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Adaptive particle filtering for dynamic Bayesian networks inference

based on local sample method

QI Wei, WANG Hao, YAO Hong-liang
(School of Computer Science & Technology, Hefei University of Technology, Hefei 230009, China)

Abstract: This paper proposed a local sample adaptive particle filtering ( LSAPF) to resolve the high dimension problem of
traditional adaptive particle filter for dynamic Bayesian networks inference. Based on particle sampling method , introduced the
LSAPF algorithm the clusters idea of BK algorithm to. Acparated dynamic Bayesian networks under the guidance of strategic
relevance and weak interaction of local model, so reduced the sampling model scale and state-space of sampling. Then used
the APF algorithm to execute approximate inference for local model, represented the reliable state as a factor plot of particles.
The experiment result shows that the LSAPF algorithm can make good choice between inference precision and inference time,
and performs better than traditional particle filter algorithms. Especially compared with APF algorithm, the algorithm has
greatly improved on inference efficiency without increasing inference error.
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