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Abstract : Aiming at the problem that support vector machine (SV M) is difficult to solve dynamic pattern classification
directly in mechanism, a process support vector machine (PSVM) model based on orthogonal function bas's expansion
ispresented in this paper. The input of PSVM can be functions with timevarying, and its output can be pattern
classfications. A group of proper orthogona function bass is chosen in input function space. The input functions
with finite terms of the function bass are expanded, and the expanson coefficients are consdered as the inputs of
kernel function. As timevarying functions under bas sfunction mapping are in oneto-one correspondence with
expanson codficients, the tranformation mechanism of SVM is used to implement classfication of dynamic patterns.
The olving algorithm based on SMO is given, the results of smulation experiments show the effectiveness of the
model and agorithm.

Key words: Process support vector machine; Timevarying signa ; Pattern classfication; Orthogonal function bass
expanson; Solving agorithm
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