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Empirical Research on Remaining Useful Life Prediction Based on Machine Learning

WANG Jia-chang' ,ZHENG Dai-wei’ , TANG Lei' ,ZHENG Dan-chen' and LIU Meng-juan®

1 Science and Technology on Reactor System Design Technology Laboratory, Nuclear Power Institute of China,Chengdu 610213, China

2 Network and Data Security Key Laboratory of Sichuan Province, University of Electronic Science and Technology of China, Chengdu 610054,
China

Abstract Remaining useful life(RUL) prediction is one essential task of the predictive maintenance system. This paper investi-
gates the latest RUL prediction methods,focusing on direct RUL prediction based on machine learning. Firstly, we describe the
four representative machine learning models adopted by the RUL prediction methods,including support vector regression(SVR) ,
multilayer perceptron(MLP) ,convolutional neural network(CNN) ,and recurrent neural network(RNN). And then,we give the
three primary benchmark datasets and two performance evaluation metrics widely used in RUL prediction. The contribution of
this paper is to demonstrate the steps and key technical details of how to build the RUL prediction models over the benchmark
dataset(C-MAPSS) provided by NASA. We also compare the performance of these representative prediction models in detail and
visually analyze the experimental results. Experimental results show that the performance of SVR with a shallow structure is sig-
nificantly weaker than those based on deep neural networks. CNN and RNN based models have a solid ability for mining complex
feature interaction and temporal feature interaction. Finally, we provide an outlook on the future of predictive maintenance tech-
nology and discuss the main challenges.

Keywords Predictive maintenance, Remaining useful life prediction, Machine learning., Support vector regression, Multilayer

perceptron, Convolutional neural network, Recurrent neural network
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C-MAPSS 3 . , [13-16,
i B # NASA # CMAPSS fi 24-26,28]
g~ RREEREEARIN ——
PHM 08 B E AR Do Lnafnan,
26.30]
B FEMTO-ST #F % Ffr # [18.23,

wA PHMIZ s s 33-35]

# UC Berkeley # f # %t
Tl B R Al B 4

%71 milling [15,17.32]

3.2 EHIEER

AR iR 2% (RMSE) 11T 43 (Score) 1E
RUL 75 U AR 11 14 BE 2F 48 A 8 SC 43 ) an =X (3) ATk (4)
FF7R o

(3)

A

N e R )

Score = DA, A, = Yo 5
i=1

A
YiT v

o A
e N —1, y,*y,>o

FUoR LN R IR A R R AR B s Ry, 4 B SR
AL AEAS B B RUL MR RUL, X F Score #6547, A,
FER B BE A 1915 4) . Score 8 K7 X T RUL T {4 /N T
L ST 1 1 0 T 43 BRI L R T KT S (E Y B AE T 4
Bogrm . X g Nk #E RUL B b 5 b, B0 48 0 K S 80iy
& KT HOE /N T B8 RUL A a5,

4 SESHR

4.1 HEENR

A SC R L NASA 19 C-MAPSS 8 J5 %& S HL 25«
P 58 A0, A 28 RUL 00 AR 8 e 57 (14 386 A 25 ORI 4 AR 4075
A S AR C-MAPSS B 4. B a4 A T4k
FD001,FD002,FD003,FD004, 7E&ATHEFiLE TRER
BHHLTE 2 PR AR S T80T, IE #3247 2R IR & 2
Bl . 23 HIH T B AR T B RS B, Ko FDool
T K s L AE O B R E T 1 RO AR R 1 R T
W32 A7 bR 25 R f7 B L T 080 2 00 e TRD 174 25 Ak B A — 300 FDO002
M FDo04A 4 6 Fh T.OL I &, F iz T RS LK E I, K T
PR TR — A5 RS S B AR Ak R g AT RE 58 e TR, R
B TS5 W Be £ W RUL 1900 82 B0 i vk 6, 19 I 55

