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Fault prediction of complex industrial process based on DAE and TCN
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Abstract: In order to monitor the state of complex industrial process in real time and predict the fault trend accurately, this paper
presents a fault prediction method based on denoising auto encoder ( DAE) and temporal convolutional network ( TCN). Firstly, the
random forest algorithm is used to filter out the features related to faults. Then, the nonlinear features of input data are extracted and the
original features of input data are reconstructed, and the squared prediction error ( SPE) statistics is established based on the
reconstruction error to reflect the state characteristics of the faults. Finally, considering that the derivative of ReLU activation function in
the residual module of TCN is zero in the negative interval, which may cause certain neurons to fail to activate, a Swish activation
function and filter response normalization-based temporal convolutional network ( SFTCN) is proposed. By constructing the obtained SPE
into time series, the SPE prediction can be realized based on the SFTCN. Experiments are conducted with the data of Tennessee Eastman
(TE) process and the life-cycle vibration data of rolling bearings measured by the center for intelligent maintenance systems of the
University of Michigan. Results show that compared with the unmodified TCN, the average absolute percentage error of the proposed
method is reduced by at least 20. 9% , which has high application value.
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Fig.2 Flow chart of fault monitoring

2 ETHBREARBANNEDERMENE
Tl FE S i Fm

2.1 KREERMLE

Bt ) ¥ FH M 2% (temporal convolutional network, TCN)
B L BAT 2020 1 55 R T gk e i 1] 5% 57 7 1 AT
%o TCN WSS G TP IR GRS RS UM Fh 4544,
AT I [R] PR AR, RSB R 1138 5, ] Ff RE 4% X i
PRRFRR B SR A2 BT, ) DL e ) B B ) B P 1 R o
TCN B3, A ROhEEf T RNN 7278 A6 B T8 28 B 5 16
BERR IR, BAG AT T g e AR B2 Y 1 R/ o4
L R NN VA S TR

TCN B REEH N 3 fiiR , TCN £EHAT SRR EAERT,
AL ABIE 4% B — 5 1) B R A7 ] R 3 1R SR A, 31X
Fit— 2 (YRR R AR, B d RORRAER d=1 R
A RERRE B S d R,

R

B |

S EmE——
- :

K3 TCN HRSEH
Fig.3 Convolution structure of TCN

X T4 A RS x FIERAZL £ 10, -, k=11, 9"
KAEFRITA F 9RIEAR



24 S5 35T DAE R TCN B9 2% Tl ad Ak e ftml 143

% 6 o

mw=Uanﬂw=Zﬂo%¢ (7)
Kbk BRI d R (s—di) Ny 5B
R B8,

Hesh, TCN RZE3E AN 1 5% 25 8 4, W 4 Bis, —A
FREBPA T A IR RSB AUE AL AL B0
BRECFIREL RIS HES RS . X R 2245 A T LATEARAE
RBGE AR f BREZIE R R R T RER B F R, 42
i AR R

Lol Sl

BUE R
IR ERAER

BUER AL
FHRERER
HWNFFH

K4 sREER

Fig.4 Residual connection

2.2 E-F Swish 1 FRN ¥ A BT ] B TR 48

AR A SR ) Ao 3% 25 I 465 R 4 TG PRI
AR ALHEAT G , 32 150 B 2= Tl 3o PR s T Aol
Swish' ™ J& Google ££ 2017 4E4 tH, H A 1k ()
FC9), H B A% REERE S Ji7s, Swish pf
BEARA AE IR, 5 ReLU fi 2T ], LG H
A 2B R 0, I 7E — @R BE AR = M 48 BE

S(x) =x - sigmoid(B * x) (8)

(9)

sigmoid(x) = I —
+e

10.0 p— ReLU
~ " Swish

*lIO -5 0 I5 IIO
5 ReLU #0 Swish 1Y pR & 14
Fig.5 ReLU and Swish functions

TCN BRZ= 5544 B0 pRECH ReLU , & BA B A
PELTE « X, ZM A TTRIBRE O 0, SR M 2 Tk
Mo WEREFEARSE  RelU BT FNG 18 1y A8 1Y
Ak PRAS A S LU B R E Y o Swish I pRECIE Iy T 3R
BUHT  1E Google!™ {8 30 Swish W% bR 41 E K & 1Y
SRBARAE P ER S TR ISR

