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An approach to soft sensor modeling based on
wavelets and a least square support vector machine

XTANG Zheng-rong, CHEN Qing-wei
(School of Automation, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract ; Some industrial process variables are very difficult to measure. To overcome this problem, a soft sensor
modeling, based on wavelets and a least square support vector machine ( LS-SVM) , was proposed. Initially, a
stream of sample data was decomposed into sub-sequences with different frequences. This was done on the basis of
wavelet transform. Then the respective sub-sequences were modeled by appropriate SVMs. Finally, estimated val-
ues for the primary variables were obtained by wavelet reconstruction. A quantum particle swarm optimization ( QP-
SO) algorithm was employed to select parameters for the LS-SVM and the kernel function. Simulation results con-
firmed that the proposed method has high precision and good generalization ability.
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