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Abstract: Modeling the integrity of industrial process is a relatively difficult task due to its strong nonlinearity, dynamic
characteristics and slow time variability. Though there exist some soft sensing technologies for industrial process, they
fail to consider the nonlinear and dynamic characteristics comprehensively of the process. Therefore, this paper proposes
a model order based gated recurrent unit (MOb-GRU) neural network soft sensor model for fully-dynamic modeling of
nonlinear dynamic process. Specifically, firstly, in terms of the MOb—GRU structure selection, this paper determines the
total module number of the network according to the complexity of dynamic characteristics of the actual object. Moreover,
the MOb—GRU can flexibly set the number of units for reverse update, which breaks the limitation that the traditional GRU
can only output from the first module. Secondly, in order to make the memory network converge to the optimal at a faster
rate, this paper designs the network training algorithms based on the adaptive learning rate and the learning rate matrix,
respectively. Then, the typical univariate and multivariable nonlinear dynamic processes are selected in the simulation
experiment, and the MOb—GRU neural network is used to model and predict them. Finally, the rationality of MOb—GRU
network architecture as well as the high efficiency of the training algorithms is demonstrated through the simulation results.
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SRl PR 1230 7R 2 Al IO DL R W B i M TV 2
A TAR KRB, A% 7 2 HEEMER. B
SR BRI A TR 4B B A, 75 R Tl 72
WESHLEEA 7850 1 1 . Forb oy T iR S5 ARE0T 12
BERE H T 3RR TAl S RS HLERE! R /R 2 ek 10
i T BN E R S BOE AT L H TS hR T
bt FER N B %, 15 25 1) i SOME AR e, AR M8
AL A IR AR R . S B R 2 T
ORI R AR VAR T I e . B BB
AR EE I3 R 1) R B s A N\ it B8 S o =
BaEGdRAEZ RINBF LR, ML EEEETE
e UMbk 2 0 ) = A AR LM 1 A8 Ok B A A
J7 AL 32 4 4 Wik (principal component analysis,
PCAUI2N), flifx /) 312 (partial least squares, PLS!!?!)
2B 43 M vk 5 N LA 45 N 4% (artificial neural net-
work, ANN)ZEHL#5 27 SJ R A4 py - 92 s b i 72
BAZNEFHE, B LR ERS S 28N THE N
AT RE S B R 1R R 2 MR 1 i X6 Bl A R
PEPIARIE, DRI E 2R B2 S AL R N 1 1) 3 22t
FIT 1], AR FUEE XTI A B R R T R
LM B AN AR A 1517,

AR, A PP 2 R ) AN & AN 583,
228 IO 28 2 N R A Y 3 LA, 5 3 o 48 P 245 1181 42 )
F A 28 W 4% (radial basis function network, RBF!1),
A BT A 28 ) 4% (generative adversarial network,
GANOY) S (H 1 IR B H PR AR 0 i A ol
A, 78 Tolkad FE vp B — 5 1) )R PR 1% Zh 48 30 &
BRI AH AR B Hh A o 1 B A Y AE SEBR S AR Ak T
R P ARG 8 22 55 ) JE. [|] 7 R 25 X 2% (echo state
network, ESNP) | R 22 /X 4% (convolutional neural
network, CNN221) 5 & 3 i 28 % 4% (recurrent neural
network, RNNZ3-231) 25 0 Sy 50y 25 B0 S ASE 2 )9 FH 3]
SEBRAG Tl I 2. Hod: I 22 0 28 1) e I [A]
FR AR AR 70 RIERE. BRI, X Tkt #21)
ALt A B A EAGE 0] R, W48 FH oMb e B s A 9 i
IR 28 I 245 (1) i N BICR: FH ] 0 6 4 AT TE A2 poh 20 P 4%
X ARLEME N AT FR AT A L. 122 A N4 7
IR p0 22 0 28 | K BAIEAZ 49 22 I 2% (Tong-short term
memory, LSTM261) #1177 % 4§ ¥f 51 JC (gated recurrent
unit, GRUPM), I 45 BR 1 28 X 265 S — Fo 10 12 A5
B, ANEA A K A8 LSTMEI$ g 1
IR, L2 T7 S UK I, XHE R KR
B B Y RE AT AR U BV R T, (12 WX 2% [y &5
Fid TR 2%, INE T oHE A, A Bk A, GRU
IS 2] T 2 PN . FuZs P8 I GRUM 2 [
28 0 A2 I LIEEAT 7 T, 556 2% B, GRUTE A8 18 i
= _E R PEREAR T LSTM 5 & [l A B 5l °F 15

