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A study of a deep learning method based on simple annotation that enables
visualization of the atmosphere of tourist attractions

Hara, Sunao
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o i _ In order to parameterize area characteristics, the concept of soundscape,
which is standardized in 1SO 12913, was adopted. By presenting images from Google®s Street View at

the same time as listening to environmental sounds, we annotated the impression and atmosphere of a
place that is not dependent on sound alone.

Then, we conducted experiments on a DNN-based predictor for area characteristics based on sound. The
prediction accuracy Is improved by using sound source information as input. Moreover, we confirmed

that the accuracy is improved by using aerial photographs, which can be automatically obtained from
location information, instead of manual sound source information.

Finally, we also studied adaptive methods for machine learning models based on concept drift.
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