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Magnetic Coupler Bearing Fault Diagnosis Method Based on
IBWO-VMD and CNN-BiLSTM
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(1. School of Mechanical and Electrical Engineering, Anhui Jianzhu University, Hefei, Anhui 230601, China;
2. Anhui Province Key Laboratory of Critical Friction Pair for Advanced Equipment, Hefei, Anhui 230601, China)

Abstract: Aiming at the problem of weak fault signals of magnetic coupler bearings and the difficulty of
feature extraction, which leads to the low accuracy of fault classification, a rolling bearing fault diagno-
sis method is proposed, which uses improved beluga whale optimization (IBWO) to optimize variational
mode decomposition ( VMD) , and combines the hybrid model of convolutional neural network ( CNN)
and bidirectional long short-term memory ( BiLSTM). Firstly, the IBWO algorithm is used to optimize
the two key parameters of VMD (mode number K and penalty factor a). Then, the two optimized pa-
rameters are substituted into VMD to obtain K intrinsic mode functions (IMFs). Next, the IMF compo-
nent with the minimum envelope entropy is selected as the effective IMF component, which is finally in-
put into the CNN-BiLSTM model for fault diagnosis. Experiments are conducted using the public data-
sets from the Case Western Reserve University and the University of Ottawa, respectively. The results
show that the fault identification accuracy of the proposed model can reach more than 95%, which
proves that the present diagnosis method has a significant advantage in identification accuracy. The re-
search results can provide a reference for the fault diagnosis of magnetic coupler bearings.
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Fig. 1 Initialization distribution map of Logistic-Tent mapping
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Tab. 2 Comparison of benchmark function

optimization results
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Tab. 3 Parameter list of CNN-BiLSTM network model
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3 H—1k)2 — 1 024x16 —
4 w2 2x1 521x16 —
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6 BiLSTM — 512x128 128
7 EEEE — 64x32 32
8 Softmax — 10x1 10
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Fig. 5 Bearing experimental setup
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Tab. 4 Description of the bearing dataset
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Tab. 5 Evaluation of noise reduction effect

Bk SNR

VMD ([4,2000]) 10.59
VMD ([4,1000]) 13. 69
VMD ([5,2000]) 12.03
VMD ([5,1000]) 15. 19
BWO-VMD 16. 86
IBWO-VMD 18. 41
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Tab. 6 Comparison of models without VMD treatment

TR R HER /% LW E] /s
CNN 82. 00 22.189
CNN-LSTM 86. 67 141. 561
CNN-BiLSTM 88.33 196. 221
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Tab.7 Comparison of VMD-treated models ®l [t CNN. VMD-CNN. CNN-LSTM, VMD-CNN-
P A WFR/ %  LWiE/s LSTM . CNN-BiLSTM #4 {12 WA 1 43 B3 T+ 7
VMD-CNN 87. 67 12.243 16.67% 11% . 12% . 5. 34% . 10. 34% ., VMD-CNN-
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