(autoregressive integrated moving average, ARIMA)f

Y. Pavithra%5 ZO0HG 1 TG0 500 R F T B2 240, ik
T GRUZE TR PRI 500 1 % e B ERAS | R A T
MR SiwagornZE B3OSR FIGRU T % AL 3 B 3% %
(R Bl L, 1 RLRE IS G ROCE B, S 1T kLIS
Wi 2. A 4 B S 7 — P L T GRUMIT S K 3
BT 7 i PSS 2R, S 32 WA ABE Y A TS P52 b
T 2 HOR N7 ) T B IR L 2 21 T . B
SR H AT O KR EA R SURIIE T GRUMZ M
28 S50 FL A FRUIASE FRY A2 1N P00 e 1 Py DAk, (R R
T GRUN b Atsk Hh A 42 1% 5 25 3 A% 1) T F 72 4D
JEFEWHL, I H O A BT T R GRUBHZE X 2% J [ 5
B TS SR AR LR MR B A I RE M I TR T ok R
ATWEFE. BT LA 2By, A SCHR HH— O L i vk
[¥JGRU (model order based-GRU, MOb-GRU) %l &
B B TAZ AR 0 Tk s rh AR B 5 AR B R4
PESNAS AR AT 3 2, ASCH A i th AR Lt
R 2 M Zh A R S PRIE 2t Bl A i 1 = AR
TR, BEMREAT 20 h 5 A,

LynnF A\ B2 [R50 2 B, GRUZ: #4587 11 A
IS B UR GRU M 2% S R B 24, 2 ) 3R R T 195
IR PR 7T B H B PR S 40 TR, S S 8 PR 4%
R 1) OB 5 A T I 2 ) AN SRR A ) 2%
DLAS PRI BE IS RIS SI. H AT O — 250 TR B IR
T ] R RS I 78 . Ranjeeth2E B35 H T HoAA
fILBE AL FE T B (stochastic gradient descent, SGD)H
% FIRAHLAR T S A, SGDI I NH iy 1B
(YL RE S5 204 7 S HERA 2, (HSGDH 2 > F 2 [E 2 11,
L SACTE P 8 HLZS 5 B N R 0 e A A Ralf %5 B4 811
TS TR 2R B AL 2% 2 (deep reinforcement
learning, DRL) [a] @ IR 2 2] %0712, 1% 71228
S BITIEREIS B S I (45 51, (RAGIR 2 2] 2R AE
AN BRI FHE RO VG N AR A, AN & B S ek ).
it e IR o), AT 7 BT R R
I8 K (step attenuation class, SAC) [H & I/ 5% 2] Z 5k
528 S FRAERE SRR, IR ORI RAE T 8 R PR
e SAEE, R 1 T A HER 2.

2 EFX RS 1 3 & i 2 FIMOb-GRUM 2%

ZH5EERME

GRU H Cho % A&, & LSTM I —Fh R A5,
AMX BB i 1 RNIN A LE 18 FE 9 2K 1) R, S8 a4k 1
LSTM () i 2% S84 S iy 1 WeSlo 2. H BT FH Y
GRUMB A = 22 537 I VR B 1 TR AR, B3
A=Y )

AN GRU HLICHEBEARYE 4 1l i 2 R A\ gy AT —
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Fig. 1 GRU internal structure diagram

AT H IMOb-GRU B A7 3E F ()37 &
TR LIt D) T TS R R R A, i
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A 2) IR R A e R) AR, 2 — o I ok
. OSCRE u My R Ros SRR AR B
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R R R CR, B S« gy — .