B AR TR K S LB AT Ll s #EAT SR 2 L 1 BE AT Ak

WA UNGREE DL 45 I T B R S HL IE WIS AT B R 2

SEREPUL MR P, L I T R alis Fr RS2 5w — B

TR o LA R 0T 14 5 U T A 390 8 A s LR AR L2 RUL M.
3 HdE THEM G

Table 3 Statistics on four subsets

FDoo1 FD002 FD003 FDo04

g A R 1 1 2 2
TRER 1 6 1 6
LEFLH &8R- 100 260 100 249
PR & [ 100 259 100 248

4.2 BARUERFSFEHLE

LEE A el R RSN 2 N SO 1 1 S R R 52
AUNREA L& I P RR S S HRIE. SIAT A K 1 A4
8] JEL 01 A% i sl B AL A A 11 AR . R — AN B & B
HLAY BB AT R T, W sh & O/ WL XAz 17 8L
WA AR T—W 1 AL IZRAEA B AR R T (D
TR 4 53 B R iR B EAT BRac . AR b A R S AL BT A
AR A SR ep A Y ) S O R AR
/N U P o f B ) S 39 4 S BB IR TR A

Time | 3ME(EIZE A HMANERBEHK

1 Sety, Sets, Sets, X1, X2, X3, X4,°**, X2

2 Sety, Sety, Setz, Xy, Xg, X3, X4,""", X2

3 Sety, Sety, Setz, Xy, Xg, X3, X4,""", X2

4 Sety, Sets, Sets, X1, Xz, X3, X4,°**, X2

5 Sety, Sets, Setz, X1, Xg, X3, X4"**, X2y

192 Sety, Sets, Sets, Xy, X, X3, X4,°*", Xo)

Vel 11 0 3 3 B IR I R A 2
Fig. 11 Tllustration of constructingsample using sliding window
TEREA M 52 SR 7 0 O A 12 40 0 2 Bk A7 1
AbEE, BT FD002 #1 FD004 4 6 Fh T80 5 &, AN [F T.00 % &
Al fE PR S P R I R P BRI AR A . Wik,
BRI TFEF M LHIET 3 8T S TR,
25 6 BRI TR E T MRS HGE . AR T2
STF SRR GOXNFEARN G SEHTH - XH 2, R
RFEARTE m MME RIS S BAESE kA LR E T BE, 2
BHm MRS EAEE M T T AW, 0, & XK
TSR b P T BB R BUE A 2% .

Lok~ Mok
e (5)

Ok

TEMCER AL b, W] DU 2 54 2 8078 B bt A8 b iy 28 Ak ith
2R, i A R R AT AT LUR IAE 21 ME R S
B, B4 SR AR fh T R O B 3 AR A R X S SR
o FRAE AT RE 23 T 0B R B TR0 P R PR AR SRy S g b H ik
BT R A W AR 14 MEREE ST S
Sl 2.3.4.7,8,.9.11,12,13,14.,15.17,20,21, &4 34
THEESH. B HEARDEENRIEE N 17 4 AW
RUL #ric K Han &l 4 Jros 53 Be &t % . RUL, B8 2 125,
4.3 REPARRMEEILE
4.3.1 AT SVR a9 F7ml 4Z A b 58 8 4L

ML 25 I BT S5 M 35 T 2 RUL W00 A 4 A9 5G4, ARy
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Xt JUASAR e P (B2 2 ) B0 1) 5000 1 RE AT 1EAR .l )
SRR 1 B AR T X S D RN R R B T
o T B AY) SVR A B I8 S (8] 0 10 /N %M 8 109 5 e o DA T
EASTIG P EAYE 0K/, SVR B8 oR B0k v 00 4% pR
MR BB 1R/ 1,10,20,30,40,50, 75 2 Y 1 BE 45 bk a0
% 4 51,
F 4 HFTF SVR M RUL M4 B
Table 4 Performance of RUL prediction models based on SVR