2019 4 & W H H) FRN ( filter response
normalization ) D3 =2y g — 2 FRN M 2 TLU
(thresholded linear unit) , 4N& 6 fF7~, FEAE B 2R,
FRN JZ ] LAFEARXS batch Fy52M, H 24 batch FYEHLLEE
K, W 2% 55 R AR F 4k & A #E 4k ( batch normalization,
BN) . FRN JH— b RE % 1 Ik 5 B2 A 48 4R 9 ok 119 RUBE 1]
A B TR SR

‘\)
vi= > /N R |
X : - g = max(y;, ) h—» z
B | 4= ir
Yi=V Joide +B I | ‘

FRN TLU )

K 6 FRN R45MHREE
Fig.6 Schematic of the proposed FRN Layer

ACHE T % 22 W 45 4 ) TCN ) 2% B8 SR s, 51 A
Swish PRI Rel.U 0 bR BCFFTE 1A 1 A AR 14 5 B0FE
o TUIKA] R 3 42 70 TG R IR B [l R, 7 I it 5
A FRN #EAL)Z 3t — D R e M2 YRR RE 1. AL T I,
ASCHRH TR H Swish 05 RECRT FRN AR AL 20 501 425 4
ReLU (i o8 ¥R A MG 16 19 SFTCN P £ 1 5 R
Swish 4 7% 26 B0 8 ReLU % 6 % %y STCN ( temporal
convolutional network based on Swish ) %% , Fort STCN %%
FHSRERE Swish BT pREEL ReLU J0IE eRE AR o

SFTCN 2% 5% 2= M 45 G IRl 7 B, £ 1 2 Mk
HR PR SR A B FRN BT AL | Swish S35 o8 £0F Dropout %
LLHESI I ERTT

L2

T RRREER

HWARF

B 7 ks 2k
Fig.7 The improved residual module




144 O S

2.3 E-TBEIEE 4nES I 4% F0 A 1) 35 FR 0 2% i i R T i

ARSCHTHR H L T B 1 4 A% A1 SFTCN [/ 45 1) &2
Z Tl i P e R SR A A BTy vk i BB R g

B 1) R RE G 8 H 5 9 A R IR 28 B AR R
SDAE A% AKIHE , SEEERREAE , HEBRASAR S A RFAE 5

AR 2) MUA SDAE X & FRAE HEAT FRAE $2 UM B
o, SR BRI B A & AR LR MR AT, 45 BMIRZE R AF 1
IR IE R A RAE 5

AR 3) KRR VG 2R A 0 A R ALE A5 2 B M I 4
It SPE, RS BIRIE ST =B, 28 )5 Xl R
AT 5

IR A) K FIEAER 3) 14201 SPE Giit B R
HiJe i 20 FE AT HES , 20 W [8] 7 5, A i F] ] SFTCN T
W SPE (RS

I IE 5 B B A RLTE, AR TR O X 4 0 iR 22
(mean absolute error, MAE) | X 75 # {% 2= ( root mean
square error, RMSE) | - 35 4 Xt 7 43 b 1% & ( mean
absolute percentage error, MAPE) 52 2%k R” PUA45
b B SCR AT PN, Hat B AN .

1 & R
MAE:_Z |yi _}’;| (10)
m =1
(11)

(12)

(13)

Horr, m AT SN TS TS 5y, SRR
Esy, Ay, FFEIME;y, MM, MAE Fi MAPE HBUfif
TR0, +00 ), H/NELT , RMSE (Bl /N RN 1
R* FiR T TR RS2 PRgcdi th 2 94004 B 7, A
I BUE LR (- 1),

2R SCHE R T SETCIN 50 2% g i 52 i ) o7 75 10 o
B 8 Fiyn 4 f 3 &4y, Bl i1 RF ##fiE 2E4% , SDAE {5 8
SR B R R A R 1E R SFTCN i B 70 3 /> HE 28
A,

3 XBIoH

3.1 Tennessee Eastman(TE) {f &

DTE f5 &£V 5851 A

A TE ff 5 6 XA SO AL AT 3E , H
TAmBRME 9 Frs.

