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PR3 R B ( MaxFEs ) fi KB ECH 5 000, S (mean ) B A (beat value ) FIHR HE 2 (Std.
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F 3G TR FAE MR B 1 IB 1T 30 KIS I EARE2ER AT R A R R
xR3 BITHERITLE

PREK TR Breed PSO XPSO ASAPSO  AHAPSO SLPSO AWPSO DNSPSO ESLPSO
Mean 1.09x107°  6.09x107"™"  8.52x107% 6.53x107'"* 1.37x107*" 2.66x107> 9.82x107'® 0.00

A Best value  2.73x10™*  2.08x107* 1.93x10™"" 1.36x107"* 5.90x107"* 9.94x107° 7.00x10™'* 0.00
Std. Dev.  1.31x107° 0.00 2.69x107°  1.60x107"" 1.06x107"7 1.27x107* 1.85x10™ 0.00
Mean 1.42x107"  5.25x107°  7.81x107° 1.46x10™* 4.00x10™% 2.30x10™" 3.42x10™" 2.65%107'%

JSo Bestvalue 3.20x107  1.53x107%  6.90x10™® 1.49x10* 5.09x107"° 1.30x107" 1.27x10" 8.05x10™"
Std. Dev.  3.23x107°  1.36x107"  1.59x107* 3.13x10™* 1.05x10™®  7.19x107 5.72x107™° 1.96x107'"

Mean 3.36x10" 2.85 2.69x10"  2.65x10" 5.68 4.72x10"  8.68x1072 1.07
f Best value  2.84x10"  2.44x107°  2.68x10"  2.85x10' 1.48x107* 2.82x10'  6.04x107*  6.16x1072
Std. Dev.  1.94x10" 3.35 6.18x107°  1.11x10™" 9.97 2.99x10"  1.83x10°° 1.75

Mean 5.97x10°  3.17x10°  1.62x10°  1.88x10° 1.63x10°  6.88x10°  4.23x10°  1.29x10°
Sa Best value  5.00x10°  2.47x10°  1.28x10°  1.28x10° 1.28x10°  6.14x10°  2.28x10°  8.29x10*
Std. Dev.  6.76x10°  3.95x10°  2.74x10*>  4.96x10*>  2.74x10*>  6.21x10*>  1.34x10°  1.29x10°

Mean 3.32x10"  1.58x10"  1.44x10"  1.66x10"  1.95x10'  2.76x10'  2.47x10° 0.00
fs Best value  1.89x10' 3.83 0.00 0.00 1.29x10"  2.19x10"  2.08x10? 0.00
Std. Dev. 9.20 3.83 1.39x10"  1.00x10" 2.74 3.19 2.92x10 0.00
Mean 3.60 6.86x107°  1.47x107™"  7.99x107"° 6.93x107"°  5.91x107" 2.66x107" 0.00
fs Best value 3.22 6.22x107"°  2.66x107"°  8.88x107'° 2.66x107"° 9.22x107> 2.66x107" 0.00
Std. Dev.  3.44x107"  2.14x10™° 2.70x107"* 8.52x107"° 3.89x10™° 4.83x10”" 0.00 0.00
Mean 2.92x10°  1.11x107'® 0.00 0.00 0.00 3.63x107* 0.00 0.00
S5 Bestvalue 7.40x107° 1.11x107' 0.00 0.00 0.00 1.61x10™ 0.00 0.00
Std. Dev.  2.31x107°  2.60x107* 0.00 0.00 0.00 1.09x10™ 0.00 0.00

Mean 6.70x107"  1.57x10™% 1.57x10™% 1.57x10™* 1.57x10™* 3.21x107" 2.58x10”° 1.57x107%
S Best value  6.49x107°  1.57x107™% 1.57x10™% 1.57x10™% 1.57x10™* 1.57x10* 1.24x107° 1.57x107%

Std. Dev.  5.69x107" 0.00 0.00 0.00 0.00 7.60x10™*  9.43x10°° 0.00

Mean 2.68 1.35x107*  1.17x107%  1.29x107> 1.57x107* 1.58x107" 3.34x10* 1.35x10*

fo Bestvalue 4.43x107"  1.35x107% 1.35x1077 1.35x107? 1.57x10* 6.40x107° 1.76x107* 1.35x107*
Std. Dev. 3.40 0.00 1.17x107*  1.81x107 0.00 1.42x107"  1.16x107* 0.00

Mean 4.00 7.998x107"°  3.30x107"  2.49x107"  6.81x107" 2.16 3.73x10™"°  8.88x107'¢

fio  Best value 3.10 7.99x107"°  8.88x107'¢ 8.88x107'¢ 4.44x107" 1.36 8.88x107° 8.88x107'¢
Std. Dev.  6.38x107"  1.66x107° 7.38x107"  5.56x107" 1.83x10™°  6.02x10™"  1.59x107" 0.00

Mean 2.96x107*  2.77x107° 0.00 6.12x107*  3.20x107°  1.72x107" 0.00 0.00

S Bestvalue 9.49x107 0.00 0.00 0.00 0.00 1.44x10™" 0.00 0.00
Std. Dev.  2.39x1072  7.83x107° 0.00 8.49x107%  4.20x107°  1.71x1072 0.00 0.00

Mean 2.28%10" 0.00 0.00 0.00 0.00 5.50 0.00 0.00

fiu  Bestvalue  1.40x10' 0.00 0.00 0.00 0.00 2.00 0.00 0.00
Std. Dev. 8.70 0.00 0.00 0.00 0.00 3.39 0.00 0.00
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A novel elite guidance-based social learning particle
swarm optimization algorithm

1 -1 2 . 1 -1
QI Cheng , XIE Junwei , WANG Xue”, FENG Weike , ZHANG Haowei
1.Air and Missile Defense College, Airforce Engineering University, Xi’an 710051, China;
2.School of Information Engineering, Binzhou Vocational College, Binzhou 256600, China

Abstract; To improve the premature convergence and poor global search capability of the classical particle swarm
algorithm (PSO) , this paper proposes a novel elite guidance-based social learning particle swarm optimization ( ES-
LPSO) algorithm. In the ESLPSO algorithm, a hierarchical topological search method is proposed. The method di-
vides particles into optimal elite particles and other civilian particles according to their fitness performance, revolu-
tionizing the update sample of the traditional population iterative search and enhancing the guidance of the whole
population evolution information. In addition, an elite particle-guided social learning strategy is designed to better
utilize the multidimensional information on population evolution by increasing the uncertainty of state superposition.
On this basis, the extremum perturbation migration mechanism motivates the particles to experience new search
paths and regions, increase population diversity and balance the population’s exploration and exploitation in the
search process. Moreover, the Cubic chaos initialization is employed to endow the initial particle population with a
wide coverage in the search space. Finally, 12 benchmark test function sets covering unimodal , multimodal and ro-
tated-multimodal functions are used to validate the performance of the proposed algorithm. The results on comparing
the ESLPSO algorithm with other eight improved PSO algorithms show that the ESLPSO algorithm has excellent

search performances in solving different types of functions, having efficient robustness and excellent solutions.

Keywords: particle swarm optimization; social learning; Cubic chaos; extremum perturbation
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