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Discriminative and collaborative representation for

visual classification based on compressive sensing

XIANG Fengtao, WANG Zhengzhi, YUAN Xingsheng
(College of Mechatronics Engineering and Automation, National University of Defense Technology, Changsha 410073, China)

Abstract: A low computation complexity, which is a very efficient representation of image for visual classification tasks, is presented. The

collaborative representation was combined with discriminative ingredient in a unified framework, which is an extended version of collaborative

representation-based classification. The coefficients of collaborative representation of test samples are sparse and robust to occlusion or other

disguises based on redundant and over-complete dictionary. Besides, the discriminative information was exploited by minimizing the within-class

scatter and maximizing the between-class scatter, which is very helpful for visual classification tasks. Experimental results on some widely used

benchmark datasets indicate that the proposed method can achieve competitive performance with other existing works.
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Tab.1 The comparison of recognition accuracy among

various methods on the extend Yale B database

Dimensions 90 160 300
NN 56.89% 60.38% 62.49%
SVM 84.12% 85.81% 87.67%
DKSVD 66.54% 71.52% 79.23%
SRC 88.93% 91.74% 92.89%
CRC 88.67% 91.82% 92.90%
FDDL 89.39% 91.84% 93.28%
DCR 89.83% 92.35% 94.16%
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Tab.2 Results of recognition rate on COIL100 dataset

Methods NN SVM SRC FDDL CRC DCR

Recognition

71.14 78.62 73.34 80.83 72.08 81.97
rate (% )
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