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An improved image classification approach of sparse coding
DIAO Qi
(Zhejiang Dongfang Polytechnic, Wenzhou Zhejiang 325000, China)

[ Abstract] According to the traditional sparse coding method for image classification, the image features extracted by SIFT
algorithm are used in this paper. The classifier mainly constructs multi —scale wavelet kernel limit learning machine for image
classification. This method is used to test the wine dataset and the Microsoft Corell K image library. Experiments show that the multi

—scale wavelet kernel has better classification effect than the single —scale wavelet kernel. At the same time, the classification
performance of multi—scale wavelet kernel limit learning machine is better than that of multi—scale support vector machine, support

vector machine and extreme learning machine.
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Tab. 1 Classification performance of Wavelet kernel limit learning

machines with different scales %
R Iy N
AR/ N 94.91
TR 96.61
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Fig. 1 Classification effect of different scale wavelet kernel

limit learning machines
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Tab. 2 Classification accuracy of Corelk images

Corelk FEARR: IR
Africa 30 0.771 4
beaches 30 0.828 6
buildings 30 0.757 1
buses 30 1
dinosaurs 30 1
elephants 30 0.928 6
flowers 30 0.957 1
food 30 0.9857
horses 30 0.975 1
mountains 30 0.890 0
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Fig. 2 Classification effect of different classifiers
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