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Abstract: The standard support vector machines (SYM ) formulation ismodified by considering equality constraints
w ithin a for of ridge regression instead of inequality constraints The lution can be obtainsed from ®lving a set
of linear equations instead of a quadratic progranming problem. The kernel principal component analysis (KPCA) is
applied to least squares support vector machines (L SSYM ) for feature extraction KPCA calculates principal
component in high dmensional feature pace Thew ay reduces dmensions of sample and regression is applied w ith
theL SSYM. Smulation results show that themethod proposed is effective and superior.
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