8  SFTCN-fi Rt i 2
Fig. 8 Flow chart of SFTCN-based fault prediction

Ko TE R TZRER
Fig. 9 Flow chart of TE process

TE 3 8 0 BB SR e B0 21 B B L& 41
RS RA 12 N RAEAE R . AR 52 AR (5
12 AP 8 B AR, R ) A7 S8, TE &
T SR E] O 48 h, 4 3 min SRAE— U, T LA
2] 960 Hdly, 8 h 5 5l B I, B — 5 BoE e
AJE—A 960x52 [y A o AR ST ERE 13 FIECRE 8
oS BT IR

2) BE TR ) At 0 24 F) TE 3 A i s My DU

X TE J R S4TSR ), S5 BEAL AR AR SRk e 4
L R DG AL , AR A AE T AR L, e 30 4
LA SDAE BETY i iy ABCHE . B 13 $din hp ik i 7
LERANE 10 Fron AR IR A0 e R BRI A E R /N it A7
HES o



FE o B4 % 5T DAE Rl TCN (¥4 4= Tk j A & 100 145
03r AT30AN B EAHIE P SPE
04r
02F

0.1F

f=}
P
ynm_u‘y‘u‘A
e e
- —
P e
- -
- —
_ﬂ__
+
___,a__
,+,~.
w__i,,._
_!____

5
+
+

_!,_

.!.
—4—
-+
f
+

+

6 12 18 49 33 2 45 30 42 9 20 46 31 35 26
1517 37 19710734 32 277297 24728 0”37 36 21

Bl 10 R 13 BEPLARMAS AL R 45 R
Fig. 10 Result of RF feature selection for fault 13

1 LA BTk X SDAE BEAT U 2, F1) I IE % %
PR SPE 2 i B, 48 ) o il e 40 4 A7 5 B s . ik
IP" 13 W IWRCR A& 11 vz, B2k SPE 2l BR , 52
£ SPE RIS ML, SPE TR FR LT RUPRZSIE

W AERSHINL 21 8 AR T W, SDAE 4% 76 6 1% % 7
FF R W 2

06

04l
o
£

02

OF; . : ; . .
0 200 400 600 800 1000
W& RN
BT e 13 BERCR
Fig. 11 Fault monitoring performance of fault 13

Fioh, 2 FENLAR MR A R IR B 1 B i A 21 SDAE
T BT N2 7] Sy 95. 293 s, A 48 i 3%k (R 4 1iF S A B
SDAE #5704 it FH Y11 2585 6] 2R 103. 969 s, 33 3 BH BE AL AR A
S RE S PR IR AL I ZRsf 7]

TR 8 HhE , MR R A& 12 iR, HeR
AR AEALEE 1 KD, e B e HE S e M T
REGE 13 Fiw, BE&CH SR, 4R SPE il %,
SDAE [0 25 e 1 e & A e RE A% W I 21

0.30r T304 B B4R AE
025}
0.20f
0.15} t
0.10f [ e
0.05} P
Mo
-0.05} | P
17 18,15 37 1927109 2 28 4220 24 7 43

49 33 6712 30 34 29 46745 32 22 0" 35 41 40

K12 Hkie 8 BEHLARAMRFIEEFR 45 R

Fig. 12 Result of RF feature selection for fault 8

03

B | |

J 1l
X&xﬁu

i

0.1r ?‘i ] % i }
I J%ﬁ} Hk\&}w }J
(I) 2(I)O 400 600 800 1 000
RARN

B 13 ik 8 sk R

Fig. 13 Fault monitoring performance of fault 8

3) HF SFTCN (1) TE i P i B 3ot

B R P R AR SRR AL SPE 5, B L 4H B
6] FP 4, SR Ja b 0] 4 R N R AR Al i A P 4 o

WO 13 2 N Bl g % B B8 IR I 18 A i
R, S HTHIT 400 MREAS (618 160 A IE 7 HEA I 240 4>
W REAS ) YN EIR 4R , T 560 AN R AE AR by ] 3 5k
e,