W HE B AN 1 10 20 30 40 50
RMSE 19.03 20.09 18.56 16.12 14.55 14.44
FD001
Score 1587 1998 1242 633 411 333
RMSE 18.50 17.43 16.06 15.18 14.00 13.44
FD002
Score 8020 2295 1405 1140 840 793
RMSE 21.56 22.06 20.88 19.11 17.68 16.90
FD003
Score 3122 3208 2278 1462 1066 1062
RMSE 21.56 19.70 19.16 17.84 16.77 16.22
FD004

Score 5733 3587 3626 2269 1565 1370

AT L& B B R S O RN I R A R B I
I 2 A0 B T R 0% B 3 s s . X R B
BT 0 /NS, R A A B R RS B 2 1 2 L 1S
TR ASE 250 AT LA T 89 45 5t 35 A, AT 45 T T A R T 4 e

Mg O RGNS 50 B, SVR AYPERER B R, HiE. h T
MR R 5 & KL R G TH S BIPREE, b iz
TR R & 31 Auf R E, MR KEHRL KK, &8
HEEHAGFEL L  TRESE MBI PERE . B, 72430
JREES R T BB A 0 R/ 40, R, 2 4 SR B EBR
SVR REBUFEC4F 1Y RUL B AR .
4.3.2 A& F MLP & T A A& M 5 8 &
8K AT IR M MLP B RUL Bt BE. A
THRRE BT ZE G R BB R R 40 1,3,5,7, 1%
RS S B 100,200,300, 400, 500, B2 A R Re-
LU, SCB 85 003k 5 07 g) . A Sese 45 R b ml LWL 5], R 6
ot 74 X B B MLP 25 M0 A 22 5. FE AR SCI i h L
Score 43 e /IME S fie A 3% B 1 K 4%, B ik FDoo1 rh & 5 A
B2, B AN B2 300 A1 ST BRI Score 43 0w Ik s FDOO2
FD003,FD004 #f2 1 A~ FUZ , B K2 100 A1 1 i BUis 19
Score S BUEAR . X —FREE R TIHERZHB L B2
WAEOE L BRI M Bk AT X R R O TE N R AR A
PRI LT o — B4R T B 2 Bk B 2 07 s, 23 (AR A T 22
WS T 2, TS B R R A R e A A Y
PERE

#5 HF MLP B RUL i 4 4

Table 5
(a)FDO01 I Y1 BE T4 45 31

Performance of RUL prediction models based on MLP

(b)FD002 |- 1 fil I 11 45 S

Ve B A
BE % RET AR

¥ AR

RS

LR EER Is & %

100 200 300 400 500 100 200 300 400 500
RMSE 13.76  14.24 1411 14.20 1447 RMSE 1382 14.27  14.57 14.81 14.77
Score ! 333 349 341 332 323 Score ! 794 875 937 922 938
RMSE 14.82  14.40  14.22  13.95 14.35 RMSE 15.95 1571 14.89  14.40 14.83
Score ’ 392 331 348 318 373 Score ’ 1165 1074 1108 937 967
RMSE B 15.38  14.07 13.19  13.52  13.56 RMSE B 16.86 15.87 14.58 14.75 14.45
Score ’ 375 337 274 328 311 Score ’ 1143 978 901 800 971
RMSE i 15.47 13.03 13.68 13.70 13.51 RMSE 18.77 15.56  14.79 15.81 15.58
Score ' 394 289 366 308 291 Score ! 1202 1111 1005 1109 934
(e)FDO03 b 1Y P B 3T 45 2R (DFDO04 iy {1 BE 1T 45 S
Rian REK RETRA . Rk BER RET AR
100 200 300 100 500 100 200 300 400 500
RMSE 12.54 12,71 13.04 13.09 12.79 RMSE 15.59  15.69 16.12 15.24 15.31
Score ! 286 310 333 327 291 Score ! 999 1121 1644 1027 1011
RMSE s 13.23  12.86 12.82 13.42 12.62 RMSE s 15.40 1535 15.43 15.53  15.37
Score 361 353 340 391 302 Score 1147 1047 1162 1158 1177
RMSE B 13.94  13.63 12.77 13.44  13.29 RMSE _ 16.31  15.54  15.01 14.93  14.61
Score ’ 292 375 387 359 357 Score ’ 1378 1257 1124 1263 1112
RMSE , 17.22 14.38 13.81 15.05 14.57 RMSE ) 23.77  14.74 14.94 1513 14.63
Score 422 1410 369 128 112 Score 2345 1101 1151 1090 1265

