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Development of Technique for Yezo Sika Deer Detection in
Time-lapse Camera Images using Deep Learning
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Abstract

In Hokkaido, since Yezo sika deer have caused damage to agriculture and forestry, traffic accidents,
and other problems, management of their population by capture has been implemented. The use of
enclosure traps is attracting attention because they are safer than firearms and can capture live
animals. For effective capture, it is important to set traps in places where Yezo sika deer often appear.
When selecting a location, 1t is effective to install an automatic camera at the potential capture site
for a certain period of time and use the information on the appearance of Yezo sika deer obtained
from the captured images. However, there is a problem that it takes time and effort to check the
1mages.

In this study, we developed a technology for detecting Yezo sika deer using object detection
technology based on deep learning in order to automate the confirmation process of images taken by
automatic cameras. In addition, the effectiveness of the developed method was confirmed by applying

1t to images taken in a pasture.
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