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Optmizingmethod for fault diagnosis strategy
based on Bayesian networks

L I Jian-chuan, HU N iao-ging, QIN Guo-jun, W EN X i-sen
(College of M echatronics Engineering and A utomation, N ational
U niversity of Defense Technology, Changsha 410073, China)

Abstract: Themain problens in device fault diagnosis and maintenance are pointed out The Imitations
of existing diagnosticmethods to handle these problem s are analyzed, and an optim izing method of fault
diagnosis strategy using Bayesian networks is presented The proposed Bayesian networks structure
oconsists of fault hypothesis nodes, observation nodes and maintenance nodes, w hich ismore suitable for
fault diagnostic strategy. The optimizing algorithm s are given to deal w ith situations including multi-
fault, observation options, and dependent relations A n gpplication exanple show s that thismethod is
effective to fault diagnosis and maintenance under uncertain and incomplete situation
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