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Abstract: In intelligent manufacturing, the prognostics and health management of the equipment driven by big data has been paid much
attention. In recent years, because it can capture more hidden knowledge in the process of feature extraction of hierarchical structure and
has good data adaptability across a variety of domains, deep learning has become a hot topic in the field of equipment health
management. It has been widely used in equipment fault diagnostics and prognostics. This paper systematically reviews emerging
literatures on the application of deep learning in equipment health management. It summarizes, classifies and explains main publications
on this trendy topic. Various architectures and related theories are also discussed. As a review, this paper expounds the achievements,
challenges and future development trends of the deep learning in the field of equipment fault diagnostics and prognostics. It provides a
clear direction for practitioners including the industry to select, design or implement deep learning architecture for the equipment health
management.
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Fig.2 Intelligence fault prediction and diagnosis method
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Fig.6  Classical network architecture of RBM \DBN and DBM
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Fig.8 Two stages of the applications of deep learning
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FAS T A G TAE . FEBOR B ASRIR G 8L
HABS AR SR AL 2 A B S8 i Jmy v
k2] MEACTR BE 2% I A AY ORI Pl A PR R 45 FF
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FREE S, XA D-5 /R 1] K HL ( D-Markov machine,
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XDMM) A RS 5L R RE SR AR , an &l 9 b I, s, S
T a b [E] IR S e B B 38 ST AE I 5 9K I 4 A i) iR
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Fig.9 Framework of SPNN-CNN
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Fig.10  Framework of NSAE-LCN
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PEREH T T e GG 6K, PR T —Fh4h & Nesterov
Bl A A 5 T R TR AR A R 4, 0T T e R
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diagnosis framework
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Fig.12  Schematic of GAN
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