4.3.3 AT CNN a9 77 m A£ A1 b g8 8 4L

5 =4S T PR 3 F CNN A9 RUL T 00 A5 A ) 1
g, BRI SCER{24 R SCIRC13 3k AR CNN 7
ZPERE AR G 12 A 13 ok, Hod, Sok
C24 1) FH 4 B AR [R) o 428 B 4R AiF =2 8] R AIE B e =22 i) 1) 52 4%
ZETH. R F 5 M0 SCHRC13 K] 45 FRERAE H 42 4 B s R AR 1 19 38
HAR R RIS ARE Z B 19 25 8] RS, IR 45 R an sk
6 B, AT LUFE B Sk [13 109 0 v fe W 35 00 T SCik[24 ], 4
T 5 DAL 2 SR [ 24 ] B A5 FRBRAE W) o) 25 58T T A 4% R R AIE 1
22 H. K A FRER AR I FEAS (R AE R 7R A2 O 1 — 4R HRAE 1] 52
BRI T 2B AR A th e & 15 B IR R 46
I BB R T vl Ak 7 45 VR BE AT R 2K L 3 0 45 7 A R ] i

AL F5 B 05 B — B R B b, DTS BT A RE 220 LR, X
RS JHRAT T A5 B0 1 E L 158 W 1) T A AR 4 SR 42 4 B A i
A I P R I B ALY

AR SCHRL 24078 55 Y8 AR B A 1P 25 8 BT AT AR AL, 5 Bt
T TROI At B A BRAEL , (EL R TR T 5 AR I 4 4 45 A 2 i) L R
FEAE I PP 22 18] 1) 52 2% 38 B AR A — Bl T A7 19 05 52 g AR
LB BSOS TR IO NS R R R E R A B
Ly CNN BRI S5 4 . 3l o i B B0/ I 8 UL ol e 8 AR
AT J5 R AE 7R AR [ 78 Sy 1] &[] B RS Ak L ol A B
e FHMFERMA. KR RMET HFI., LRERD
AGAE A AT TR SCERCI3 T T RUTAR AR B
F 7.
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FMERAE1TANBEFHE 8- feature maps 8/-feature maps 14/-feature maps 14} feature maps 1112
361 18x1 16x1 8x1
23 @ LT o
1S S S S S s ERY 1441 &R N
ACHIICCAOMIS sy: 5x17 31 2x1 e 7t #
S 1 2 3 4 17 RUL
401 :s3 s5008 8 o8 |:"> |:> Bt
BEAL G 2 5 1l o E
'%]ﬁﬁ |S4 S4 S4 S4 S4|
(PN S S SN
1 2 - | 1 17
S0 Si S Sa Sa0
BN B R E B ERE B
12 SCHR[24 1R F 0045 B 4 W 46 45 4
Fig. 12 CNN structure in [24]
FMEREE1TNEERE 10/~ feature maps 10/ feature maps 10/ feature maps 10/>feature maps 14 feature map
——t 10X 17 (FH %) 10X 17 (I %) W0X1T(FHFE)  40XIT(FRE) 40X1T(FH K
:—\ﬂ s s |10 &A% 170/“%7':1*; 134»%1:!}; IZV]‘%»T'N? I ( i
l/‘? |-";: »\'32 .s'y 10X1 10X1 10X 1 10X 1 3% 1 BB
N IETI s :> [> E> [:> [> |j> RUL
g g 2 ¢ By T 1
A |‘f: s ‘_‘ $ ‘f Dropout
# s
s-lll) S;U Sia S:O ‘S:Z
MANE AR ERE ERE AR L iY=
13 SCHk[C 135K F 09 46 BRI 28 I 2% 45 1
Fig. 13 CNN structure in [13]
6 SCER[24 AN SCHKL 1389 RUL T 0045 5 44 fig F 8 T LSTM iy RUL il #4: fig
Table 6 Performance of RUL prediction models in [24] and [13] Table 8 Performance of RUL prediction models based on LSTM
