Journal of Computer Applications

#E AR, 2014, 34(3) : 754 - 759

ISSN 1001-9081
CODEN JYIIDU

2014-03-10
http: //www. joca. cn

N EYRS:1001-9081(2014)03-0754-06

doi;10. 11772/j. issn. 1001-9081.2014. 03. 0754

ETEMAIRTHALER

kigmll, g R AL A K
(1. BB R (58 T2, 7 8 330063; 2.7 B TR0 {58 THS%E, B 5 330099)
(= WAEVEE B TIEAH sunhui@ nit. edu. cn)

B E AT T ERAC(PSO) ik 5 N B30 RAE AL JE B M sl B Al SOy BLAR 0 B 5 - o — FF
AT EHMRHOET BRI R, ZHERATET ASRRRAEE A G EH RS, F R L ERARHRR
B, A BRSO R BRSO B, B RIS RBE LT, X 8 M F AN 2R AR R R B HE 30 £ LRTTH A,
KRR AW, PRI W SOE B Ao TR L LR T — 24 & 0 B T RARAC 3

KR AT BRI & SRR Pl 8 2 B R E

FESES: TP301.6; TP18  CEKFREHG:A

Particle swarm optimization algorithm based on Gaussian disturbance
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Abstract: As standard Particle Swarm Optimization ( PSO) algorithm has some shogicomings, such as getting trapped in
the local minima, converging slowly and low precision in the late of &volution, a¥new) improved PSO algorithm based on
Gaussian disturbance ( GDPSO) was proposed. Gaussian disturbange was 'put into\ut theNpersonal best positions, which could
prevent falling into local minima and improve the convergence spe&d gnd accuracy. While keeping the same number of function
evaluations, the experiments were conducted on eight wéll-knownt’ benchmarkyfunctions with dimension of 30. The experimental
results show that the GDPSO algorithm outperforms/some récently propos€d)PSO algorithms in terms of convergence speed and
solution accuracy.
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