SFTCN M4 240 AR ECH 1 000, (2% 2 %1
N4, BFRIZ A 2, Dropout H 0.05, 153 O KE N
10, batch & 256,22 K} 0. 002, {{k 28 & adam,
RERECH mse, BERIYIZR5E 55, (RAFLF 48 S50,
7T A1) T 1 5 e P 2k i e AR 25 e 3 R AT T, 1
WIZE A 14 fros o7 < 18 507 th 2 5 TME , B2 h

HAH
0.6 —— g
05k 2Pl ﬁ‘:
04 i% i

0 100 200 300 4(I)0 560
RE RN
[ 14 SFTCN %5 i 13-SPE TN AR
Fig. 14  Fault 13-SPE prediction result chart of SFTCN

1P 14 0] i, SFTCN 53k i 0 25 SR BE 5 5 4= U
BFREPRS B, AR B BNBCR . X FEAL R 8
HPRAS KR AE SPE 3t 47 @B BN, ORI 15 Jiow,
STFCN Fiyk i AE#g 58 G SPE #yZhZs s, SRcR
gy,

N E MR R A 2, R Fl MAE \RMSE \MAPE
AR XS TRCR HEAT PN, ST 4R bR s RN 1 PR,
X T GG AL B AN B AL R, SFTCN ) 2% 14 T 08 2
HRLLEE



