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Adaptive multi-model diagnosis using Monte Carlo method
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Abstract: Commonly, the models of hybrid system switch according to a finite state Markov chain with known transition
probabilities.Fdr state estimation of hybrid system with unknown transition probabilities, an adaptive estimatioﬁ algorithm is pro-
posed based on Monte Carlo particle filtering. The proposed algorithm assumes that tﬁe prior distribution of unknown transition
probabilities follows Dirichlet distribution. First, a set of random samples of model sequence is achieved by sampling. Second, the
prior transition probabilities are calculated by the frequency of model transitions in model sequence samples. Third, the posterior
estimation of transition probabilities is achieved via measurement update and selection. Finally, the posterior estimation of state
and model probability is obtained by particle filtering. In the state monitoring and multiple faults diagnosis of a class of hybrid
system, the proposed method has been proved to be very effective.
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toring and diagnosis of hybrid system)
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Fig. 1 Model posterior probability estimation of algorithm 1 Fig. 5 Posterior estimation of transition probability
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Table 1 Performance comparison of two algorithms

B B2
x; ) RMS 115.3172 184.5566
x; B RMS 19.6196 28.6113

5 518 (Conclusion)
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