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pairs in electro-mechanical actuator (EMA) under complex working conditions, a fault diagnosis
method based on multi-scale convolutional neural network with squeeze—and—excitation network
(MCNN-SE) was proposed. First, the model’s adaptability and feature discrimination ability for
different fault modes were enhanced by utilizing a multi-scale convolution structure to automati-
cally extract multi-level feature information. At the same time, the SE module was used to
weight the channel features, highlight key features, and suppress irrelevant interferences. Subse—
quently, the extracted features were input into a softmax classifier for intelligent diagnosis and
classification, to improve the accuracy and robustness of the diagnosis. Finally, the proposed
MCNN-SE algorithm was compared with four traditional algorithms of MobileNet, ResNetl§,
CNN, and MCNN to verify its effectiveness. The results show that the average diagnostic accu—
racy of the proposed MCNN-SE algorithm under complex working conditions reaches 98.77%,
with good diagnostic stability and high computational efficiency.

KEYWORDS: clectro-mechanical actuator; fault diagnosis; deep learning; attention mechanism
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Fig. 1 Basic structure of the convolutional neural network
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Fig. 2 Basic structure of the multi-scale convolutional neural network
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