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Application of Improved Spectral Clustering Algorithm in Multi-model Soft Sensing
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Abstract: In accordance with the features of nonlinear and multiple working conditions of the industrial processes, the multi-model soft sensing
modeling method based on improved spectral clustering algorithm is proposed. The sampling data are clustered by using the improved spectral
clustering algorithm, and the sub-models of various types of samples are built in accordance with least square-support vector machine ( LS-SVM )
algorithm, the weights of multiple models are solved by using particle swarm optimization ( PSO), then the sub-models are combined in

accordance with the “weighted mode" to obtain soft sensing model. The simulation tests show that the method proposed possesses higher model

accuracy and excellent generalization performance.
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Fig. 1  System structure of multiple models soft-sensing
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Tab.1 Predictive errors of models
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