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Method of Face Recognition Based on Principal Component Analysis and Maximum
a Posteriori Probability Classification
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Abstract 'In the processing of face recognition with PCA algorithm, the image may be eligible for some kind of proba-
bility density distribution and different levels of noise pollution, so the simple distance classification is no longer effec-
tive, Maximum posteriori classification combines the parameter estimation and kernal function and Bayes theory, can
take into account the probability distribution well, Under the multivariate Gaussian distribution, using it to replace the
distance classification can have the better recognition rate for the images containing the different parameter values of the
Gaussian noise. The standard ORL face library was used to verify this theroy,and the result shows its feasibility.
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