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Customized generative adversarial data imputation model for industrial
soft sensing

YAO Zou-jing', ZHAO Chun-hui*t, LI Yuan-long®, FU Chuan?®, QIAO Hong-lin?

(1. College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China; 2. Alibaba Group,
Hangzhou 310024, China)

Abstract: Missing data is quite common in the industrial field, resulting in problems in downstream applications such as
soft sensing and anomaly detection, as most data driven methods used in these applications rely on complete and high-
quality dataset to build a high-quality model. Current data imputation methods hardly take its following applications like
soft sensing into consideration. A considerable challenge is how to refine missing data repair according to its downstream
application. In this paper, we propose an imputation generative adversarial network with soft sensor (SSIGAN) which
considers the loss of soft sensors as data. Compared with the imputation generative adversarial network (GAIN), the
proposed SSIGAN model introduces the influence of data imputation on the soft sensor. The temporary soft sensor model
gives guidance for better repair of quality-related variables. Thus, “customized” data imputation can be achieved for
building a more accurate industrial soft sensor. An experiment of soft sensing of end-point composition in a steel-making
process is conducted and verifies the improvement of data imputation of quality-related variables and that of the soft
sensor with the proposed data imputation model.

Keywords: industrial process; missing data; data imputation; generative adversarial network; soft sensor; converter
steelmaking
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TR RE X, XA U Bk 2k 70 2 kAT SEHb, o R
Bl 2% 70 AT Al UEL R T R R AN U7 AR R 22
RMSE 1E 4 VP4 F8 5, 1T 45 9 PSS 24 75 4 3 2040 4
HHORT 5 R DA B R S O B LRI R R R SR SR S
AL TR, R2. RMSE [ 75 2 5% K (13) Fi
(4). N ERERRER, FHTHER R /ANT 0, M HE

F 2R T SSIGAN 5 GAIN #7I| 4 45 W 5
TE 4 R H 4 45 0 B B o A O AR K R 2R T
A DA B AR SR 2 0 F A T RO AT L L. $E S
P SSIGAN i Lt GAIN #5224 BT 18 20U R i 3 T+ H 4>
tt. B 5 7R T SSIGAN 57 5 GAIN #8775 2 AR 5E
T AT 4 S A £ H O O T A DGR R R B R T
FATHSCR PR AE B A T R2 AR NP FE bR, X
FLH S 20 (13). 5 H 9 5 #KV 1~ #KV3 X834

B B B B A AR &, A3l N SR AR S
& TR g S #REF X N B B AL &
1.0
0.8 F
. 0.6}
~
0.4+t
0.2+
0 / L L L L i
0 5 10 15 20 25 30
iteration/ 10’
(a) SSIGAN
1.0 — -
0.8
. 0.6
~
0.4
0.2+
O " " " L " "
0 5 10 15 20 25 30
iteration/10°
(b) GAIN
Bl 5 SSIGAN5SGAINYREHXTE
REETRHETHRNTL

M2 2 7T DL H, SSIGAN 1 FH £ 5 35 kb i 3ok
N8 5T A O R (1 R 2R M D AR DA R R ik
KICEM ORI T GAINB AL LU R? NEgHE, i
ARG B R R 0 F AN & 2 /D L GAIN A T
4.23 %, UARMSE A 45, W 2 D32 TH1.73 %. BIRTE
CHAFR T AR TCR G TR T SSIGAN K I 3B

=2 FEEMHEXZTE L SSIGAN 5GAINKIEIN

WG R? RMSE
R Ik 7T 2 A KB T A sk 7T 2 R Kbk T A it
Einll
L SSIGAN GAIN SSIGAN GAIN SSIGAN GAIN SSIGAN GAIN

Z#A R 0.00000(4-0.00/%) 0.00000 0.99567(—0.14/%) 0.99706 0.30730(—2.99/%) 0.29839 0.01887(—21.5/%) 0.01553
A Fh 0.013 34 (4-infty /%) 0.00001 0.95747( —2.20/%) 0.97903 0.23432(+1.73/%) 0.23844 0.04799 (—42.4/%) 0.03370
A 0.17158 (466.7/%) 0.10293 0.86530(+47.9/%) 0.58514 0.16344(+3.90/%) 0.17008 0.05859(+43.0/%) 0.10283
[E273 0.39890 (+4.23/%) 0.38271 0.84459(418.2/%) 0.71436 0.13978(45.54/%) 0.14798 0.07580(4-26.2/%) 0.10276
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T GAIN, H7E i 2K 70 22 I IE AN SR B R IAT o5
M. X 22 A B EAT B O 0 3 AN R R SR 2R T R Al
1T, SSIGAN K I i& ifh T GAIN, (H i T2 %A &
TEBEE B A BEHLAS &, 5 PO 21X — R 55 6K,
X E PR B 2R 70 ZR AN BUA 2R T R A TH I RO U5 AR
Xof JiE SR A RS

HH & 50T DL H, Bl A5 B 8 2 A B 8T, SSIGAN Xf
JoT B AH O AR B AR % TT 2 I Al o AR B A AR
AT GAIN, FF 75 58 28 7 & 4 5 A48 & oK i it
GAIN. ELans #KV2 Fl#K V3, BIfE4E & e Ak gk, &
BRI TC R A THRSCR W BT GAIN. A2 a8 45 2K bR 5L
H L, (X, X, M) RPXHRE A B2k 6 R A 1% 22, 7T
Fnkf A SSIGAN BLAY (AL IEAR, L, 7 HI 0T B AH 5%
A i AR AR 2R L GATN ARt R 433 2 70, HLZ 3 23 45
KA ERIERNGE FREEE. &ER2FMW
s, v 1 SSIGAN X Joit 5 AH 5 AR 5 (1Y) ik 2 40 T A b
ORI T GAIN, B AN R AR F5 80 . ] 4 Hoxt
N7 F] SSIGAN 5z £ 5 I 5 452 704 2% AR B GAIN A 1R
KIETE. SSIGAN HH A 25 451 2K bR 3 L Hoxt EE GAIN
ZHE R ALK Le,, 7T LR S AE BAR B
BRI RERAWEI T, B EA R THR T
JR FEAH DA AR SRR 7 A4, AR T T S =
55 5 A B AE R, AT 4 T 2 R A R ) e 24 R
®.
3 4 #®

ASCHEH T — R 1) Mk & ) SSIGAN i
FA AR S AME Y 38 b ) LE SRR S0 UF T iz A 1A
BOPE. BT HE SSTGAN A5 0 i AR 511 2 (1 i S AR
BB 45 A AR — i, IRHR T SR B 1R b A
SE Tl PR AR SRR AT o (1) A i 7 AR T e R
B FH R S ST e R B A AR, e ] A BSR4 K R
Hor oI N AZ I B ASE 2R AR A0 R, A A RN LA A
JR EAH DA B, Fi 5 AR A S T X LA 1
52, AR [m) 36 G R i B B AT 55 1R 7 [R) AR
T, A 85 26 1) Tl ) B 2R B ok . 2 JE T
VR3] 2% R ) FoAth B AR S H ) 5E $il0 B0 BB,
bl o 3ok i A 0 2
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