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Bearing Fault Diagnosis Method Based on Variational Bayes

WANG Yan LUO Qian DENG Hui
(College of Information and Communication Engineering, Beijing Information Science and Technology University, Beijing 100101, China)
Abstract Rolling bearings are common parts in rotating mechanical structures and can cause significant damage if they
fail. With the advent of the era of big data,modern intelligent diagnostic methods are widely used in bearing fault diag-
nosis. Aiming at the problems existing in the intelligent diagnosis method, this paper introduced the statistical model in-
to the bearing fault diagnosis,and proposed a fault diagnosis method based on the variational Bayesian. The method per-
forms local feature scale decomposition on the bearing vibration signal to obtain several intrinsic scale components and
extracts the time domain feature composition feature set. The feature set training is used to generate the mixed multidi-
mensional Gaussian distribution model based on variational Bayes.and the different bearings are calculated. The proba-
bility of failure is to achieve fault diagnosis. The experimental results show that the diagnostic accuracy rate is 99. 6 %.
Compared with the bearing diagnosis method based on support vector machine, diagnostic accuracy rate is up to 39. 6 %.

The proposed method can comprehensively and effectively diagnose rolling bearing faults, and has a good diagnostic

effect on high-dimensional complex fault data.
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Fig. 1 Variational lower bound iterative convergence process
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Table 2 Diagnostic accuracy of different ISC training sets
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Fig. 2 Two dimensional mapping of high dimensional test set data
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Table 3 Diagnostic accuracy of different ISC training set
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