20 5 2005 5
Vol 20 No 5 Control and D ecision M ay 2005

: 1001-0920(2005) 05-0549-04

SVR-PL S
( , 200237)

- (SYR-PLS) : YR RS , BLS ., SYR

’ ’ ’

: TP183, TQO063 A

Soft sensor modeling of acrylonitrile yield based on hybr id SVR-
PL Sapproach

WAN G H ua-zhong, YU Jin-shou
(Research Institute of A utomation, East China U niversity of Science and Technology, Shanghai 200237, China

Corregpondent: WAN G Huarzhong, E-mail: havang@ecust edu cn)

Abstract: A hybrid SY R-PL Smethod is proposed to deal with complicated processw ith nonlinearity and a large
number of correlated inputs The SY R-PL Smethod, w hich hasmeritsof both SY Rsand PL S, is an integration of
support vector regression machine and partial least squares The PL S outer projection is used as a dmension
reduction tool to renove oollinearity and the S/ Rs are trained to cgpture the nonlinearity in the projected latent
gace Soft senr modeling of acrylonitrile yield is established using SY R-PL Smethod T he generalization ability
and accuracy of the oft senor using themethod proposed is superior to traditional methods
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