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Modeling method of least squares support vector regression based

on vector base learning
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(1. Institute of Industry Control Technology, Zhejiang University, Hangzhou Zhejiang 310027, China;
2. Automation Institute of Lanzhou Petrochemical Corporation, Lanzhou Gansu 730060, China)

Abstract: To achieve a sparse solution for least squares support vector regression (LS-SVM), an algorithm called
vector base learning (VBL) is proposed in this paper. Firstly, the concepts of base vector (BV), base vector set (BVS) and
vector space are introduced. By calculating the angle between the new sample vector and the vector space, the criteria
for determining whether the measurement vector is one of the BVS is then derived. This determination is carried out
on-line for the coming new samples. This makes the solutions of LS-SVM having the feature of sparsity. To improve the
modeling speed of LS-SVM, a recursive algorithm of increased memory mode for VBL algorithm is also proposed. Finally,
simulation analysis and the modeling of a typical plant for water treatment clearly illustrated the validity and feasibility of
the presented method.
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Fig. 1 Illustration of determining BV by the plane vector space
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