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Improving discriminability of dictionary by features selecting

XU Tao, TUO Hong-ya, FANG Zheng, LIU Li, JING Zhong-liang
(School of Aeronautics & Astronautics, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: For the dictionary learning problem of bag-of-features( BOF) model, this paper presented an improved K-means meth-
od. K-means cannot achieve a good performance for it disregard feature selection and optimized-based method can be regard as a
feature selection method, but the computation cost is usually intractable leading to long training time. This paper presented a meth-
od to select feature based on Gist information. First, images could be roughly partitioned into foreground and background based on
Gist information. Then densely feature extracting was taken on the foreground and sparsely feature extracting was applied on the
background. Finally,the method used these features to construct a more discriminative dictionary. Experiments on Caltech101

show that this method can achieve a better performance,and it shows that this method can achieve a better discriminability.
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