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Fault diagnosis of rolling bearings in variable multi-load conditions
based on MSDNet based on Adabelief optimizer

Gao Lele Cui Baozhen Wang Haonan
(School of Mechanical Engineering, North University of China, Taiyuan 030051, China)

Abstract . It is difficult to identify the fault features of rolling bearings under multiple working conditions. In this paper, one-dimensional
multi-scale dense network ( MSDNet) was applied to fault diagnosis of rolling bearings from the perspective of data-driven. Firstly, the
time domain signal is used as the direct input of MSDNet to maintain the inherent characteristics of the signal. Secondly, three parallel
convolution operations were used to extract multi-scale information inside the bearing fault signals. The addition of dense network
prevented the loss of features in the process of information transmission, and alleviated the gradient disappearance problem in the model
appropriately. Then, the Adabelief optimization algorithm is used to optimize the model parameters during the training process, which
makes the model converge quickly and improve its generalization performance. Finally, confusion matrix and feature visualization were
used to demonstrate the classification performance of the model. Several experiments have been carried out on Case Western Reserve
University bearing datasets and Xi'an Jiaotong University datasets, and the fault recognition rate of the proposed algorithm can reach more
than 98% , which proves the effectiveness of the proposed method.
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Fig.3 Frame diagram of multiscale dense network
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Table 2 Prediction accuracy of five experiments (%)
SR B MSDNet ResNet DenseNet AlexNet

1 99. 87 92. 69 76. 62 94. 08

2 99.92 88. 44 85.54 94.92

3 99. 95 91.74 82.28 96. 85

4 100.0 89. 28 80. 49 90. 77

5 99.97 85. 10 88. 74 93.23

FHE 99. 94 89. 45 82.73 93.97
brifti2: 0.049 7 2.988 0 4.652 1 2.2359
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