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Optimum particle’s initial values’ estimation by array’s Taylor weights

Chou Yongbin' Zhang Shuchun' Li Dexin* Shi Yifu' Jiang Wei®
(1.China AVIC International Simulation Technology and Service Co., Ltd.,Shanghai 201600, China;
2.Department of Bomber and Transport Pilot Conversion, Air Force Harbin Flight Academy, Harbin 150088, China)

Abstract; When particle swarm optimization (PSO) is adopted to optimize antenna array pattern, the optimizer’s

convergence can be greatly improved by the efficient estimations of the optimum particle’s initial values, and some

global optimal solutions better than usual can be obtained. By using the array’s Taylor weighting to estimate the

optimum particle’s initial values, a new method is presented to improve PSO optimizer’s convergence. Comparisons

are made between three methods of estimations, which are random weights, Taylor weights and analytic weights

respectively, it can be said that Taylor weights and analytic weights are both effective to improve the PSO optimizer

convergence relative to the random weights, and they both have similar performance. As the analytic weights only can

be solved by performing large-scale matrix”’ s generalized inversion which is usually difficult and hardly afforded by

common PC, while Taylor weights are relatively simple and easy to be calculated, the practicability of the latter is far

better than the former.

Keywords: nonlinear optimization algorithm; particle swarm optimization ( PSO ); array antenna pattern;

pattern optimization
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