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Fig. 1  Amplitude images after Gabor wavelet transform
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Fig. 3 Diagram of fidelity term identification
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Fig. 4  Flow chart of the proposed face recognition algorithm
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Table 1

Recognition accuracy comparison between the

proposed algorithm and algorithms in AR database
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Fig. 6 Recognition time comparison between SRC,

RSC and the proposed algorithm
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Face recognition algorithm based on discriminative
dictionary learning and regularized robust coding
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Abstract To address the reduced face recognition accuracy in uncontrolled conditions such as the change of illu-
mination , countenance or posture, a face recognition algorithm was proposed based on discriminative dictionary
learning and regularized robust coding.Firstly,a face image is filtered by the Gabor filter to obtain the Gabor ampli-
tude images ,and the uniform local binary histogram is extracted.Then the Fisher criterion is used to gain a new dis-
criminative dictionary ,finally the regularized sparse representation is employed to test and classify the image.The ex-
perimental results based on AR face database show that the proposed algorithm has the highest face recognition rate
in the existing uncontrolled environments , compared with algorithms such as Sparse Representation based Classifier,
Fisher Discrimination Dictionary Learning,and Robust Sparse Coding for face recognition.

Key words

face recognition ; regularized sparse representation ; uniform local binary pattern; Gabor filtering; dic-

tionary learning



