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An Analysis of the Relation between Visual Concepts and Geo-locations
Hidetoshi KAWAKUBOT and Keiji YANAI

T Department of Computer Science, The University of Electro-Communications
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Abstract The purpose of this study is to analyze a relationship between word concepts and features of images. In
this paper, we explore (1) visualness of word concepts with “image region entropy” with the bag-of-features (BoF)
representation, (2) geographical distributions of word concepts with “geo-entropy” which is estimated from a large
amount of geotagged images, and (3) a relationship between visualness of concepts and geographical distributions.
In the experiments, we collected 500 images per concept for 230 noun concepts and 100 adjective concepts from
the Web, and applied the proposed BoF-based image region entropy and geo-entropy to all the collected images.
From analysis of the results, we found the following tendencies: Word concepts related to “sky” such as “sun” and
“rainbow” have smaller image region entropy and larger geo-entropy. In contrast, concepts related to places, areas
and historical persons have larger image region entropy and smaller geo-entropy.
Key words generic object recognition, image region entropy, geotagging images
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