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Bearing Fault Diagnosis Based on MCNN-MSA-BiGRU

WANG Xue-chun, LI Xiang, YANG Sui-xian "
(School of Mechanical Engineering, Sichuan University, Chengdu 610065, China)

[ Abstract ]

nosis models, a model based on a multi-scale convolutional neural networks (MCNN) , bidirectional gated recurrent units ( BiIGRU) ,

To address the issues of incomplete feature extraction, poor stability, and limited generalization in traditional fault diag-

and multi-head self-attention mechanism (MSA) was proposed. The model was designed to achieve comprehensive feature extraction
from both spatial and temporal perspectives. It took raw vibration signals as input, and multi-scale features were extracted through con-
volution kernels of different sizes. A multi-head self-attention mechanism was used to dynamically adjust output weights, disregarding
redundant information and weighting the extracted features for fusion. Then the fused features were input into a BiIGRU network, which
utilized a bidirectional information fusion mechanism to explore information from both past and future directions, capturing dependen-
cies between different parts of the input sequence. Finally, Softmax was employed for classification. Experimental validation was con-
ducted using three bearing fault datasets, and the results show that the proposed model has excellent performance metrics on different
datasets and showcases good generalization and feasibility.
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Fig. 1  The structure of BiIGRU
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Fig. 2 The structure of MCNN-MSA-BiGRU
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|

S
>

A #H/HP  (r-min') EHft/in Hox KE
0 Rk 2 1750 0. 007 100 1024
1 Rk 2 1750 0.014 100 1024
2wk 2 1750 0.021 100 1024
3 A 2 1750 0. 007 100 1024
4 & 2 1750 0.014 100 1024
5 A el 2 1750 0.021 100 1024
6 ShE 2 1750 0. 007 100 1024
7 ] 2 1750 0.014 100 1024
8 V] 2 1750 0. 021 100 1024
9 H 2 1750 — 100 1024
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Table 2 The structural parameters of the
MCNN-MSA-BiGRU

Mgz BN BEGE i 11 WO PR
Convl _1 20 64 (None, 256, 64) Relu
Pooll _1 2 — (None, 128, 64) —
Convl_2 10 32 (None, 64, 32) Relu
Pooll _2 2 — (None, 32, 32) —
Convl_3 10 32 (None, 32, 32) Relu
Pooll_3 2 — (None, 16, 32) —
Conv2_1 4 64 (None, 256, 64) Relu
Pool2_1 2 — (None, 128, 64) —
Conv2_2 2 32 (None, 64, 32) Relu
Pool2_2 2 — None, 32, 32) —
Conv2_3 2 32 (None, 32, 32) Relu
Pool2_3 2 — (None, 16, 32) —
BiGRU 64 — (None, 128) —
Softmax — — (None, 10) —
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Fig. 5 Comparison of confusion matrix of different models
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Table 4 Performance comparison of different models
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£ 3 Ottawa HIBEREALIE Table 5 Sample data of the JNU dataset
ATable 3 \Sample data of the OFtav\v}a datas‘et ﬁj}[ﬁjﬁ - EEHL%J‘%E/ RS R
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Table 6 Performance test under different conditions
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