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Research on Key Technology of Industrial Artificial Intelligence and

Its Application in Predictive Maintenance
YUAN Ye' ZHANG Yong® DING Han’

Abstract With the rapid development of artificial intelligence technology and its effective application in industrial system, in-
dustrial intelligentization has become an important trend of current industrial production transformation. In this paper, the gen-
eral key technologies of industrial artificial intelligence (IAI) such as modeling, diagnosis, prediction, optimization, decision
and intelligent chip are extracted, and four main application scenarios including production process monitoring and product
quality detection are summarized. Then, predictive maintenance of industrial equipment in this paper is selected as a typical ap-
plication scenario. Starting from model, data and fusion method, respectively, both remaining useful life prediction and main-
tenance decision are systematically analyzed and summarized with the form of closed-loop intelligent maintenance. Especially,
the important role of artificial intelligence technology in promoting industrial production safety, cost reduction, efficiency en-
hancement and quality improvement has been verified. Finally, both existing problems and future research direction of Al is
also discussed.
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R FETRRRNEE 720 77 o TOUBT 7 S 4
Table 1 Research summary of RUL prediction with model and data method
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WG 3] 75 1 1 B e M 22 R 48 5 125 SCHRF Al AL
VRPN R TP e EINE NI SRR WO /S O o i 2
2% 0535 B 2 JR N & U7 VR AR 17 X R KT
T MRS ST TTIE S DU R A 2110 45 i 2
FtoR, 2L 27 > 1 73 i T 6 22 h R Ak SR 1L
REAE G 5 b 2 37 DA K TR 4 A5 T I 1) 3R 45 45
AR TR R R P o R A 3L SRR IR
L mTRE R R B R R R R S AT
Mgk

2.2.1 FHERESHFHEREE
N T RS AT FE ) 7 A TN &5 2R, A AR
RS BN 176 %62 1) 2 EEAE H . 53 i TH0I0 £ AR5 ALE $i B
T3 VE 2By Dt e, ARUEORT IR AR, e rh N IRy
TE$E U7 V5 B R R I S R WS e U7
72 ST AR Ow FE L WA BEE L kWA RL 1 I A A T
1) FE A7 5 4 B 540 7 e B el gk i A
FH ARG e B M A3 R R AR 3 AT 40 43y, 15 2150
) G v RHAIE ;I T VE R A SR AR R - B AR 4
F AR, G AR S 4> iR (Empirical modal decom-
position, EMD)! DL f /N & EMDU S84 i
BRI 3 4 (A, 45 BT ST 20 (10 g B 431 2%
WL, F5e 28 SRAG I ST P A AL

SR RRFAE AL N FH 380 5 i U 45092 2 i 7 23
AT 15, DS fifd 4 25 5 A [R) I iR 2 S AF 55 1
T RPIE IR B TR AT 40y e AOR e e B U7 2
B TURFAE 07 1 77 V5 B S BE AL AR AR 23 A1 X P2 1
0 22 2R % J A 53 M Lassos B &R VP43 AH G R AL
AR, T B R L TV A A B
T35 ¢ S ATBEALAR B HR N R B M R N S F s
WP oy 4. EIRRRAE IR 07 V2 AN [ () £ 5 B X
HR R RHEREAT B Rk, 215 25 B A R
PERICBERIE, 2R 5 AT 25 e TN Eb4n, SCHR [71]
Rl NBCEL I3 il FEASIR P 51 A S EMD J7 %, $23X
R A PR S B R R SR 5 A N B L 2H A S ) 245
v f 2SI T i TN SRR [72] SR FH LI L
ARSI T AE T W I AR AR, 3 I v SR ) 3
BRI AR A 22 10 2 0 R A 5 55— O TIUIN IS T, A IS
TSR AIE 0\ S0 254 1) 22 RUBE A AR 22 I 245 3R 45
Rt R 25 v P T &5
222 REFIMTNSGE

REES )RR bt — MR Z RS R IR
L%, T RGN 2 R BN A AP 2 N 45 32 B X
SAE T 28 BN A2 2 AN e R, LSR5 SR AT DL
P, ETWEZE AN G a Wl & 5& 7 Zm
RES, AR T LA BIRMZA R %% (Convo-

lutional neural networks, CNN)7> 741, % B B {5
gR 57761 IR 2L ) 2% (Recurrent neural network,
RNN)778 DL AT A% 2 2J 00800 S5 7 . 5 5 T4
Y B RE TR AR A 1 7 VR LR, MR 4% T VR AR A 34
P LR DL R ROBEARACLE: T3 TH) RE B 8L  FR 25 R e,
WG 7 1 R FAS 5 b B2 5 2 H B £ IR AL ARRAIE,
TR FH R FE 5 2] 7 15 2] A R bm AR A0 DG B AIE
AN R B O 2R, kT SR B 4% 1) RUL F00.