MOb-GRU £ W 4% 5 £ EGRUKH L, X 2% 45 #4)
RRE SNSRI ESEN, REET: ) NG
¥4 %, MOb-GRU g AR 4 S i 2 1 K E v 1
1) SE T R O, A T D T4 A s B
5 i GRUM G 1B gt AR b, BEGRIE T K
WA WA AZ M, ARG B AR T i R,
T ELE RS, MOb—GRU ) S [ 5 3 B e B2 5
B E — MEHTT UG I R 1) AT I o8, 52k
BB R B E S TR] B 1S A2 A 2, DAL ORAIE
T BCE AR I R AN R R A B A b) I
SREE B, 8 FH BE N [A] 5 17 4% B (back propagation
through time, BPTT) &% 247 Il 5 I}, MOb-GRUZ5
AR R IR E T I R ST R T AR, I GRUZE S
Tofs P55 O O T A A . 36T Ik, MOb-GRU
WIZRE 73 28 B [0 8 7 Ao B35 I 75 (PP A B 3N, 115
BRI, W 7R AU . (HEMOb-GRU R £
W2 ERNNAHEL, M2 4510 2 4 FE 5 I 2R 5 v &
SRR, JRIRTET: a) G5 E&, RNN A E] 2
LIRS H E—ZEEmARRESS 8 88—
I 220 RS P sE 1, IR #E 5 GRU, MOb-GRUAH L,
RNNEBEHE RG24 b) MIIIZRE L E&, RNNZR
A P B A R TS BRI T — B 2 R R
B S A 4% B T BON 1, DRI 20 1T 75 1 S B A X

FAK. 4 L P&, RNN5GRU, MOb-GRUA L, W 2%
SR TR AT, YN SRR ()T SR 1) B2 2% B TEAIG. 3T
TSR H) 52 2 FE DG R UER 1 TS

BT XA T S () 52 4% B S SR RE R 5 R,
AR FIMOb-GRUE 2 5 JE 26 M 5 A5 i R ik 47
HBE, N B N B e RN B Sy, E A 2 I 5%
1252 150, o I FE L EE A S5 & A
Y B AR B MOb-GRU (SISO-MOb-GRU)E B
i A B AN BAR B GRU (SISO-GRU)E L7t 1) B 12
B, Herbe g AT AL R R IRl oA I n) SRR OTEL,
PLSISO-MOb-GRUAE & i 7] B N, B4 B0 R 7
HIE N NMOb-GRU HL G I N &5, 17 Hi%E
1) 4% & NMOb-GRU 5. 7t (1) FUI it & e (t) =
[u(t — 1) y(t — 1)]" AMOb-GRU ¥ G I it \; x(t)

=[z@—j) - 2@—9) - 2@-1),0() =[5
— i+ 1) - g(t)] o e R R N R L DAk

It FE A BN AR, A ORGSR 338 V3 1 77 2085 I 45 1
HINE S IRE, [ MOb-GRURE R 23— Fh 45 2%
. SISO-GRU{F Bt [ B o A8 £ [ B

F 1 3R R A A
Table 1 Computational time complexity of three

models
GRU MOb-GRU RNN
SRR K 0 »
yt i+ yﬁ
h(t—17) T T
T > Unit Unit - >
Uiy iyt—,,- Uit Yot Wer| P

(a) SISO-MOb-GRU{Z E.i [ &

ynt*jﬂ Ypa Yo Y,
: . (E2) . R .
Unit -----> Unit Unit Unit
U5 i Yij UHS Y3 ut—ZE Yi2 uHi Y1

(b) SISO-GRU1E Bt 141 &

2 HAFE MOb-GRU 5 A& GRU/E Bt K
Fig. 2 SISO-MOb-GRU & SISO-GRU information
flow diagram
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T BT B b R R (1) et S Ao i 4 A i s
P} 2270 i I R AR R T I3 N A ST 2
A7 E-MOb-GRU (MIMO-MOb-GRU){Z B[] . H:
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BB AR WS NG 0T 2 R il 2, fY
In—AN N B AR, (52 22— o 0 ] P 5 X 4%
(4R NS AR, AR W0 25 N 48 B2 10 4 2 5 S
4k 190 2 A #L. £ 48 5 GRU (MIMO-GRU)E Bt
] ] 5 MIMO-MOb-GRU{ .1t n] B Fy [X. 531) i LA
R, fEHA 2 EAA M MIMO-GRU/E 23 .

