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Abstract: The massive high-dimensional measurements accumulated by distributed control systems bring
great computational and modeling complexity to the traditional fault diagnosis algorithms, which fail to
take advantage of the higher-order information for online estimation. In view of its powerful ability of
representation learning, deep learning based fault diagnosis is extensively studied, both in academia and in
industry, making intelligent process control more automated and effective. In this paper, deep learning based
fault diagnosis is reviewed and summarized as four parts, i.e., stacked auto-encoder based fault diagnosis, deep
belief network based fault diagnosis, convolutional neural network based fault diagnosis, and recurrent neural
network based fault diagnosis. Furthermore, some necessity and potential trends, "integrated innovation",

"data + knowledge" and "information fusion", are discussed from the view of data preprocessing, network design
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and decision.
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SRR R I 00 T3 Z AT R IR 522 2T . A
Al FHRENME 5 R BRI, SCHR[76] 45 & A1 5 )
PR R SR T2 (e (/N R R A, fEEL Y
RJRIR R AR B[R DR FF DN B A5 5 O RE R s, LAk
ENCNNIHAN, BRE RJa — D ERE Sz
i AT O 2 RO BN A A O f 4 JR) e J=) i
FAAE: SCRR[77)R I Morlet /N7y i F AR SR IR 5

SERNERER, PR NCNNRI SN 1 H
ReLUBUGE RN “ 77 BARA BT s A 1
BWtEgE. N T IR A R I2 WO ) H S N BE
71, SCHR[T8] 51N H 3E B2 3] 2 2 N CNNZ
BRI 2 URAE B — A FH T2 31 JR G 9% sh B3040 R E
FUN R, 5 — N TR A R AR X )
KN, E TN 2 > R A EEAY e 5 S92 gt i
Siimi BT LLB IERRRE T 2. bAh, B TARGE L
BERY TE VA SR AR AR Il 5 R R A W 2 A
FeRF, SCHR[79] A2 i T AL R ES HE 1 e TR 8
TE RN, G561 35t A S F6 R 28075
A At T s 0 T ' 2 TN e P A0 o SR o s 0
SCHR[80] 43 #T T CNNZERY, R FL T IR BE (38 0% 46
J2) FGE FE 7 1) (BCEE Y0 R 4 1 3 ) T [ g AR 2R i
BRI RE R .

28R, VYRR [A] 7 4140 AT DL B B2 E A CNN 4
N SCHR[S1)R 1 4E F A% B8 i 28 5o O L RS 5 10T
B, BEBUE O PR AR A T 0 o P o SN R R A
I SCHER[82] A F 1 4E CNNBEAT 3 T IR 3h i 4505 1
WAL BT € A SCHR[83) K 1 4ECNN AT L
MU A I, 38 e 7 5% BR AR A 5 (T A 7 X )
e REAESEHCR S5 AR EE s SCRR[84)0TEL T DA A5 «
ARURE B A 2H S BOEE A N CNIN g N B (1) A [R)
s SCHR[8H] It Az BNt I 28 15548 22 /N i iiE it 2
(PR A, TR (A R S A AR A T
iR/

BEXF/ANEEAS IR, SCHR [86] 1 F 26 56 A UK 1E
BRSO R, 45 G Sk I 2R B B
25 Y RHL A 5 H50HR BRJ D 5 E S  s E AEARA ) H
SCHR [87] 7 FH A= ekt Bt W 2% 28 il 5 R 4R 5 HLA A
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AT AR IREA, S5E MR LR H A X 24 BEAT i
FHERIUS AR LSS, 38 BRI,
OLUN BA RIFRIPiERe 1. WA R TAER 2R
I ZRH 4 A s J& T A — o0 A, SCHR([88]1E
A R AT I8 S S P D R A A e s S
SRR 2 S R EXREASE AN i ), S
FiR [89) R FH AE BN 7t DX 286 %of e 55 A 5 P 0 240 e
ITIERFE, TEZ5 58 2R F T SIS L FATL Bz 1) 1
FEIE Ko R THESE S X, T EEhEgE
B AR YO 1 s AE PR ) T AE B2, SCHR[90)
EHAEG AR P “Bilh” HERE: R
FESZHU 2% F T MNASFH G i L “ AR A2 L
Jr BRI SRy RFAE s B A P 4 AE R B S B N L A
5 RV LT R SR S T R A ) v B FE R
FoUAL 3B A R A FOTIN FR) 5 e AN P IS A Bk . B
B 5 Tt B B U R R AR

2.4 ETEIRE ML HIEIEI2 B

PEIR A M 2% (Recurrent Neural Network,
RNN) & — 3 DL 8] 7 51 £ v N, 78 7 511
T 77 1m) b VA HLT A R e O e I I 4 &
PO ARNE T 2 R IR ES, RNNREWETEE [ E R
@SR IT AR, B R )R B RN AR IEER
B A e 0 ) S G TR ez, SEBILR 46 e
BAP LA R B AR ER S, WET . %4
ERJENN B [E] 5 Bl = [21, 22, -, 2n], RNNAE
LI ZI [ RGUIRASR R

ht = f(h'™Y 4, 0) (9)
Ho, fRARGYET MR, PR B A
FRZr g, Bt — I 2 RGRE, 0= [w, b2
W& S8, BT 50N, N AR R IRELT
FHIERIRN .

