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ARTICLE INFO ABSTRACT

Article history: Machinery prognostics is one of the major tasks in condition based maintenance (CBM),
Received 2 April 2017 which aims to predict the remaining useful life (RUL) of machinery based on condition
Received in revised form 4 November 2017 information. A machinery prognostic program generally consists of four technical pro-
Acc?pwd 14 November 2017 cesses, i.e., data acquisition, health indicator (HI) construction, health stage (HS) division,
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and RUL prediction. Over recent years, a significant amount of research work has been
undertaken in each of the four processes. And much literature has made an excellent over-
view on the last process, i.e., RUL prediction. However, there has not been a systematic
Data acquisition review that covers the four technical processes comprehensively. To fill this gap, this paper
Health indicator construction provides a review on machinery prognostics following its whole program, i.e., from data
Health stage division acquisition to RUL prediction. First, in data acquisition, several prognostic datasets widely
Remaining useful life prediction used in academic literature are introduced systematically. Then, commonly used HI con-
struction approaches and metrics are discussed. After that, the HS division process is sum-
marized by introducing its major tasks and existing approaches. Afterwards, the
advancements of RUL prediction are reviewed including the popular approaches and met-
rics. Finally, the paper provides discussions on current situation, upcoming challenges as
well as possible future trends for researchers in this field.
© 2017 Elsevier Ltd. All rights reserved.

Keywords:
Machinery prognostics

Contents
B R {1 o Ta 1 ) o U 800
2. Data aCqUISITION . . o ottt ittt ettt e e e e e e e e e e e e e e e e e e e e 802
2.1. Turbofan engine degradation simulation dataset . ... ........... .ttt e 803
2.1.1. Introduction of the dataset . ... ...ttt e e e e e e e 803
2.1.2.  Properties of the dataset ... ...ttt ittt et et et e e e 804

Abbreviations: CBM, condition based maintenance; RUL, remaining useful life; HI, health indicator; HS, health stage; Al, artificial intelligent; FT, failure
threshold; PHM, prognostics and health management; NASA, National Aeronautics and Space Administration; RMS, root mean square; IMS, Intelligent
Maintenance Systems; PHI, physics health indicator; VHI, virtual health indicator; AR, autoregressive; PCA, principal component analysis; SOM, self-
organizing map; HMM, Hidden Markov model; PDF, probability density function; EoL, end-of-life; FPT, first predicting time; SVM, support vector machine;
RVM, relevance vector machine; ANN, artificial neural network; KNN, K-nearest neighbor; NF, neural fuzzy; PE, Paris-Erdogan; KF, Kalman filtering; PF,
particle filtering; IG, Inverse Gaussian; PH, proportional hazards; GPR, Gaussian process regression; FFNN, feed-forward neural network; RNN, recurrent
neural network; SVR, support vector regression; RMSE, root mean square error; CI, confidence interval; RA, relative accuracy; CRA, cumulative relative
accuracy; ETA, exponential transformed accuracy.

* Corresponding author.
E-mail address: yaguolei@mail.xjtu.edu.cn (Y. Lei).

https://doi.org/10.1016/j.ymssp.2017.11.016
0888-3270/© 2017 Elsevier Ltd. All rights reserved.


http://crossmark.crossref.org/dialog/?doi=10.1016/j.ymssp.2017.11.016&domain=pdf
https://doi.org/10.1016/j.ymssp.2017.11.016
mailto:yaguolei@mail.xjtu.edu.cn
https://doi.org/10.1016/j.ymssp.2017.11.016
http://www.sciencedirect.com/science/journal/08883270
http://www.elsevier.com/locate/ymssp