Yovn — Y20 _
\ N
' \
Yy, -in Yo.vin Y4 l Yo
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i t i
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SR Y e Py o N
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Fig. 3 MIMO-MOb-GRU information flow diagram
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IeJa — M ZIIMAPE I 3] .
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PR FEFR ORI AR AE J Ji5 TR B A % i ZE A 1
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EEMIBH UL S RGN SRR ST MOb-GRU I Zi M RE Y
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4.1 ARSI AT EE S T

iz, A E AR S S T B RG]
(k) = — 3 ok — )t

61:1

S (k- c) + w(k),

co=1

52 — /52 — z(k), 0 < z(k) < 52,

z(k), 52 < z(k) < 68,

68 + /x(k) — 68, z(k) > 68,

y(k) =

®)

E 4 u()REARLMESN SRR S, VA
B EEACE, BUNZ IE%E S

u(k) = 80 + 15sin(0.2k) + 2 cos(0.5k), &)

Horr: KASRAERS 25 BURAE I HIT = 1 min; AN 9%
P2 Tl L 2(8)—(9) I FL A J 14, 3£810001 iy A\ A H AR A
Hodls, LL3: 11 LR B S0 7 I ZRAE L SR IEAE AN K
B () FOR PR B y () Fonfinh AR &, MR
(3 AR w ()RR IR S, A& — A iR BB N0
Ji 220 T EA LS, B

w(-)~N(0,9), (10)
SES AT S S 0 R
fiik
U ¢
o(k) = = 3 ook =)+ 3 reu(k—ca). (1)

S SRCRILUT 525 RGN AW KT . 2 Xy =
br o w7 TRRAR S R, BN
Hricn, 7en AT IERS 375, 1

[ N(k1,)\1)

}T — N('fm)‘n) , (12)

S
N(7'17>\7]+1)

Kn T1 -+ T¢

LV (76 M) |
i n ) FoR BRI )5 22, SRR A FRR RGN
BB ANTEE . AR, FRon RGP S BT K.
AN SRR AT L RAA R R I R
52 — /52 — z(k), 0 < z(k) < 52,
y(k) = § z(k), 52 < z(k) < 68, (13)
68 + \/z(k) — 68, x(k) > 68.
MOb-GRU ! £ [ £ 152 14 368 2 E0 (0 46 11T [l 4% 4k
FTCHL B Im) B B TR DA K TR A ) R TR G, B o

FET S e A B S L SEIEE E
WR2FTR.

X T AR AR S BRI E R A, e
BBONFE HEFMEN, BN EriRe, ntbik
BN 6; Tk 2] 2R (8] BE Irg 2 1 152 B 2 0.08, R fiilik
22 31%510.08, 0.16, 0.24, 0.32, 0.40, 0.48, 0.56, 0.64];
RGP B Td X E N0.95; RGN RIS
BTV B ON0.00152; FMERUE SHAE 98 I 15 B N4.02.
9y i MOb-GRU [ HIf [ 4% 3% 504 5 I 1) 58 37 A
JCH, FEIRAFAE AT X EE S5, B MAPESE AV
Tabw, RERERAETIIIE 5 B SLE 2 (AW 2 1 S bRk,
MAPE# /)N, B e AT. i T W 26 7E I it 72
BB — @B, SRS 225 1 BT ASIA],
IARAE S 56 45 B (K T SEE, R S S I 34T 50
RES, IHG 45 LAY, i3R3 for. K Fhrak
TN K FHSAC H @ M2 2] R EE 451 2 g 3 T
Frm# s K 2 2] R H R IR NS AR SR, TR
PR~ R [ 28 2 2] R AR I M 2 )1 245 3L S THI DA
T A RIS Le 2 S A 2.

£ 2 BHAEIRE
Table 2 Parameter initialization settings

¢ n g d A 0

6 6 008 095 000152 4.02

% 3 RRBA LM AT 89MAPE
Table 3 MAPE under different model structure

parameters
HIFsIeH;  &IAEH¥ICE:E MAPE. MAPE, MAPE
17 6 0.0625  0.0661  0.0694
18 6 0.0618  0.0658  0.0687
19 6 0.0581  0.0648  0.0658
20 6 0.0594  0.0665 0.0685
21 6 0.0602  0.0678  0.0696
19 4 0.0600  0.0677  0.0692
19 5 0.0584  0.0653  0.0669
19 7 0.0602  0.0659  0.0661
19 8 0.0640  0.0677  0.0688

