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Abstract

tion was proposed for improving estimation performance and particle impoverishment problem in the particle filter. The

A particle swarm optimized resampling method for particle filter based on Metropolis-Hastings(MH) muta-

new algorithm chooses the MH moving as a mutation operator of particle swarm optimized, combines the mutation oper-
ator with velocity-position searching progress,and generates the particles so that their stationary distribution is a target
posterior density. The new algorithm solves the problem of particle divergence effectively, speeds up the convergence

rate,and improves the estimation precision, The simulation results show that the PSO resampling based on MH muta-

tion can remove the degeneracy phenomenon and improve the tracking estimating effects in non-line system,
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SRPF PSOPF MPSOPF MHMPSOPH

Xy 0. 56482 0. 32642 0. 28945 0.17871
N=50 X 0. 12579 0. 047492 0, 04716 0. 044083
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N=100 Xy 0.006479  0.0031815 0. 003169 0. 002757
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