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Review of Intelligent Device Fault Diagnosis Based on Deep Learning

HUANG Xundi and PANG Xiongwen

School of Computer Science,South China Normal University, Guangzhou 510631, China

Abstract Intelligent fault diagnosis applies deep learning theory to equipment fault diagnosis, which can automatically identify
the health state and fault type of equipment,and has attracted extensive attention in the field of equipment fault diagnosis. Intelli-
gent equipment fault diagnosis realizes equipment fault diagnosis by building end-to-end AI models and algorithms to associate
equipment monitoring data with machine health status. However, there are many models and algorithms for equipment fault
diagnosis, but they are not common to each other. Using models that are inconsistent with monitoring data for fault diagnosis will
lead to a significant decline in diagnosis accuracy. In order to solve this problem,based on the comprehensive investigation of the
relevant literature of equipment fault diagnosis, this paper first briefly describes the model framework of in-depth equipment fault
diagnosis, then classifies, lists,compares and summarizes the models and algorithms according to the specific application scenarios
and equipment monitoring data types,and finally analyzes the future development direction according to the existing problems.
This review is expected to provide a useful reference for the research of intelligent equipment fault diagnosis.

Keywords Equipment fault diagnosis,Deep learning.Feature extraction, Fault diagnosis algorithm, Intelligent fault diagnosis
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Table 1

Summary of feature extraction methods for intelligent device fault diagnosis
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Table 2 Common public data sets
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