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Soft sensor model ing based on fuzzy least squares support vector
machines

ZHAN G Ying, SU Hong-ye, CHU Jian

(National L aboratory of Industrial Control Technology, Institute of Advanced Process Control, Zhejiang
U niversity, Hangzhou 310027, China Corregpondent: ZHAN G Ying, Etail: zhangying@iipc zju edu cn)

Abstract: A fuzzy membership model based on support vector data description is proposed to fuzzify all the training
data Then the model is introduced into least square support vector machines (L S-SVM ). Data samples in input
gace aremagpped into a high dmensional feature ace, and then the snallest enclosing hypersgphere is found The
fuzzy membership value to each input point is computed acoording to the distances to the center of hypergphere The
proposed ft senormodel based on fuzzy least squares support vector machines is goplied to predict the frozen point
of light diesel in fluid catalytic cracking process Smulation result show s that the proposed method actually increases
the accuracy of L S-SVM.
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