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Abstract: This paper analyzes the drawbacks of general Principal Component Analysis(PCA) firstly,and discusses the Kernel
Principal Component Analysis(KPCA) and its drawbacks of high time complexity secondly.Then proposes the kernel function co—
variance matrix of principal component analysis in the end.Compared to KPCA,the method is fast descending dimension speed.
The results show that the proposed method used for QAR data has a good effect of dimension reduction and high rate of correct
classification.
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