N (a)FD001 1P BE P 45
X# ¥4k FD001  FD002 FD003 FD004 a L IR PERE B A 2
y : ) y . _ e B ¥ R
o RMSE  16.03 18.46 18.04  20.31 ) B % — — m — —
Score 461 2807 918 3363 3 :
RMSE : 13.60 12.85 13.37 13.60 13.46
RMSE  11.43 12.83 12.62 13.90 ) ) -
[13] Swre‘ 342 282— 328 364 352
Score 241 660 310 862 RMSE s 14.28 14.15 13.86 31.21 22.42
Score ) 439 369 364 8802 5207
. . RMSE B 14.57 14.76  40.25 40.64  40.16
RT BT CONN A UL g Score ? 1429 405 14371 18886 12970
Table 7 Performance of RUL prediction models based on CNN RSMSE 7 131'1‘;2 11:8?32 f? Eg ;12 22 fOSi(i
Score 04 0 355 0 4
i AR HREL1X1] R [3X3] %R [5X5]
%% RMSE Score RMSE Score RMSE  Score (b)FD002 L i1y P RE VT 45
1 12,72 264 14.00 327  14.28 403 T
WA BE#H =
FD001 6 13.07 280  13.48 316  13.62 340 100 200 300 400 500
3 12.98 277 13.50 288  14.33 483 RMSE . 13,11  13.25 12.91 12.81 12.95
Score 852 856 855 755 795
4 18.05 801 18.47 948 13.46 780 RMSE 13.44  13.28 13.49 13.42  33.43
FD002 6 13.09 852 13.16 865  13.28 867 Score 3 855 855 894 886 35983
3 13.04 826  13.45 854 13.46 846 RMSE 5 13.40 13.24 13.37 33.60 23.13
Score i 970 863 839 36760 16897
4 18.75 609177200 154 691 RMSE 13.84  23.40 24.03 23.49 23.02
FD003 6 14.35 867 14.48 801 14.54 635 Score 7 999 17099 19485 14442 15311
8 14.62 1010 15.17 1091  14.20 637
) FD003 MRV 45
1 14.30 964 14.20 941 14.81 1050 (© L RTEREE AT A R
5 e B4 %
FD004 6 14.29 926 13.94 965 14.54 1040 Sy B B — — — — —
3 14. 41 948  14.50 1039  14.70 1237 : ‘ :
RMSE ) 13.96 12.50 12.05 12.61 12.82
N Score 528 336 288 319 308
4.3.4 AT LSTM 49 Fm) 42 A b4 4% 98 48 RMSE ; 13.00 12.75 13.10 32.40 41.05
00 4H S5 1 i CSTM 8 70 fg pfe  E Pz Score i 482 288 401 22780 28832
VUGS T I A LSTM SR PERE. 55 MLP ¢ RMSE B 12.93  12.89 23.13  41.06 21.52
Pl AR ER B EER N 1,3,5,7, HTEBEREMZ TN Score 302 380 11020 29048 8755
RMSE ; 13.46  41.33  41.59 31.07 41.02
-
100,200,300,400,500, & J2 # 25 J6 % F ReL U, 52 5 45 4L 4n Score 713 31542 34381 16363 28382

F 8T, MBS Al DLW YRR E R E N 7
A L B2 fiE 2 R . FD001, FD002, FD003 F 4 v f

(DFD004 | (1 1 BB T 45 R
a2 AR

LSTM 4 */]i/"jilfﬁu\):’ 1, FDo01 HRZE 1 A B H 2 200, FhER  REE a0 s0 400 500
S R i g,‘ = e N RMSE 13.76  13.59 13.21 13.23 13.62

