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Deep neural network fault diagnosis algorithm based on

multi-attention mechanism
WANG Xiang .REN Jia
(Faculty of Mechanical Engineering &. Automation, Zhejiang
Sci-Tech University, Hangzhou 310018, China)

Abstract: It is difficult for exiting fault diagnosis algorithms to deeply mine intrinsic information of
complex process data. For this problem, a deep neural network is introduced to enhance nonlinear
representation capacity of the fault diagnosis model. On this basis, three attention mechanisms are
introduced to model the non-linear relationship among the features. Besides, a deep neural network fault
diagnosis algorithm based on multi-attention mechanism is proposed. First of all, the feature position
vectors are generated by feature position embedding method, and the feature position vectors are used as
the input of deep network together with the feature vectors. Then the attention mechanism is used to
calculate the attention features to diagnose the types of faults. Finally. the algorithm is used for Tennessee
Eastman process (TEP) fault diagnosis to test the performance, accompanied with the comparison with
the conventional data-driven methods. The results show that the average F1 fraction of the proposed
algorithm is 10% ~15% higher than that of conventional data-driven methods.
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