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[ Abstract] The traditional Relevance Vector Machine(RVM) algorithm is slow to train on large scale datasets,and the
Gauss radial kernel cannot express the feature space completely. So based on adaptive kernel parameter optimization, this
paper proposes a wavelet kernel relevance vector machine algorithm. Regarding the wavelet kernel as the basis function,
incremental learning process is used to realize the fast adaptive optimization of each wavelet kernel parameter in training.
The proposed algorithm is used on prediction of chaotic time series and classification of UCI data sets. Simulation results
show that the adaptive parameter optimization wavelet correlation vector machine algorithm is superior to the traditional
correlation vector machine algorithm in forcasting accuracy and training speed.
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