H 7 I RNN 32 22 K40 B0 12 45 (Long
Short-Term Memory networks, LSTM)Fl[ 141
HH LM % (Gated Recurrent Unit networks,
GRU), RGN MEREAME R ITRENS 5 & S b4
AN (7 A ] P PR AR 3 A 2 A AR B 2 ] 9391
FHXTTRNNAT RGURAS A8 IHTHE, LSTMHK)

T 7 IR N 25 1) S5

3T THE B ICTE WM 28 N ERIRAS AL T HIEH: N
[ e 5 24 ST 1) PR NN BT — BT ] £ R SRR A 6 Y
RS BT B BT TR E BT — NI ] Y R AS X
YT ERIRAS BT U IR R G
WEMER . ST AR %368 TTEkA
[, GRUIB L 22 BR DTk /N 1) 1145 F0 36T BL 1 A
S A 8 O 4% 65 A R TR AL R 2 ST R IR T, it
WRTEHIT. A28 BT sS
LSTM ST % N T TAHIT, 568171 0] [ s SE Bt
IR TR Sh e . FE T RNNHRE 2 W 24 DL
TR

(1) RNN AR E] P78 9% N HLIR FE B T4
NFFIIEE, &M T a3 Tl 2 i 3 /i ;

(2) RNNEF 2 AR R e, Hak g
(A 204 R T Tk i FE Bh g AR 28 M 4 AE 1 SR B S
TR

(3) Tolb ik A4 il i ELAG AT AR B AN HLI 1)
RAEESERS L, RNNTE S 3 AR 7 514K BEAS A TR
I A e R

T AR FR B P55, SCHR[95) 5 B 5%
PERFAE 5 I AIRFAE T R AR R4, ) S 8 1 A
AH 2 M BT B AT R AR I B 5 /E N RN N W % 1) 4
AN, SEISIGUE AT HR B 2E T RINN (g 5 45 b Ll 2
THHALE M T ERAE GRS EiPERE; SCHk[96]
T —NETFLSTMA g iD- R 450, Ynft 3
BNV e KRR, RS A8
FlZR &= BAn A, FIF E R 2= v A g e e
B INTT AAG RFFA IA TE o 7E TRA  F R iE
FEREGLR, SCHER[97]HRFT T 2 TRNNFISFAL A .
vanilla RNN, LSTMAIGRUZEM &= K sh bl fis
W7 N T R PR RE R LS TMAIGRUE
Y B AR Tvanilla RNN, (HIX 3R RS (44
FEARRERFELSTM AL . SCHR[98] & B FRNNH
(114538 H B TR T 250 E dm A I 2%, LT AT — B
BURSMENS T — i Bk AT AR e e T, AR HE A
RZEIAT A, 1R AN R R I B
SRVZAGRE ST SCHR[99)FR H T — Ak T AR )
A A HCAZ R Bh A R MR I 7 v KR A = 1]
A 4 2 A AT SL AR B oy, T S A AT
AP AR YR AR R, ) LS T MR 41 g o B 34 ) A
AT JE B AR, HE T 2. SCHR[100]
AR PP 5 VE N TR FE RN N 4 N 3E AT S BRI 112
B, R E S R 2] 284 A8 2 R IR AT (1) 1|
ZIERE

Tl R AN A AE R [A] SCBEME, T HLAE D
2 B B S (AR, SCER[101) R H RG24
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A B T N B A 5 1 2 B A R A e, 25
LSTM € f RAF #h fs i AR e 55 SCHk[102]45 A
CNNAILSTM#E . 7 B AW HLSTM, FFHCNNM
JRUGEHE R B SR E, B 4E A XUAILSTM R EL
IfIE] eI, /eSS — N E Mg MR )2
F T4 75 A ;- SCRR[103] 80 2B A L 22 3] %2
B RS S b i S T RT I TR R, 4 Ao A
BEMLER N IEAIE T LT M AH AR i 1 i R L

