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Latest Progress on Maintenance Strategy of Complex System: From Condition-based Main-

tenance to Predictive Maintenance
LU Ning-Yun' CHEN Chuang' JIANG Bin' XING Yin?

Abstract Device maintenance is one of important and effective means to ensure the safety, reliability and availabil-
ity of complex but repairable engineering systems. Maintenance strategy has experienced various phases including
corrective maintenance (CM), time-based maintenance (TBM) and condition-based maintenance (CBM). Condition-
based maintenance is the most attractive one in recent years. It can make in-time maintenance decisions by collect-
ing and evaluating real-time condition monitoring information, hence it can be expected to achieve life-cycle high-re-
liability and low maintenance cost. Enabled by the internet of thing (IoT), advanced information and artificial intel-
ligent (AI) technologies, a novel CBM strategy, predictive maintenance (PdM), is emerging and gaining increasing
attentions. This paper firstly reviews the main development history of maintenance strategy and then focuses on the
latest progress of CBM. According to the differences of decision-support approaches, CBM strategies are divided in-
to stochastic deterioration model based CBM and data-driven PdM. It should be noted that, PAM can be regarded
as an extension of CBM. After that, development branches and research status of each approach are sorted out and
summarized. Finally, the challenging problems and possible future research directions are discussed.
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Fig.2 Illustration of a degradation process with
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UE B T B 4 ) A B SR R A AR . SR [69] 2k
— P v M AL R B e 5] N B3 A T R Tk
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e, BT T BEIR S AN i Kt A4ES A
Wi /MU HARIEATYES RS AELES R RE
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Fig.4  General steps for data-driven PAM
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Fig.5 Relationship between online life prediction and
maintenance decision-making
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Fig.6 Flow of traditional machine learning and deep learning
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Table 1

Prognostic information

ZATRM BESERUL A& D 1 (%) BAED 2 (%) BIRED 3 (%)

170 44 99.99 0.01 0

180 34 99.91 0.09 0

190 24 80.55 19.46 0.09

200 14 0.02 76.96 23.02

210 4 0 0 100
%o ALY %

Table 2  Dynamic predictive maintenance scenarios
BT FSERUL TGS #FWEYS S EYS
170 44 0 0 0
180 34 0 0 0
190 24 1 0 0
200 14 0 0 0
210 4 0 1 1

2) I [ WL 4 (1 ACE Se T B T SEHLRE e 0T
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