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Abstract

Fault diagnosis classification technology has been widely used in the industry and has played a
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key role in the maintenance of industrial equipment. However, the automatic fault diagnosis clas-
sification technology currently has shortcomings. It requires accurate automatic diagnosis of
equipment and machinery, and accurate analysis of equipment failures, the cause of the occur-
rence so as to determine the location of the fault. Aiming at the particularity and complexity of in-
dustrial rotating machinery and equipment, deep learning algorithms are introduced to improve
the accuracy of equipment fault classification. Firstly, a data set is established for rotating machi-
nery and equipment, and features are extracted through deep learning algorithms. Multiple net-
work layers are used to iteratively learn equipment fault features. Finally, the deep learning algo-
rithm model is optimized to output different types of equipment faults to improve the accuracy of
system classification. This paper also summarizes and analyzes fault diagnosis and classification
technologies, and then focuses on the application of deep learning fault diagnosis technology in
industrial mechanical rotation. Finally, it puts forward the shortcomings of the existing deep
learning fault diagnosis classification technology research and development methods, and hopes
the deep learning field has a very good development in fault diagnosis technology.
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Figure 1. Flow chart of fault diagnosis model
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