146 & 0 ox w IR F42%

~~~~~ B 06] T ‘

of | = fome
03 04 q f

b § st f A | f;i

02f & f\ o
& 02f ; f«r Vi t

TW AN i LaaAM W W oy
ok WM . ok, . . ’ . : .
200 300 0 100 200 300 400 500
RERN

Bl 15 SFTCN [ 2%k i 8-SPE a3 firill
Fig. 15 Fault 8-SPE prediction result chart of SFTCN

%1 SFTCN Epy SPE MM FE4R
Table 1 Evaluation index of SPE prediction based

on SFTCN
MAE RMSE MAPE R?
W 13 0.01570  0.020 68 0.159 01 96. 87
ez 8 0. 002 61 0. 005 43 0.054 47 99. 30

RT R AT AR T AR B, SR T STCN L TCN
LSTM 1 GRU 1% £& Xt T Ml 3ob 78 il e 11 R 385 34k 47 7o
W, Hrr, STCN,TCN W %% % & 5 SFICN 4[5, LSTM
1 GRU W24 35 R ARIREL 45 245 Dropout I 21 5 1
K (batch | 22 > 3R 46 2% 14 2% PRt 5 SFTCN
FHIE

YTl 13, STCN \ TCN .LSTM F1 GRU X% Ho iR 5 7
WA E RN P HE An o3 S an &l 16 (a) ~ (d) F15R 2 Jiiw,
B S 2R h FOME , B4Ry L0, o K 16(a) b
STCN M5 FINRICR , #A ROR HeBe i ; B 16 (b) Jy TCN
PR TP SR, 1] 16 (¢ )y LSTM £ Tt il iy SPE &%,
[ 16(d) iy GRU MZEHIRCR 3 M 45 7E SPE sh 5
PFEE L& A2, W, TCN &%) (SFTCN,STCN
TCN) 5k At F B [)IKF LSTM A1 GRU BRI 5 i F 1
AFTE]

J T BGAIE Swish K% L ReLU S0 o8 H5 09 10 #5812
X STCN Fii TCN X 4% 50 35 45 58 35 #F 17 40 #r, W
B 16(a) ~(b) &F 2 v LLF H, STCN M [N SPE
IR TG TAR LR AT, TCN ] £ T35 30 W) 4775 %5 K 114
Besh, TEVEMHEFR I, STCN 75 TCN LRl k&R 22, H
b R* #2517 1. 73% ,MAE F#{% 7 0. 003 9,RMSE &% T
0. 004 86,MAPE (% 1 0. 043 45, iy Tl h £k & R 4%
BTSSR TT LLIOIE Swish 38075 bR B DL pE

TR 8, SR A FVRE I 7 3004 T S 3, T 280 R ]
E 17(a) ~ (d) F15% 3 i, B 17 (a) 2 STCN T2
B 18 17(b) g TCN Tl SPE #& %, & 17(c¢) N LSTM
T SPE a3, 17(d) & GRU Hiill ¥y SPE &%, 77
[5] 5 ) It £ 4 SPE TiilE , g4k N SPE S2FR{E

RERN

(a) HRE13: SPE-STCNTMIE
(a) Fault 13:SPE prediction result chart of STCN

0.6 ~— TSI |

200 300 400 500
RA RN

(b) WBE13: SPE-TCNTRE AR
(b) Fault 13:SPE prediction result chart of TCN

| B
R 74
0.6F

§ 04}

OAZ WJ%.

200 300 400 500
RAE RN

(c) #il13: SPE-LSTMTAMIALE
(c) Fault 13:SPE prediction result chart of LSTM

06, By ;
05k - SERRE
04f
. ?
= 037 gr
02t f
\%MMW J‘&
ok
200 300
RA& RN

(d) #ef13: SPE-GRUTIHI B
(d) Fault 13:SPE prediction result chart of LGRU

Bl 16 ke 13 Fsc R
Fig. 16 SPE prediction result of fault 13

x®2 WEB-FERETMNERLNELER
Table 2 Fault 13-comparison of algorithms in evaluation index

Tk MAE RMSE MAPE, R? B/ s
SFICN  0.0157  0.02068  0.15901  96.87  48.97
SICN  0.0158  0.02160 0.15763 96.60 47.83
TCN 0.0197  0.02626 0.201 08 94.97  48.67
LSTM  0.0277  0.03949 0.25736 92.13  71.14
GRU 0.0267 0.03255 0.24536 92.25  62.91
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Table 3 Fault 8: comparison of algorithms in evaluation index
Jr i MAE RMSE MAPE R A/
SFTCN 0. 002 61 0.005 43 0.054 5 99. 30 54.17
STCN 0. 003 91 0. 005 82 0.107 2 99. 16 54.53
TCN 0. 006 93 0.012 76 0.148 4 96. 14 53.74
LSTM 0. 007 80 0.015 45 0.149 8 94. 82 72.21
GRU 0.007 10 0.014 14 0.147 8 95.53 67.58
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TCN #7f R L, Horb R 275 7 3. 02% ,MAE [#{%
7 0.003 02, RMSE [&1{X T 0.006 94, MAPE [& % T
0. 040 22,3 Swish B oK AL BEAZ 1 = TCN 11 353 JU)
KR
3.2 EEZEIRKZEIMS EMALEEGIREE

1) Hdm 24

SRyt —25 B T T T P RR R R R K

B Be4E 1% b 0> (center for intelligent maintenance systems,

IMS ) S0 A4 7 3 A 4 A i e AT S0 SR 5 40

& 18 fif7R , A 4 NS Rexnord ZA-2115 BRI 7K , By

PLS Tl 7Rl S B2 A7 2 A SR I, B 1 A AR AR

2 000 r/min, Rl RSZHIFR M N 2 721, 5 kg,

ST A 20 kHZ , 10 min 3%
puipr it

UGS
Bl K, BEICRSE 20 480 >4l
BrRH

Hibl
K18 AR ELE G

Fig. 18 Experiment platform full-life data acquisition

FEFRESC I T AT 3 415050, A SC I A8
4 NHIZRMTT I B R B 2 B . =, %:éﬂ’éﬁt
PR AR 1 R AT, A SR —AN %45
R4 R BAIR S5 5 S BT, B S B 45 R
By 984x4 [RIBIRAE G

2) FE TR NG 1 ) X 445 1 e R e e )

FIF RF SEATHRRIEIESE , 25 R 5K 4 i (5 ik s
FASEE R /N A AE 5230 46 250 A HE B[ ) |, SR LRI 500
ANEFBAEE NGB, J5 484 A 1E 5 5 # 5 is 4
SRR . RIS R AN 19 iR, AR SPE 45
PR, SEER p 28 IR EE SPE 1ash, MK 19 afFE
H,7E 50 B 2 A2 A R ARSI R R SDAE (9 2% BE A Wi il
iR

3) HF SFTCN Fy il i e 103

H LR BRI AR ASREE SPE Se4] Rt e
G, SR 5 43 A YIERECE R A , 5T 200 BRI



148 &/ M £ FE M 425
06 ; N ,
mmmmm SPE | 05r —— Tl i
e SRR k
| 04r 9’1?.
. 04+ g] 403} i
i % o
& 554 0.2¢ “"éﬁ
02t M ok
v v ok, '
ol I ot . 0 50 100 150 200 250
0 100 200 300 400 500 RERN

R BEN
B 19 A7 MomiicR

Fig. 19 Resulis of bearing monitoring

£ J5 284 4~ R4 . SFTCN . STCN TCN LSTM F GRU
5 AR SHG I 1 AR SHHN . & EFER SR
SPE RS I b i XF th an &l 20 (a) ~ (e) Fiow, H A,
/51 20(a) 2y SFTCN BT , & 20(b) S STCN Tl
3,8 20(¢) iy TCN WO A9 SPE R34 & 20(d)
LSTM il i) SPE R A%, |8 20(e) S GRU il fy SPE
W& B MR SPE WMME, B4k h SPE SLPrE.
BRI EN TR AR B LS RN 4 s

0.61
| A i
05| ——5ehsi i
04f 5},‘
g 03f j{' i
&
0.2}f .'%
o1} j
e I e
Ok \ ! \ \ \ )
0 50 100 150 200 250
K& RN
(a) $7: SPE-SFTCNTMIZ R
(a) Bearing:SPE prediction result chart of SFTCN
05 ——Fiflifh

