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Analyzing Crime Occurrence Risks Using Streetscape Image Processing

Hiroki M. ADACHI* and Tomoki NAKAYA**

The relationship between geographic environments and risks of crime occurrence has been actively
studied in various societies including Japan. In recent years, the availability of large-scale images of
streetscapes and the development of image analysis techniques based on deep learning have made it
possible to obtain environmental indicators based on streetscapes. In this study, we analyze the risk of
crime occurrence of theft from vehicles in the central part of Kyoto City, Japan from January 2015 to
December 2018 using local environmental indices made from streetscape images and road network data
using binomial logistic regression, and discuss the results with the aid of theories of crime opportunities

at the place level.
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