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Abstract: Aiming at the demerits of the least square support vector machine, such as losing the sparseness of support vector, and difficulty in
selecting parameters of model, it is proposed that by using Mahalanobis distance to analyze the similarities among samples, for recover the
sparseness of the least square vector machine. In addition, by adopting particle swarm optimization algorithm that with k-fold cross-validation
error as learning object to select parameters of the model, and the improved algorithm is used to establish the soft sensing model for concentra-

tion of the product of distillation. The simulation verifies the effectiveness of the improved algorithm, and the result of research shows the model

is accurate, and good for generalization to meet industrial measuring requirements.
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Fig.1 Simulation result of sinc function
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Fig.2 Generalization results
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Tab.2 Comparison of generalization results
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