CNN EA R RHE SR BURE V) Az A RE T Ak
N B )2 B B 5 2] T, T R AR SR L 4
WMANEBRE (B E. b2 LR A2 E) U
Kt 2. X 2% 1 HE S 5 AR 2 DL RN = 2 URFAE
TEAUES, A RN 7 R AR B P 25, 4 Bl — 1Y
1) 114 PO 2% A 70 R TR P A A e AR 65 A e B o T X
25 2 BRI N2 TR B L X 4 Hh % R SR A ) 2 A
HI|\ B E R ) D e UL I 2R &5 T 4 XK
LR I 25 (A FL 2 A3, BRI ) 8% 6 1)
& AlexNet M 4%, ZFNet M %%, GoogLeNet [ 45
VGG W28 Bk 72 W0 28 DA K I 28 S8 R A A1 454 R

HAXE T CNN X NS SE 417 5, RNN 7] LA
AR NKIDIZ e I A, & B 126
J1. TTHAE I A0 25 X 26 75 T B0 A o 22 D) 8% %) s
IR TTEERLE, F R4z 2 BT S B IR
B R 7 DL SARAF S 0], AT DL =) 85 AR K
(R DG 2R, T AN 2 L SIS 5 3 2 ARASH 58 o X 11 1]
FL. BRI A o 4 D) 4% B K R T 1 Y 4%
(Long short-term memory, LSTM)! F1[ 145 il {ff 34
BAJG (Gated recurrent unit, GRU) B £553 LSTM &
AN TS T =N T4 e, i ik
FEMEM D2 AN SRS (E (615 LSTM ZE b — ik
1908 A i 28 D) 8% i 06 2 =) B K Ti) T ol ) A 3 %
Z:. GRU W45 Iy — P L RS {0 25 T [ 4% i PG 0 o
LM%, CHEFHTTMEETHKR, FEH12LH
LSTM H [ N\ T FI I8 s 116 9 1 Bl BRIk, A G
T LSTM, GRU Z#( 5 /b, I 2RI B PR, 75 ZE 4k
P /D E B R B R S LT, LSTME Tl
RORIFT GRU.

2.2.3  HEBHHEZF TN G E

1) SCHR/AH SRR LT 2

X FEH E AL (Support vector machine, SVM) 7
BN o 1D 7 LT = R S R v 17
R [84] 456 SVM Ak 1 €Y (Particle filter, PF) LA
e BEATCRAS 7 (B B, BF 5020 B 1 FL T 1 98 SR 7
T (v . AH A, SVMATAE L& T R EOHE AT & A% iR
B2 /& Mercer i€ HLAE [A) L. A = AL (Relev-
ance vector machine, RVM) & —Ffi2& T~ U1 iH-Hir i)l 2k
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MEZL B 76 B B2 A28, ] DL ik SVML Rl 1857870,
[FJHF, RVM BEAREE fmy 4 AEZR 1 /AR SE ), B
A R B 2 AR 7 DA S8 1 FoUl R B2 55
It 5. R BRI RVM TN SCR I EE R K2
—, ASTR] A BR IO A [ 25 408 %) Tl s B AN [+,
1% R L B RVM TR AR SR 55, N
T RRREAZTTIEWIAS R, SCHR [85] $& HE —Fh [ 1& B
LA G RVM JTETIHUMB % ) RUL; SCHR [86]
A S BRI 2 MR B S B RVM, 3R1548
FEA 2 R £ B 1 T RUL Tl &5

2) m T AR A vk

= Wk 2 B9 (Gaussian process regression,
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FhAES T, AT BB xiE A 4514, DAtk
Fb A FH 2 BB TR B 17 1 b)) BT iy HE A A s ) =
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) FH i 1) 05 B2 A 7 AR AL AR AR, BTN GPR B,
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UKF/PF) AW GE, 2T HRE A2 3 i e Aw, ik
A GBI, fh& AL IESE 77 58 S50t
VATV e AR () 2 0, i ek A Y AR R A Tt &5
R, SEIEBL T VR AL S ELRD, 2 TR P
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HH UL A, A BE R A v R RS ) A 1 R GRS B
PAd T ] ER TN AR A LS R G e R
e, BT CUX P Al vH B il B AR R IR Ot A2, R R
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Z P (Unscented Kalman filter, UKF)#S A] DL H >k
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IRA AT, SR 5 R H KF/EKF/UKF SEPUIR A1)
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SENLES 2% 2 J7 VRl poo-12- 1080,

2.3.2 ETHFIERENEERSSE
K7 UK (Particle filter, PF) 2 dt T £ 27
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FR I b G A% [ o BRAE A2 6 [B] JE AT 4EAB 15 3 (VME
K&, B#5F). Hl, 4B RE OS5 75 R,
TSR FRE, 7] L2 N AR JLAN 7 T