3 IFEEMRE

B {5 S SRR E S AL BRI PG R e, Rl
e PN 512 Wi BV 5 SRR SR H a1 vy, B B
S RS H A B A BRI K AN 5E
To Rl TR I FER KRR 26T, A
AE W RR 2 T A O TS 5T RS SN B sh ik A
Mo B, HRTIWERTZER, —HROMFIEL
PE ITRIARSCHE . RS, 2B KB, [a] &k
SERPPENOY, S EORAR A B T T REAFAE R i
Al (1) 2 ARSI N AEA KR 4E S, B
HA RPN, A R B ke, 7 dh A di
J LA TR 1 R B 2 TR SR BK s (2) v B 4l o
AOE /ARG RA IR, s R AEJR /A AEE
EAPR: (3)RBEHRA [ 5 s BB Kk T 20k
SE IR ] R 5 e TR RO R s (4) Hiod 28
BRI, ke TOLA R R AR H A
BRs (5) Bt A A5, anAS [F) Kb P 1) Hdis 45
EATRRAAAEA —BE . IX L ] JUE X 1 0t 2 R
WS R R, BRI 1R A ) S
MIRR BT

T 2 B G AR AN E I 1 59 PRI I
VEREL, 8T RmE RGN L i EBAT, RIHEE
R T R U A e, R RTR BE 27 2] BoR
TR RGNS Z W BA B KRR /. (1)1
SRR R SRR R PE TR S T, 32 HAH B (1 e
BETT AR v TR B o ST IR A2 W 7 ik )3 A
AHER P (2) % TIREES ) “Im 3 MR E T
g, HET IR S SIS W K AL it — b
BT (3)FE TR L5 2 I #k a2 W 4 SR AL B 7 14
AN5E %, AR R DR AR S R OR I 2
BTN, Akt T RIS AT 1 AR R AR ) B
Iz

BT DAL SEBR B T /55K, AT KA TRAR 2
TR PE 28 T R R SRS R AT M P JR 2

(1) RS AL o R “ ARt 37 1
A

PR

a) KEHEMAHES o Hr: LLT4.09 %0 )
BREfiE, CLeon H AT ERiE kAR R T 1A .

H

¢

PEREIE SR RE . S BRIV RE, Wil 2ot
A 2% R G R TV R8s, R AL
PR 2T, B Tl R A ) 45U ) 1 2 1)
Ao KBS 73 A a2 B TR R AE A BRI 1) 3
A TTE T A RE SIS A PRAC 1), ASTR] T — LA 7
bR HE Tl KK B 5 R W] Lk AR, B SR
I )70 M AL BEARIRLGE A 45 SR 7 B e i ) W b
RS 1 XL G FAM AR, TR R AL P
XIS S ATER 20 AT oA, SEBL DR s B AN Hc o
WA R, A EEAE . AT, Gap
JE B S RORAE AN R 1 2 T 5 8l 1 SR s e

(b) /NFEA T FESEBRR I, FTRE T4k
PERERIRIME . FEARRIEA =55 U, I RpE
ARPHEAKR, SE IR EREAREEAL,
A5 /SRR AR i RS A ML s 2 > 4 v = B 77 1)
Lo TEWARFREA B UL /DA ], HR AT L
MEHEIE SR A, AHREE . I8 AR
LI 2% S T DR INFEAS TS DL 2 TR B I 2%
(2 WA 2R B T )

(c) KAMAMTIR R AELERM T, A
FEUZREE 5 MR A AN RIS 00, B 28 Hodle
5 2 1A)T] RE B e LA 2, AR AT A DR A AN K T 1
DU IR 2 W2 Xk DU S ) — AN ), Xk, ]
SRR 2 TR RCRFEATE R 7 i FEA
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TRALEE, L] T BUA FEE TR 27 2T Bt 12 Wik
FeH

(2) ML BT “ Bl +RR 7 1B AR,
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(IR 7R ST Bl B AR TR B 2 ST ) S5 46 K
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FASRERIE, daTbRIZ . RS HE 7 BT M 220 Tl A 2
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(c) 2T Z BRI 48 B bsis Wl A4k 5wl i
Bt ST ZREMS “u sl " 1RE T4,
AR5 I BOR [ al R e w7, i i T
ENIYPM A R S Vb2 E VSV PR il SR
AG—IE R RN T IR S RORE M2
FHIRI, AR ARSI Z T B, Bz E
W EIR S, AR AERS nT LA 2 B3 W 4% 27 2] S (1)
BUZHFAE, AR T IREBR LR RO BRI, TR
(2 Wk e .

(3) PRAGIRH “f5 BRL G KA,

(a) WRBEE) 7> 2 Wre Jk T Wb ) v A A ]
I3 N P BRI B, A T i U
AN, SR RENE S A IR B AHE SR S A BTt 2 2
FISWTHESR, A A7 R T S I 28 I ) SIS
T, A R I e P R AL P A i ) Al il
IR . EAh, AN RIS 2R G e 3 i 5
AN, N R R ARARAT T REIE AR R R RS, A
BB WML RS 45 S VPG R B R
ARG S, BRARREE, SEIX 2R Tl
IR SER | HERA 0 R SOR

(b) ZEAME: KGR TV RGHEERA
BATE AETE. MESTE. FHRER 2 i I &
PRSI, 25 FURH S — I S W oR, sl
FEAERG AR TZALRE I 3955 I, M DUEAS I
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