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Selecting representative photographs using VisualRank for Geotagging
images
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1-5-1 Chofugaoka, Chofu-shi, Tokyo, 182-8585, Japan
E-mail: tkawaku-h@mm.cs.uec.ac.jp, ttyanai@cs.uec.ac.jp

Abstract In this paper, we propose a new method to rank geotagged images which is an extension of the Visu-
alRank method. The proposed method generates ranking of geotagged images considering both visual similarity
and proximity of locations where photos are taken. In the proposed method, a similarity matrix is constructed
based on visual features, and a bias vector is generated based on the degree of the proximity of images to the given
reference points. The difference to the original VisualRank is that our method takes into account the proximity
to the given reference locations by giving larger/smaller scores to the images taken at the places which are close
to the reference locations. In the experiments, we prepared seven hundred thousand images gathered from Flickr
regarding 350 words including 250 nouns and 100 adjectives. As features to calculate the similarity matrix, we used
the bag-of-features representation, a color histogram and tag textual features. In the experiments, we obtained rep-
resentative images regarding various reference cities, which cannot be obtained by VisualRank and other existing
methods. From the experimental results, we confirmed the effectiveness of the proposed methods.

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