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Bag-of-features car detection based on selected local features
using Support Vector Machine
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Abstract We propose a local feature selection method that classifies local features into background’s features and target’s
features using SVM. We applied this feature selection method to “bag-of-features” method in generic object recognition
problem. To verify the effectiveness of the proposed method, we conducted experiments using UIUC Image data base.
Experimental results showed the proposed method outperformed the conventional Bag-of-Features representation with a fewer
number of clusters.
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