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Particle swarm optimized particle filter
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Abgtract : To the problem of particle impoverishment and needing a large sample size for robust state estimation when
initial state is unknown, particle swarm optimization (PSO) isintroduced into generic particle filter. Particle swarm
optimized particle filter (PSOPF) incorporates the newest observations into sampling process and also optimizes it.
Through PSO, particles are moved towards regions where they have larger values of posterior densty function. Asa
result , the impoverishment of particlefilter isovercomed and the sample size necessary for accurate state estimation is
reduced dramatically. Experimenta results show that PSOPF has higher estimation accuracy and better robustness.
Key words: Particlefilter; Particle swarm optimization; State estimation; Mobile robot self-localization
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