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Face recognition based on curvelet and PCA
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Abstract: Considering the disadvantage of wavelet in image representation—it is only optimal in representing point

singularities, we used curvelet transform to extract facial features. Combined with principal components analysis (PCA), this

curvelet transform based method was presented for face recognition. The facial features being mostly curves, curvelet transform

directly took edges for representation, resulting in a more powerful feature extraction. PCA was then used to map the feature

into more meaningful subspace, hence we got higher recognition rate. The experiments demonstrate the effectiveness of the

proposed method.
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