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Abgtract : Aiming at the problem that the large scale samples training process is dow and large computation, and
difficult to train online for the standard least squares support vector machines, a learning algorithm of online least
squares support vector machines regression (OL S SVMR) based on improved rectangular window with forgetting
factor (IRWFF) method is proposed by combining the modified rectangular window with forgetting factor algorithm
with support vector machines. The present and past window data are consdered smultaneoudy. The proposed
agorithm has less computation and high accuracy. The smulation results show effectiveness of the algorithm.
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