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Table 2 Cifar-10 Sample information of the data set
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Table 4 Comparison of model fault diagnosis accuracy

AL R Fii £ (%) IR
CNN 98.64 82
Alexnet 99.36 67
Resnet18 99.62 16
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diagnosis accuracy
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Deep residual hedging network and its application in fault diagnosis of
rolling bearings

KANG Yuxiang', CHEN Guo™" * , WEI Xunkai2, ZHOU Lei?

1. College of Civil Aviation, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China
2. Beijing Aeronautical Engineering Technical Research Center, Beijing 100076, China

Abstract: A new depth residual hedging network model is proposed. In this model, with the help of Inception stacking
idea, a stacked convolution hedging structural block was proposed to accelerate the convergence speed of the network,
and a new identity mapping block is designed to realize the residual connection between the input layer and the middle
layer. Finally, the follow-up function is introduced in the full connection layer to prevent the divergence of loss gradient.
The depth residual offset network is applied to the fault diagnosis of the rolling bearing. In the preprocessing, the
frequency spectrum of the vibration acceleration signal of the rolling bearing is directly taken as the input of the network,
thus simplifying the preprocessing of the data. Finally, the use of two sets of actual rolling bearing failure data for
methods validation, with deep residual networks (Resnet) , Convolutional Neural Networks (CNN) compared with
other methods such as verification, the results show that this paper proposed the model of the depth of residual hedge
network recognition rate, estimated at 2% more than other models and one third can shorten the training time, fully

shows that the method has strong robustness and fast convergence rate, etc.
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