~~~~~~ bt TJ
I i

0 50 100 150 200 250
RAS BN

(b) 7K : SPE-STCNTRMUZH
(b) Bearing:SPE prediction result chart of STCN

05|~ FHIH i
“““ SzhRfl i
04} il
03 | '
ool *.‘“‘fﬁ\ﬁ
0.1p "\___f‘*”fl
0 50 100 150 200 250
RAE AN

(c) Hhi7&: SPE-TCNFU R
(¢) Bearing:SPE prediction result chart of TCN

(d) fh7&: SPE-LSTMFAHIBE
(d) Bearing:SPE prediction result chart of LSTM

[ B |
e ﬂ?;
N L
g 03r 3]
v it
£0; A
J;
oI ""'\__’J/—q’j
Ob I ) 1 . .
0 50 100 150 200 250

RA AN
(e) & : SPE-GRUTHHIZE
(e) Bearing: SPE prediction result chart of GRU

K20 %7k SPE HUMRCR
Fig. 20 SPE prediction result of bearing

F 4 WAEE-EEERNERLENER
Table 4 Bearing Fault: Comparison of algorithms

in evaluation index

Jrik MAE RMSE MAPE R® At/ s
SFTCN  0.00882 0.01936 0.09395 96.56  22.12
STCN  0.00896 0.01959  0.09562 96.47 21.84
TCN  0.01381 0.02734 0.13230 93.70  21.65
LSTM  0.011 61 0.02832  0.11540 92.93  30.42
GRU  0.01274 0.02896 0.12650 92.34  25.58
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MAPE 43 BIBAIK T 0. 007 4.,0. 008 F10.038 3 24, fifd
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TN E 20 (a) ~ (b) 3R 4 A] LIE i, STCN Al
TCN WIZEERREGE X SPE (1) #8547 AR 4 1) Fa il , {52 7E
TR [, STCN 78 TCN JERl |- Bl &, b R® 42
BT 2.77%, MAE FE Ik T 0.004 85, RMSE [% ik T
0.007 76, MAPE F&fK T 3. 668% , 7 Swish % sR ¥ fig
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