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and Local Phase Quantization
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Abstract ; Spatial and frequency domain analysis is an important method of image analysis. This paper presents a method
of face recognition based on local binary pattern and local phase quantization. First, LBP operator is used to extract LBP
feature in the spatial domain and LPQ operator is used to extract LPQ feature in the frequency domain from block grey-
level face images. Then fused into LBP/LPQ histograms and evaluated the goodness between tow LBP/LPQ histograms.
Finally, Face recognition based on the nearest neighbor principle. The simulation experiments illustrate that this method
has better recognition rate and more robust than single method on the YALE and AR face database.
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