¥£58% HF11H 1k T 2% it Vol. 58 No. 11

2007 £ 11 A Journal of Chemical Industry and Engineering (China) November 2007
[fESsEccecces,
RN = i A2 R H AR AR & A v g R A
ULssssss=s-=d

Tl s

(AR BT R A L 5E B . L 200237)

FE: 456 T2 MBS OB & 55 An i Th A, S84 TR S ik 22 (GP) #2352 4% ol ol 72 30 4 07 i .
B E (ARD) JFHLE GP B RISS & 647 H00 & A6 R A0 B A8 de 3 9%, @A 3 GP A B AL, [A] i A
) 5 B 5 F 18 AR A THERAE R A TN S 6 G B . A AR D T B SO A R R R RE 4 A T I R R A e
FER R, BESERW] . GP B AR U RE B Sl B4l B A8 i . 10 ELid B B0 1 Al TR B2 A/ ity ) 32 S 4
FEJE AR B AT U A2 T M 3 A R DN A R A K
KW TR W N R I
mESES: TQO063; TP 183 XEEARIRAD: A NEHS: 0438—1157 (2007) 11—2840—06
Gaussian process and its application to soft-sensor modeling

WANG Huazhong
(Research Institute of Automation s East China University of Science and Technology . Shanghai 200237, China)

Abstract; With the estimation of key quality index in an industrial naphthalene distillation column, a novel
soft-sensor modeling method based on Gaussian process (GP) was proposed for complex industrial
processes. The principle of automatic relevance determination, implemented with GP model, was proposed
to determine the secondary variables for the soft-sensor. To overcome the shortcomings existing in present
methods, which can not determine the measurement uncertainty of soft-sensors, the GP based soft-sensor
was developed to get both the prediction of key quality index and its measurement uncertainty
simultaneously. Application studies showed that the GP soft sensor model not only determined the
secondary variable automatically, but also possessed both high accuracy and small measurement

uncertainty, which met the demands for reliable measurements in industrial application.
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Table 1 Results of ARD for secondary variables

wp (Varl) wy (Var2) ws (Var3) wy (Vard) ws (Varb) ws (Var6) w7 (Var7) ws (Var8)
1. 735 0. 629 0. 331 0. 506 0.274 0.016 0.126 0.0023
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Fig. 1 Curves of GP-PLS soft-sensor prediction, analysis and 95% confidence band
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Table 2 Comparison of different soft-sensors

RMSE HR/%
Model
Train Test Train Test
GP 0. 00574 0.00691 85 82
SVR 0. 00536 0. 00667 89 84
BPNN 0. 00568 0. 00681 86 82
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