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Predicting remaining useful life (RUL) becomes significant to implement prognostics and health management of industrial
systems. The relevant studies have contributed to creating RUL prediction models and validating their acceptable performance;
however, they are confined to drive reasonable preventive maintenance strategies derived from and connected with such predictive
models. This paper proposes a data-driven preventive maintenance method that predicts RUL of industrial systems and determines
the optimal replacement time intervals to lead to cost minimization in preventive maintenance. The proposed method comprises:
(1) generating RUL prediction models through learning historical process data by using machine learning techniques including
random forest and extreme gradient boosting, and (2) applying the system failure time derived from the RUL prediction models
to the Weibull distribution-based minimum-repair block replacement model for finding the cost-optimal block replacement time.
The paper includes a case study to demonstrate the feasibility of the proposed method using an open dataset, wherein sensor
data are generated and recorded from turbofan engine systems.
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<Table 1> CMAPSS Sensor Measurements

Symbol Description Unit | Use
4. AI'E:“ Ol_:|?. T2 Total temperature at fan inlet °R
T24 Total temperature at LPC outlet °R 0
4.1 |:."0||_:_.| AE-HEI::I T30 Total temperature at HPC outlet °R 0
T50 Total temperature at LPT outlet °R 0
P2 Pressure at fan inlet psia
A o S e i i
Fel ‘j:rloﬂ 1“ 1= NASA(National Aeronautics and P15 Total pressure in bypass-duct psia
Space Administration)®] CMAPSS E{E 3 <Xl d]o]E] P30 Total pressure at HPC outlet psia 0
AL RUL 4= 2 HA o4t ﬂi‘” 7] A48E 95t Nf Physical fan speed pm 0
AF&-3t99 T CMAPSS ©lolE] A& E7H(0pen)g g o] Ne Ph;{sical core spee('i rpm 0
E_A:L u],g-_‘?_ RUL Gﬂ—i— C{ﬂ_:rLoﬂ }\1 | ]:L‘I %‘Q‘Eli 9)\ [13]‘ epr 'Englne pressure ratio -‘
ol E] o 710 =4S AR Ps30 Static pressure at HPC outlet psia 0
CMAPSS dloJEl:= thaot 22 S4= phi Ratio of fuel flow to Ps30 pps/psi 0
cHuE AZe] F2 F530 WM(fan), A<t U=7](Low NRf Corrected fan speed rpm 0
Pressure Compressor; LPC), 13} $4=7](How Pressure NRe Corrected core speed pm
Compressor; HPC), A%} EJHl(Low Pressure Turbine; BPR Bypass ratio - °
. farB Burner fuel-air ratio -
T OLE 1) . o falo
LPT), J]—_ ; L Ii(l-([)lg};lirezsuri Ttlrblne, HPT)S EEH :4 ° T Blocd Blood Enthalpy - .
2,08 R Aske] dF= Ak A HelHE 4= Nf _dmd Demanded fan speed pm
F ATH27]. PCNfR_dmd Demanded corrected fan speed pm
o Al /\1 .2_24 o] ol 21 5_7] 7 %E‘,_Ei j_rll— HPA‘E 7]]—X] (run- W3l HPT coolant bleed Ibm/s 0
to-failure) kA A7 A F Aok 9lo] 7|2E ) W32 LPT coolant bleed lbm/s 0
{Table 2> Overview of CMAPSS Datasets
Attribute FD0OO1 FD002 FD0O03 FD004
Engines in training set (unit) 100 260 100 249
Engines in test set (unit) 100 259 100 248
Max/Min for training set (cycle) 362/128 378/128 525/145 543/128
Max/Min for test set (cycle) 303/31 367/21 475/38 486/19
{Table 3> Performance Comparisons of Prediction at One Time
Performance FDOO1 FD002 FD003 FD004
RF XGB RF XGB RF XGB RF XGB
RMSE 24.45 24.39 32.20 31.69 42.89 33.23 41.61 38.66
MAE 19.25 20.31 25.78 25.12 31.05 25.74 34.54 31.55
R? 0.65 0.66 0.64 0.65 - 0.36 0.42 0.50
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<Table 4> Performance Comparisons of Average of Last 5 Predictions
FD0OO1 FD002 FD003 FD004
Performance
RF XGB RF XGB RF XGB RF XGB
RMSE 22.17 20.49 28.15 32.48 36.12 21.77 3275 31.36
MAE 17.78 16.01 21.73 24.18 26.21 20.44 26.43 24.78
R? 0.72 0.76 0.73 0.64 0.24 0.55 0.64 0.67
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<Table 5> Failure Prediction of FD0O1(cycles)
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{Table 6> Weibull Distribution Parameters

Engine No. Test RUL prlz;il:gtri%n
1 31 142 173
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3 126 51 177
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