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Swarm Optimization
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Abstract ; The blind algorithm based on Particle Swarm Optimization (PSO) can achieve signal blind detection successfully , but has some
defects such as converging to local optimum or slow convergence. By analyzing the performance of the PSO algorithm and the parameter
setting ,an improved blind algorithm based on self-adjustment PSO algorithm is presented. The thoughts are through blind detection sys-
tem model based on MIMO system, translated the blind detection problem into quadratic optimization problem,and the new PSO algo-

rithm was used to solve the problem. The experiment results show that the new PSO has good features such as strong global search capa-

Vol.23 No. 11
COMPUTER TECHNOLOGY AND DEVELOPMENT Nov. 2013

bility ,rapid convergence and short computation time, which confirms the validity and feasibility of this approach.

Key words: blind detection ; self—adjustment factor; PSO
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