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Algorithm of near-duplicate image detection based on Bag-of-words and Hash coding
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Abstract: To solve the low efficiency and precision of the traditional methods, &aear*duplicate image detection algorithm

based on Bag-of-words and Hash coding was proposed in this paper. Ny, a 500-dimensional feature vector was used to
represent an image by Bag-of-words; secondly, feature dimension uced byPrincipal Component Analysis ( PCA) and
Scale-Invariant Feature Transform ( SIFT) and features were e@ by Hash-eoding; finally, dynamic distance metric was
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