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Remaining Useful Life Prediction for Equipment Using Residual Network

and Convolutional Attention Mechanism

MO Renpeng, LI Tianmei, SI Xiaosheng, ZHU Xu

(Department of Missile Engineering, Rocket Force University of Engineering, Xi’an 710025, China)

Abstract: Regarding the previous remaining life prediction methods, the spatial domain and
channel domain features of different importance in the deep features are often treated equally,
causing a lot of computing resources to be wasted on unimportant features, which leads to
excessive deviations in RUL predictions and failure to perform timely maintenance on failed
equipment to avoid potential safety hazards, an end-to-end RUL prediction method using residual
network and convolutional attention mechanism is proposed. This method first uses the
convolutional layer and the pooling layer to extract and compress the shallow features of the
original monitoring signal. Then uses the stacked residual module to learn deep features while
mitigating the occurrence of gradient dispersion and network degradation Next, the convolutional
attention module weights the deep degradation features of the device to strengthen the more
important features and suppress the relatively unimportant features in its spatial dimension and

channel dimension, so that the network’s attention is focused on information that is more critical
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to RUL prediction task. Finally, the weighted features are input into the fully connected network

and mapped to obtain the RUL prediction value. The experimental verification is carried out

through the PHM2012 bearing data set.

The experimental results show that both the

convolutional attention and the residual structure have a positive effect on improving the

prediction performance of the model. In addition, the root mean square error and average absolute

error of the proposed method on the test bearing are 0. 107 9 and 0. 083 1, which are much lower

than other comparison methods.

Keywords: remaining useful life; residual network; convolutional attention; end-to-end
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Fig. 1 Structure of Residual module
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Fig. 3 Principle of Spatial attention
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Fig. 4 Structure of CBAMI module
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Fig. 5 Residual life prediction model using residual network and convolutional attention
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