FDooz RAH 400, FDOOS it J2 5 sl RUH Score ! 903 919 843 911 921
300,FD004 EFI ﬁ"i MEEH NRERE 3. BEF %A RN RMSE s 13.93 13.70 13.07 13.69 13.48

. . Score 889 1064 875 1015 820

500, XUk A XT T 3% £ RUL Bl 3 FE 09 /) B A 50 48 4R 3 RMSE ; 14,01 13.88 23.55 24.09 43.70
LA R 2 - 51 3| Score ) 915 1040 25593 27374 80982
S B ORI B2 RO AR R B 2 DL S ORI RMSE _ 13.95 33.96 34.15 34.11 44.48
2 N Score ! 956 67368 73415 58534 114521
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4.3.5 SFIELREL
HF LRGN B EE AT TED

PEBE IR B RS S5 4 ] T2 5 L3R, 3R 9 . R Ak 16
TRZ A SVR AR AL (4 35000 M R f 2% L 2 59 1R A A 42 )
26 (SR 5 T 7E PR 28 ) 4% B AL op R [R) 4 L 3 AN AL Y
RER A AE LS A FDOO1 Al FDOO2 |, CNN H A 841 (1 3
s 6 FD003 Al FD0O04 -, B A7 f 5 4 1iE #2 3 AiE 1 9 LSTM
RIBAF . U] CNN B 3E & T R B = L B — iy £ 3l
£, LSTM T3l A T e 0 e & 2 9 B is 4 . (R 0
F RUL T 53RE ) /N AR 2 37 3 5, i 46 090 4% 11 i )22 0 e
2 HO I 3R 22 BT, B O SORF AR AL R A4 3T 1 S B0
%, SR EURE RS S R TR 4y RBLA . TR, BSUFE A7 A5
VAR AN 1 AN BRZ HF BR L % U2 0 0 LR M RE L e A,
% &3 LSTM Al CNN FEF2 98 RRAFE 22 B OGS B 7 m# A R
I I QSR AN WO R F AT R A RS X F 4T RUL 7
D RLHY MR — s B D
F9 4RI NEBT S T B

Table 9 Performance of four representative models

FD001 FD002 FD003 FD004
RMSE Score RMSE Score RMSE Score RMSE Score
SVR  14.44 333 13.44 793 16.90 1062 16.22 1370
MLP 13.19 274 13.82 794 12.54 286 15.59 999
LSTM 12.85 282 12.81 755 12.05 288 13.48 820
CNN  11.43 241 12.83 660 12.62 310 13.90 862

HA

5 HkEmHRER

A ST FUIN A 4 37 e B4 2 3R A 0 A7 i T R AT
TIIBE R T ST LA o~ A B RUL B 0 7 32 9F
HEAT T AR SETE A . SER A 2R R R AL AR 2% ST O ik
B S5 AT LA S A AU RUL BN A B, HAB R 50, 5 T4 R
BN [F] BT 1) IS FH 35 v o R o A S5 o IO FH R T P A B
THLAR A T ) RUL 00 452 AR AT 2% 45 B 16 AT ¢ B BE . 76 B 5
Ve A4 o L IE 9 3 0 T 0 FE R 5 2 B BEL A . AR SC B e X
RUL T30 75 WF 5 0 0z T e 1o i A1) G 82 0k 8 47 20 A, O 0F 3%
RIS AT IR

RUL 0 AT 5 1 1 64 365 — A~ B 0 B =2 i o o 28 v 4
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A SBT3 AN [R] 3 5 1038 A7 5 Ak B8 D 9w TR AT DLk — 25
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B, DT A B ARG T L 0 RUL B0 AT 45 b # BERE AR 7 22 528
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AR . A% G R TR 4 P i T AR Rk T B AL, 4
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