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Abstract; In order to realize the state assessment of typical marine power equipment combined with
multi-component failure probability, an equipment state assessment model based on Bayesian network and
remaining useful life was proposed. Taking the centrifugal pump in the typical power equipment of ships
as an example, according to the influence relationship among the components during the operation of the
centrifugal pump, a Bayesian network-based assessment model was constructed. The remaining useful
lives of components were predicted according to the binary Wiener process, which were transformed into
the failure probabilities. Taking the failure probabilities of components as the input of the Bayesian net-
work to calculate the failure probability of the centrifugal pump. The overall state of the centrifugal pump

was evaluated based on the range of its failure probability. The results show that the accuracies of the
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state assessment method for evaluating the abnormal data and fault data of test rig are 95.5% and 99.5%

respectively , which are more accurate than the fault tree-based evaluation model in judging the health sta-

tus of the equipment.

Key words: marine power equipment, Bayesian network, state assessment, remaining useful life
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Fig. 1 Directed acyclic graph of Bayesian network
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Fig. 3 Bayesian network for state assessment

of centrifugal pump
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Tab. 5 Assessment results of various data
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Fig. 4 Assessment result of the method based on Bayesian

network and remaining useful life
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