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Abstract: Face recognition is an important research direction of pattern recognition and machine learning.
Among many approaches to the face recognition, the feature extraction methods based on subspace analysis
give the most promising results, and have become one of the most popular methods. In this paper, subspace
analysis methods were research and several kinds of the linear subspace method, such as Principal Component
Analysis(PCA) , Linear Discriminant Analysis (LDA ), Independent Component Analysis (ICA), Fast ICA
and nonlinear subspace methods such as Kernel PCA(KPCA) were introduced. The basic principles and their
research achievements of these methods were descriped and the analysis applications to face recognition were
given. Moreover, the ORL and YALE B databases were used to verify these basic subspace methods. The ex-
periment results indicate that FastlCA method is more powerful than other subspace methods for face recogni-
tion. Finally, the advantages and disadvantages of these methods were demostrated by dicussing the experi-
mented results.
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