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Face feature extraction
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Fig.2  Structure of RBF neural network
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Fig.3 Learning procedure of RBF neural network
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Simulation & analysis
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Fig.4 Samples of facial images in ORL database
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Fig.5 Network errors with respect to learning rates
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Fig. 6 Samples of facial images with different noise amplitude
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Fig.7  Error rate with respect to different noise amplitude
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Conclusion & future work
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Abstract

dimension problem,small size samples problem and non-linear separable problem that exist in face recognition tech-

In this paper,feature extraction and recognition of facial images is studied in order to resolve the high-

nology. The proposed feature extract method based on Principal Component Analysis (PCA) and Fisher’s Linear
Discriminate ( FLD) can solve the small size samples problem and the high-dimension problem by mapping the
samples from a high-dimension space to a low-dimension Eigen space. In the recognition stage , RBF neural network ,
which represents a brilliant performance on small training set, non-linear separable and high-dimension pattern rec-
ognition problems,is used for pattern classification. Simulation results on the ORL face database indicate that the
proposed method for face recognition yielded a good recognition rate.

Key words face recognition; feature extraction; principal component analysis; Fisher’s linear discriminate ; RBF

neural network



