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Fault Diagnosis Method for Industrial Equipment Based on
Extended Belief Rule Base

FENG Shucheng, HE Wei, MA Ning, ZHOU Guohui

(College of Computer Science and Information Engineering, Harbin Normal University, Harbin 150025, China)

ABSTRACT: To address the problems of large sample sizes and complex parameters in industri—
al equipment fault diagnosis, a novel EBRB (Extended Belief Rule Base) model was proposed.
This model had excellent interpretability and rationality, making it easy for technical personnel to
make reliable decisions based on model outputs. First, the model employed the eXtreme Gradient
Boosting method to assess the importance of numerous features and selected the most diagnosti-

cally—relevant ones, effectively reducing the dimensionality of the problem. Then, in the inference
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stage, the projection covariance matrix adaptive evolutionary strategy method was introduced to
optimize the parameters, thereby improving the model’ s performance. Finally, in the output
stage, a threshold-based approach was adopted to limit the number of activated rules, and an im-
proved evidential reasoning engine was utilized to enhance inference efficiency and accuracy. The
experimental results indicate that the proposed EBRB model performs exceptionally well in multi—
ple fault diagnosis tasks. In the fault diagnosis of rolling elements, it achieves an accuracy of
98.15%, tying for first place with the K—nearest neighbors model. In the fault diagnosis of the in-
ner circles, the model attains an accuracy of 90.74%, surpassing all the other comparative mod-
els. In the fault diagnosis of the outer circles, the model achieves an accuracy of 88.89%, which
exceeds that of other comparative models. The results verify the high accuracy and robustness of
the model in complex industrial equipment fault diagnosis tasks, thereby providing a new effective
solution in the field of industrial equipment fault diagnosis.

KEYWORDS: extended belief rule base; fault diagnosis; feature selection; parameter optimi-
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Fig.2 Experimental results of bearing failure diagnosis
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