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Inquest of VisualRank for Geotagging images
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Abstract In this paper, we propose a image ranking system for geotagging images. In proposal system, we use
VisualRank using color histgrams and Bag-of-Features representations of SIFT descriptors to calc similarities of
images. Proposal system need a geographical coordinate as a parameter. The parameter will be used in making
geotaged-base bias vectors. We tested the system using 250 noun concepts and 100 adjective concepts. We collected
images from web about each word concept. Then we calced image ranking about each concept.

Key words VisualRank, geotagging image, web images, image ranking
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