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Fig. 3 Deviation from ORL face database by LRC and
CRC method.Take the first four original images of each
face and their mirror images as new training samples,

with the remaining face images as test samples
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Fig. 4 Deviation from FERET face database by LRC and
CRC method.Take the first four original images of each
face and their mirror images as new training samples,

with the remaining face images as test samples
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Combination of LRC and CRC deviation based on
mirror image for face recognition
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Abstract In order to improve the accuracy of face recognition and better display facial features, we propose the
combination of LRC and CRC deviation based on mirror image for face recognition.First, the proposed method gener-
ates mirror images ,then by merging the original face image and the mirror image to form a new mixed training sam-
ple.Finally,face recognition is performed by using LRC and CRC deviation.The new method increases the number of
training samples, and overcomes the problem of variability from pose and illumination of the original face images.The
experimental results show that the LRC and CRC deviation combined method significantly improves the accuracy of

face recognition.

Key words face recognition; mirror image; collaborative representation classification; linear regressin

classification ; deviation ; sparse representation



