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A fast and low-rank discriminant
sub-dictionary learning method for image classification
ZHAO Ya, WANG Shunzheng, LV Wentao, WANG Chengqun

XHERRERS A

(School of Informatics Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

[ Abstract] This paper proposes a fast, low—rank discriminative sub—dictionary learning algorithm. In the training phase, the low-
rank constraint terms of the sub—dictionary and the Laplacian matrix regularization terms are constructed, and the objective function
of the discriminative dictionary learning is added. The original sample is mapped to the new space so that adjacent points of the same
category are closed to each other. At the same time, the sub—dictionary’s ability is enhanced to reconstruct similar samples, and the
corresponding learning dictionary is learnt according to the discriminative characteristics of each sample. In the testing phase, the
kNN classifier is used to estimate the class label of the test sample. Finally, the algorithm are applied to three public data sets
compare with other dictionary learning algorithms. The proposed algorithm has achieved better classification results.
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Tab. 1 Parameter settings on three databases

Extended YaleB AR SR
A 1x107 5%107° 1x107°
B 1x1073 5%x107° 2x107%
y 0.02 0.01 0.16
R2 3INMHIEENDLERE
Tab. 2 Classification accuracy on three databases %
g s
ﬂ;i;; pend AR S
FDDL 96.7 97.5 61.9
LC-KSVD 96.5 97.7 62.2
LRSDL 97.9 98.3 63.8
LSDDL 97.0 97.9 63.7
The proposed 98.3 98.6 66.4
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