1) 4EABRCRMO ) NS Y5k

HRAE AT HEAE PSR 5 14 T R 14 BEARAS 7T LA
TEAEAE G 73 A/ IME RIEFI G e, B ME. A5
EHRBRTEELEE . Ho, 1R & kg 218
T R A FH IR TR) k381 55 S 152 58 1) IR0 U0 5 4 AN 52
FARABIE12) RS B 4 NS 1 R R, XM S
PR E WS — B ITIRE, FHABETER LB, WisCik [130]
B HA T A U A W A e SRS, e O g /N A LA B
() PN R A2 40 2R 45 3 o D0 A A 0% | s s ) ] o A
X AL £ AT Aol ) R
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HR A AEAEE B AR R F [ [R] B 72 75 A0 &, 424
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&, T 7 B 4R 12 T 0 A2 42 AN S5 1 IS 1] 18] B ik 47 4
1&. B IRYEE Feng, Fp B 4EE 5 R s, B R
Ty RPN A 437 SR e kG B 7, AT BE A7 A A2 S
N

3) PRI LA P 5R

MR 50 9 TR 4612 (Preventive
maintenance, PM). & TOIRZ& )4 1% (Condition-
based maintenance, CBM) L4 J Tl 14 4E 4% (Predict-
ive maintenance, PdM) 5. H: /1, PM A& —Fh & i
(B R TERIZEAE J7 2133134, CBM S22 T 150 4% 24 A
BOIRESMYEME 5 & 1 PAM 25T % & AR KRR b
I E I 4E12 T7 U AR O 1) 4E 12 1 31
7 JE A A R AT S AN S TR W S DR 3R 0T IE 4
AHIFE M, CAAEAE AR v SE RS/ v FH FE S5 8 B bR
%, iz AR, RIS A4S J7 Rt 4E 18 st
FUH EE BAr. LR EH AR R, FE S N
JUANH T 1)

a) 4B A I M

Xt 22 2% B PO 1 4E 40 07 %8, DGR [136] %
JEEETE G AN B ALAH 5 18, 2 T IR A AN A5 S
BEAT SIS AR U FE 5T T, SRAF BAL I E] & S~ 2 4
PR BN TR FE N 2 W RGEIA TR
YAB R, SCHR [137] R AT EEE 7732, T8
WA R AEAE TT &, Wt 7L T 1B B 4R E
TRETYELEB A, KA T S/ MR S 4837 9% I B
DL

b) v HEFE/ v R kAL

SCHR [138] #& T — M T 2 i R g n H %
MEAR B i 3 BT 7 1 A2 SR TR [139] $8H T

— 2T ST IR A S UAE I T 44 SR, DA
B KGNS B A -0 2% (0 o] FH B 9 Ak B A,

c) Z Hinthtl

SCHR [140] 857 1 26T 2B IR i [a] 2R iR (1) A 56 36
HefB 2 B ARk SRS, IRz F 2 8 1 RO 2 6t
B SR e, o A T S B W] R 4S9 S
P, SRIFAN R 445 F8 A B 225 8O, 33 i i e 415
A, SCHR [141] 75 [ 4R 12 HE £ BOAS T XU HL 3 Jk A
AT ERTEE TR, 32 2 B A e B sh A 52 L T
B PR AE PSR, 3l s AL S R AR A A B A A, i
FEHE R IR, LE 58 35 4R A2 SRR AN 25 L8 /ME BN 4
1B B A ST (R 4R A5 SRS B8 LI 34

BEAb, JEF & AF FEAF B e ok U R R 5t 4%
YEAB TR HEAE PRI SO B R &R AR 5
T AV R E I 4, SO T £ S RN A& R A )
I A AL AT DA R 88 n A b R . STk [143] 2
ST A AR 4E R B B A A B R, H DAIT 1]
VT TR A B R 4EAS R B R D SR AR &, IR 3RS
W,

BT DA 75 A O RN G A5 U SR AOATE TR, N
TR — TR AN R, TSR H A 7 S A A
H M, BLR MR A AR F5 A 0N L 445 v 5 DA K
TR PR LS U 3R FR T 5, 18 B gh WAk 2.

3.2 TANgEFEHEIZRIBAIFE

Bl & R (1R R, Ak 58 S i n e, 2% Thae )
TG, R 7 BE N 2% ()R] SE PR B GE IS AR, 415
RSP R R L. H AT ) 12 PAM SR
L CBM B, BATEA BT, v LA A, —
T, PAM 5 & AR 152 £ 1 73 OO S8 22 HEA 2R 1)
YEAZ I [B) R0 B B 7 A5 4E A5 5 A RUR, in4E s T
H BN T BRI SEEC A4, M T 4 e 8 A% A
AR RGBT R, WRBYERNRA. 5 —J7H,
T % & 54T RA M SEPRE T PR R A — AN
AT TR (1) 5% R MR, B S AN S LA R R 5
Wi, 75 iy RN 250K, CBM SEIE A LU PAM S5
PSRRI T, DR, B — O 4EAE SRS O AN REH
JE BB R JRIEDR, 45418 T 2 Fh4E15 5ns ik
iy Horp, SR [144] 5B T PIAS BUE K €
BLAEP 1 2%, LA/ N BT I A2 () A R T 4
PRACN HARR AL, @A T CBM. PM Fl4Y IE PE4E
PN, IRTF T B 4R AB RO

3.3 TAlNg TN LSRR S 5T

B ToT. KEHE. N T8 Be 25 H R 13887 12,
PAM M 244 Tl N T BETE i) X% 1. PAM AN
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