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Rolling bearing fault diagnosis based on DE optimization of
VMD combined with CNN-BiGRU-Attention

Shao Luchuan Zhao Bing Kang Xutao
(School of Mechanical Engineering, Qinghai University, Xining 810016, China)

Abstract: To address the challenges of noise interference, difficult fault feature extraction, and low diagnostic accuracy
in rolling bearing vibration signals, this study proposes a fault diagnosis method based on differential evolution (DE)-
optimized variational mode decomposition (VMD) combined with a comprehensive model integrating convolutional
neural networks (CNN)-bidirectional gated recurrent unit ( BIGRU)-Attention. Following the minimum envelope
entropy principle, DE is employed to optimize VMD, obtaining the optimal decomposition layer number and penalty
factor. The correlation coefficients of intrinsic mode functions (IMFs) under the optimal parameter combination are
calculated, and useful signals are reconstructed based on a predetermined threshold. Comparative experiments with
conventional classification models demonstrate that the proposed method achieves superior performance in accuracy.,
precision, recall and F1 score, with a fault diagnosis accuracy of 99.17%. When comparing the diagnostic results
between raw and reconstructed signals in the CNN-BiGRU-Attention model, the accuracy for raw signals is 89.58% ,
lower than that of the denoised signals. Finally, CNN-BiGRU-Attention was compared with the CNN-bidirectional long
short-term memory ( BiLSTM )-Attention model. The CNN-BiGRU-Attention model showed a 1.25% higher
accuracy, a 21% reduction in graphic processing unit (GPU) usage, a 23 % reduction in central processing unit (CPU)
usage. and a training time that was 35 seconds faster. These experimental results can provide an effective improvement

method for existing rolling bearing fault diagnosis technologies.
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Table 3 Fault diagnosis results comparison of different models %

il Accuracy Precision Recall F1 Score
SVM 77.92 78.25 77.92 78. 04
CNN 81.25 81.55 81.25 81. 06
BiGRU 80.42 82.51 80. 42 79. 86
CNN-BiGRU 91. 67 92.53 91.67 91.50
ResNet 97.08 97. 11 97.08 97.09
CNN-Transformer 97.92 97.96 97.92 97.92
CNN-BiGRU-Attention (J& 4 0 ¥5) 89.58 90. 18 89.58 89.59
CNN-BiGRU-Attention CEE 4 4 #) 99.17 99. 17 99.17 99.17
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Table 4 Average fault diagnosis results from

10 experimental trials %
B 12 Wi 48 A T ME+ %
HEH 2 99.1740. 09
H i % 99.1740. 08
mYEE: 99.1740. 09
F1 #¥43 99.1740. 08

o 40 o

M 4 Z55A] 41, CNN-BIGRU- Attention BiEIZE 10 Y52
I YRR ZERA R T 99. 17% . BA BRIFHIS WO
A 3 ¥ CNN-BiGRU-Attention 5 CNN-BiLSTM-
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Wz M e, LSTM M 3 ANIIRe] G A TT 38 5 1] Fil
HIDM 1 AMEER DI A%, T GRU 01145 i 2
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LSTM Al GRU Wy B2 85 A =R N,
LSTM=4X(d,+d,) Xd,
GRU=3X(d,+d,) Xd,
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Table 5 Model performance comparison table

. A GPU  CPU %kt
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AR AR /s
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