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Abstract Aimed at the problems that fault diagnosis is low to accuracy caused by extracting fault features diffi-
cultly, and vibration signals of inter-shaft bearing on aero-engine are susceptible to noise interference at present, a
fault diagnosis method is proposed for aero-engine inter-shaft bearing based on the improved residual attention net-
work and bidirectional long short-term memory neural network (BILSTM). Firstly, taking the original vibration
signal as a model input, the local spatial features are extracted from the raw data by utilizing one-dimensional wide
convolution, and the high-frequency noise is suppressed. And then, a residual network in combination with the

improved channel attention is utilized for enhancing model attention to important features and reducing model com-
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putational complexity, and the processed features are input into BILSTM to further extract temporal correlation

features. Finally, the features are input into the Softmax layer for fault classification. The experimental validation

is conducted by using the Harbin Institute of Technology Aeroengine intershaft bearing dataset, and the results

show that the proposed model can maintain the diagnostic accuracy of 98. 64 % even in the high noise environment

with the signal-to-noise ratio of —4 dB, is prior to the other comparative models, and has the better ability to ex-

tract features and resist noise.
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Tab.3 Ablation experiment results under different SNR con-

ditions
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RSO R BEAY 2 FE 3

—1 98. 64 93. 86 95. 11 95. 81
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2 100. 00 98. 75 99. 83 99. 61

4 100. 00 99, 36 99.92 99.75

6 100. 00 99, 83 99. 94 99. 92

8 100. 00 99, 94 99. 97 99. 97

10 100. 00 99. 97 100. 00 100. 00
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4 100.00 98.72 93.72 99.67 96.92
6 100.00 99. 06 95.08 99.75 97.53
§ 100.00 99. 22 96. 94 99. 81 97.97
10 100.00 99. 44 97. 83 99.92 98. 25
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