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Face Recognition in Non-ideal Environment Based on Sparse Representation and Support Vector
Machine

WU Qing-hong and GAO Xiao-dong
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Abstract Currently face recognition algorithms have high recognition accuracy and strong adaptive ability in ideal environment,
but in non-ideal environment, the accuracy of face recognition declines sharply. In order to improve the stability of face recognition
results,a non-ideal environment face recognition algorithm based on sparse representation and support vector machine fusion is
designed. Firstly, the feature dictionary of face recognition in non-ideal environment is constructed, then the training samples and
test samples of face recognition in non-ideal environment are processed by feature dictionary,and the learning samples of face re-
cognition in non-ideal environment are constructed. Finally, the classifier of face recognition in non-ideal environment is estab-
lished by using support vector machine,and face recognition in non-ideal environment is processed. A number of standard face da-
tabases are used to test the non-ideal environment face recognition algorithm. The non-ideal environment face recognition accuracy
of this algorithm is high,the false recognition rate and rejection rate of non-ideal environment face recognition are low. Compared
with other face recognition algorithms,it is more adaptable to environmental changes,and the overall recognition effect of non-
ideal environment face is better. It improves the efficiency of face recognition in non-ideal environment and has obvious advantages.
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Fig. 1 Work principle of Retinex algorithm
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Fig. 2 Primitive face images in imperfect environments

S o G ey a*!o
A v L owh
2 -~ -

Kl 3 £ Retinex H35 40 HF 19 AN K 1%

Fig. 3 Face images processed by Retinex algorithm
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Fig.4 Work principle of support vector machine
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Fig. 5 Structure of face image recognition classifier in ideal

environment
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Table 1 Environment setting for face recognition simulation
experiments
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Fig. 6 Simulation experiment object of face recognition
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Fig. 7 Face recognition results of Yale database
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Fig. 8 Recognition results of self-collected faces
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Table 2 Average time comparison of face recognition
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