0 0
F5
Term
PSO BA CSO ICSO MCSO
100 14.181 3 12.7242  9.1803 x107°  3.5682x10™2  1.1596x107'
100 16.602 5 15.060 8 9.838 4 4.446 1 x107"°  2.311 7x107'¢
100 15.409 6 13.824 6 5.290 4 1.636 6 x10™"°  7.743 6 x107'¢
100 0.710 16 0.699 25 3.405 2 1.0603 x10™" 5.6581x107'¢
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F6
Term
PSO BA CSO ICSO MCSO
100 1.019 4 x 10* 5.296 2 x 10° 9.2157x107°  7.2478 x10°*® 2.2574x10°"
100 2.208 9 x10° 2.854 9 x10° 1911.089 8 3.442 4 x107° 1.1529x10°°
100 1.555 x10° 1.181 7 x10° 346.250 1 3.2365x107"°  2.3684x107*
100 3.556 6 x 10’ 5.607 1 x107 566.431 9 9.1475x107"  6.5683x1077
F7
Term
PSO BA CSO ICSO MCSO
100 1.877 5x10" 8.525 3 x 10’ 9.0238x10™* 8.5165x10™" 1.7788x107 "
100 3.493 7 x 10" 4.294 8 x 10" 2.038 1 x10° 1.5554x107%  9.196 2x107"
100 2.798 1 x10" 2.746 9 x 10" 4.810 5 x 107 1.7825x10™*  5.3551x10°7
100 4.724 8 x10° 7.173 7 x10° 6.604 9 x 10’ 4.704 8 x10™*  6.8994x10° 7
F8
Term
PSO BA CSO ICSO MCSO
100 2.211 5x10* 1.071 1 x10° 2.6960x10°°  1.9600x10 " ® 1.121 x10°'%
100 4.871 3 x10* 6.121 0 x10° 38.147 7 5.9105x10°%  8.752x10°"°
100 3.220 7 x 10* 2.709 9 x 10° 4.644 9 1.3342x10°9  6.677 x10™"7
100 6 807.950 5 1.207 0 x 10° 11.699 4 1.616 7x10°7  6.453 x10°"°
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The Chicken Swarm Optimization Algorithm Based on Fuzzy Reasoning

SHI Xudong' GAO Yuelin®
(1. School of Mathematics and Computer Ningxia University Yinchuan Ningxia 750021 China;2. Research Institute of Informa—

tion and System Computation Science Beifang University of Nationalities Yinchuan Ningxia 750021 China)

Abstract: According to the fact that CSO algorithm is often trapped in local solution when solving high dimensional

and complex optimization problem the fuzzy reasoning has been used to modify position update formula of hens and

chickens which enhances global search ability of chicken group. And then the weighted particle is used to improve

information sharing among chicken so that local search ability is increased. Finally the Tent mapping has been used

to perturb particle and the chichen swarm optimization algorithm based on fuzzy reasoning is proposed. Numerical

experiments show that the algorithm can converge to the global optimal solution quickly and has high global optimi—

zation ability and computational accuracy.

Key words:chicken swarm optimization ;fuzzy reasoning;weighted particle



