BH AL R A

55 26 557 8 JY] Vol. 26 No. 8
2009 4 8 H Control Theory & Applications Aug. 2009

ESS: 1000—8152(2009)08—0915—03

LR SR RO A

HOIKEREL, BReEoR?, s, s
(1. Al BB T, VU1 AR 610021; 2. PURIACIE K 2% B T RE2=BE, DU AR 610031;
3. VERI RS R fi BB E S HAR S, DI 1#T 610031)

WE: 2 T M S VLR R, 2R R TR, el T AR RAT A KA R
FEH BEHLE, Sk It B R B AN, 5T — R AR 2ok B A AR, it 5 22 4 dE b SRR R A T
22 S Wk RS AT ST B, B0AE TS VAR RE. O B Ak R W, ST R AR YK 2 benchmark R £ 1n) 8, 9 H AT
B AR, R DAYE— s R BRI AL

R BHEER e BENLR IR, N BBENUIE R BT R

FE45SES: TP18 XRRFRIZAD: A

Optimization algorithm with stochastic focusing search
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Abstract: A novel optimization algorithm with stochastic focusing search(SFS) is proposed. This algorithm is a swarm-
intelligence algorithm, which imitates the random action in human searching behaviors. The algorithm performance is
studied by using a set of typical complex functions, and is compared with that of the differential evolution(DE) algorithm
and the comprehensive learning-particle-swarm-optimizer(CLPSO) algorithm. The simulation results show that SFS solves
most of the benchmark problems and can be considered a promising candidate of search algorithms when the existing
algorithms have difficulties in solving some problems.
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