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Image Classification Method Based on Non-negative Elastic Net
Sparse Coding Algorithm
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(1a. School of Mathematical Science; 1b. School of Automation Engineering, University of Electronic Science
and Technology of China,Chengdu 611731 ,China; 2. Big Data Research Center,Chengdu 611731 ,China)

[ Abstract] In order to improve the image classification accuracy, this paper proposes a Non-negative Elastic Net Sparse
Coding ( NENSC ) algorithm. This algorithm combines the advantages of non-negative sparse coding and elastic net
algorithm. It introduces an /,norm regularization term to the objective function of Sparse Coding( SC) optimization model
and non-negative constraints to coding coefficients are applied. The proposed algorithm combined with Spatial Pyramid
Matching ( SPM) model is applied to image classification. Experimental results show that, compared with the traditional
sparse coding algorithm, the proposed algorithm not only increases the prediction capability and effectiveness of the
coding,but also makes the similar feature descriptors similar after coding and improves the stability of the coding, it has
higher classification accuracy.

[ Key words] image classification; Sparse Coding ( SC) ; Spatial Pyramid Matching ( SPM ) ; elastic net; dictionary
learning ; Support Vector Machine( SVM)
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