R3] I, 1E3FhE ) BANMWEIE T, AL AR
JCHCA19, S [a) B HT B R 60, MAPEFI R 5 /).
R IE ATV T 190, PEBEFEARBE FT )14 4% 5
TCHCRTHE T Ul /) s 24 BT ) A% 16 BR G HOR T 198, 1%
REFEPRIE AT 4L 18 PR oo 3G I 3 . 1% 2 |24
AT AR R B e HOS 2 — e 5 H B, BB S 4
PRNESGA, AR Y AT 24 AR K 1) [ B TR 2 PRI, 4
I BEET B e EUN T, M RE SR BRBE S R BB
QNI A N (6128 8 SS7Tve (O 011 IO A . =1
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Fig. 4 Relationship between training performance and
Irg of MOb-GRU
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HER®) T K =0.12, ky =0.03, k3 = 0.05, Ky =
0.02, ks = 0.01, kg = 0.01, 7, = 0.61, 75 = 0.21, 75
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XF AN A R S0 B 5 22, S5 03 Ml #EAT 50U
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T, Zeaze A FIRRLAE A [F) 22 21 RO S T )
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Table 4 MAPE under different degrees of internal system fluctuation

A =0.0012 A = 0.0052 A=0.012
MAPE, MAPE,, MAPE MAPE, MAPE, MAPE MAPE, MAPE, MAPE
RNN 0.0605  0.0612 0.0624 0.0828  0.0925 0.0965 0.1088  0.1133  0.1281
GRU 0.0545  0.0553 0.0576 0.0793  0.0828 0.0846 0.1052  0.1089  0.1100
MOb-GRU  0.0523  0.0538  0.0547 0.0759  0.0802 0.0827 0.0988  0.1059  0.1074

b) FRGLHMERBAIAT AR AL TR R .

RGUH BB v BT (R s R L, B
RLREME S AT 22, B E A EREIEE N = 0.0017,
% B I BN RE L9 7 94,0, 6.0, 8.0° 3K UL,
FEUEAR B 10T A0 1% L EAT 500 7 3 53 S
FFHe 2 REOT), SR URS PR, HaRSW LA, 18

SFPEVE TR, B MR e s A R I, SR e T
KSR AE T AN FIREFE BRI, BRI e 75 A7 e 2
SERGIEH AL i, g RS i sh AR ROR,
RGBT EK, FEAEA [F S5 S 20T wl h
LR AR b SEPR R G RIARK, TRIREE R F%.

BT LR #r, fEMAEE I, 12 FIMOb-GRUB Y
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Table 5 MAPE under different degrees of external system fluctuation

9 = 4.02 9 = 6.0° 9 = 8.0°
MAPE., MAPE,, MAPE MAPE, MAPE, MAPE MAPE, MAPE, MAPE
RNN 0.0605  0.0612 0.0624 0.0898  0.0922 0.0972 0.1165 0.1273  0.1552
GRU 0.0545  0.0553 0.0576 0.0808  0.0875 0.0932 0.1112  0.1142  0.1182
MOb-GRU  0.0523  0.0538 0.0547 0.0743  0.0819 0.0904 0.1043  0.1077  0.1120

%6 A=0.0012, 9 = 4.02H 2L F 35 7 A A
#9RMSE
Table 6 RMSE of three prediction models in case
of A =0.0012%, ¥ = 4.0

MBI, RMSEa RMSE. RMSE
RNN 0.3017  0.3120  0.3249
GRU 02648  0.2965  0.3082
MOb-GRU  0.2445 02616  0.2854
75 T T T T
70
g 65
D
1
g ¥
55
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45 1 1 1 1
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IR E 5 w(k)
—— SEPRAZ —GRU
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B 5 3FRTUMIETLE FH SAC [ 38 W 52 ) R T
M ASEER M E2

Fig. 5 Predicted curve and real curve of three prediction
models under SAC adaptive learning rate algorithm
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Table 7 RMSE of three prediction models

BAEIXTE,  RMSE. RMSE. RMSE
RNN 0.3302  0.3437  0.3659
GRU 0.3166  0.3291  0.3593

MOb-GRU  0.3085  0.3155  0.3445

& 8 3APARAAR WP F &9 0 18]

Table 8 Time required for three models’ simulation

RNN GRU MOb-GRU

BAUFT Al 10.0313s 1103750 s 57.1563 s
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Fig. 6 Comparison between predicted curve and real curve
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