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Improved Image Retrieval of Extraction Salient Points

4 ZHAO Shan"? WANG Shui'
(1.School of computer science and technology, Henan Polytechnic University, Jiao zuo 454000, China; 2.Jiangsu
Province Key Lab. on'Image Processing and Image Communication, Nanjing University of Posts and Communication,
Nanjing 210003, China)

Abstract: In ROI-based image retrieval, salient point is an important point feature. The classic extraction algorithm of
salient points-SPARSE(Salient Points Auto-Reduction using Segmentation) is more complex. This paper
presents an improved algorithm, using dynamic threshold segmentation algorithm in the between-class
variance and within-class variance of the image segmentation. And then it uses three color features and three
texture features of the segmentation to point out the significant features of labeling. Finally it makes
similarity measurement with Euclidean distance of feature vectors of salient points. Experimental results
show that the improved algorithm’s extraction of salient points for image retrieval has better search results.
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