800

Y. Lei et al. / Mechanical Systems and Signal Processing 104 (2018) 799-834

2.1.3.  Applications of the dataset . .. ........ ...ttt it ettt e e e 804
2.2, FEMTO bearing dataset. . . .. ..ottt ettt ettt ettt ettt et et et e e e et et et e 804
2.2.1. Introduction of the dataset . .. ... ... ...ttt e e 804
2.2.2.  Properties of the dataset .. ... ...ttt et e e e e e e 804
2.2.3.  Applications of the dataset . .. ... ...ttt ettt e ettt e e 804
2.3, IMS Dearing dataset. . . . oottt ittt e e e e e e e e e 805
2.3.1. Introduction of the dataset . ... ... ...ttt e e e e e 805
2.3.2.  Properties of the dataset .. ... ...ttt et e e e e 805
2.3.3.  Applications of the dataset . ... ....... ..ttt e et e e 805
2.4, MilliNg datasel. . . oot ittt ettt e e e e e e e e e e e e e 806
2.4.1. Introduction of the dataset . .. ... ... ...ttt e e 806
2.4.2. Properties of the dataset .. ... ...ttt ettt e e et e 807
2.4.3. Applications of the dataset . ... ....... ..ttt ittt et et e e 807
2. 5. EPIlOg . . o e e e e 807
3 003 3 Y Tt (o) o U PP 807
3.1.  HI construction approachies . . . ... ...ttt e e et e e e e 808
2% U0 O & = | PP 808
3002 VHIS. ot 808
3.2, Metrics for prognostic HIS . .. ... .ttt e e e e e e 809
3.2.1.  Metrics depending on a single HI .. ... ... . .ttt i ettt et e et e e e 809
3.2.2. Metrics depending on a Hl and time. . .. .. ... . ittt et e et ettt 810
3.2.3.  Metrics depending on a HI and HS SEQUENCE . . . .. ..ottt ettt et et et et ettt et 810
3.2.4. Metrics depending on multiple HIS. . ... ... i e e e 811
3.2.5.  HyDIid MetriCs . ..ottt e e e e e e e e e 811
0 T 21 )1 o -4 812
HS diVISION . . oo e e e e e 812
4.1, TWO-Stage diViSION .. ... it ettt e e e e 813
4.2, Multi-stage diViSiOn . . ... ...ttt e e 814
4.3, EDIlOg . o ottt e e e 814
RUL PrediCtion . . ...ttt ittt ettt et e e e e e e e e ettt e e e e e e 814
5.1.  RUL prediction apPrOaChies. . . . ..ottt ittt e e e et et et e e e e e e e e 814
5.1.1.  Physics model-based approaches . .. ....... ...ttt e 815
5.1.2.  Statistical model-based approaches .. ... ... ... i e 816
5.1.3. AL AP PIOACHES . . .t ittt e e e e e e e 818
5.1.4.  Hybrid approaches . . ... ... . e e 819
5.2.  Metrics for RUL PrediCtion . .. ... ..ottt ettt e e et ettt ettt et et ettt 819
5.2.1. Metrics depending on ground truth RULS. . . .. ... ... it ittt et et et e e e e 820
5.2.2. Metrics depending on run-to-failure data. .. ... . it e 821
5.2.3. Metrics depending on available Measurements . ... ...ttt ettt ettt it ettt 822
5.3, EPIlOg . . ot e e e e e e, 823
Conclusions and future Challenges . . . ... .. .ttt et ettt et et et et e e 823
ACKNOWIBAGEIMEIILS . . . o oottt ettt et e e e e e e e e e e 826
R T ONICES . . .ttt e e e e e e e e 826

1. Introduction

Condition based maintenance (CBM) is a maintenance strategy which monitors the health condition of machinery in real

time and makes an optimal maintenance decision based on condition monitoring information [1,2]. This strategy is effective
in reducing unnecessary maintenance operations and improving the reliability of machinery, thus becoming more and more
popular in recent years. Health prognostics is one of the major tasks in CBM, which aims to predict the remaining useful life
(RUL) of machinery based on the historical and on-going degradation trends observed from condition monitoring informa-
tion [3-5]. As shown in Fig. 1, a machinery health prognostic program is generally composed of four technical processes [6],
i.e., data acquisition, health indicator (HI) construction, health stage (HS) division and RUL prediction. At first, measured data,
such as vibration signals, are acquired from sensors to monitor the health condition of machinery. Then, from the measured
data, HIs are constructed using signal processing techniques, artificial intelligent (Al) techniques, etc., to represent the health
condition of machinery. After that, according to the varying degradation trends of HIs, the whole lifetime of machinery is
divided into two or more different HSs. Finally, in the HS which presents obvious degradation trend, the RUL is predicted
with the analysis of the degradation trends and a pre-specified failure threshold (FT).

Machinery health prognostics has attracted more and more attention from academic researchers and industrial operators

in recent years. Fig. 2 shows the variation of publication numbers over time on the topic of machinery prognostics in the past
20 years, which is counted based on the search result from the Web of Science. It is seen that the publication number pre-
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