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Fig. 10 Experimental results diagram of different load condi-

tions
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Tab.3 Anti-noise experiment results of models

A7
Inception V1 ~ VGG16  CBAM-Inception
SNR=10 58.43% 73.68% 92.12%
SNR=12 66.77% 82.30% 94.25%
SNR=14 72.73% 87.52% 93.68%
SNR=16 76.42% 90.30% 96.35%
SNR=18 77.67% 91.34% 96.40%
SNR=20 78.74% 91.81% 96.75%
- HE 71.79% 86.15% 94.92%
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A bearing fault diagnosis method combining improved inception
V2 module and CBAM

YAO Qi-shui, BIE Shuai-shuai, YU Jiang-hong, CHEN Qian-xu
(School of Mechanical Engineering, Hunan University of Technology, Zhuzhou 412007, China)

Abstract: The traditional deep learning bearing fault diagnosis method has a complex network, many training parameters, and
weak model generalization. In response to the above problems, under the background of industrial big data, a bearing fault diagno-
sis method combining the improved Inception V2 module and the CBAM attention mechanism is proposed. The improved Incep-
tion V2 module further broadens the branch network structure by adding the average pooling layer, thereby improves network ex-
pression ability. The bearing vibration signal is converted into a time-frequency image through wavelet transform, which is used as
the input of the convolutional neural network. The features of the input are adaptively extracted through the improved Inception V2
module, and the extracted features are organized across channels. Through CBAM attention mechanism, dual attention weights of
channel and space are generated, enhancing the features with high correlation and suppressing the features with low correlation.
The generated feature data is input to the global average pooling layer and the fault diagnosis result is outputted. Experimental re-
sults show that this method can establish a "shallow" convolutional neural network model, reduce model parameters, speed up mod-
el convergence, and achieve an accuracy of 99.75%. At the same time, under different loads and high noise conditions, the model

has good generalization. It is more suitable for application in industrial big data.
Key words: fault diagnosis; rolling bearing; convolutional neural network; CBAM attention mechanism ; fault characteristics
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