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1 |America New York 25/46 0.543478 0.570777
2 |Australia Melbourne 15/46 0.326086 0.276414
3 |Canada St John's 18/45 0.4 0.376497
4 |Czech Prague 38/45 0.844444 0.978306
5 |England London 37/45 0.822222 0.948216
6 |Hong Kong | Mong Kok 15/44 0.340909 0.296484
7 |ltaly Firenze 36/42 0.857142 0.995501
8 |Japan Kyoto 37/43 0.860465 1
9 |Japan Osaka 7143 0.166666 0.060547
10 |Japan Tokyo 5/41 0.121951 0
11 |Mexico Guanajuato | 30/41 0.731707 0.825652
12 |Peru Cusco 28/41 0.682926 0.759600
13 |Portugal Porto 31/42 0.738095 0.834302
14 |Russia Moscow 31/42 0.738095 0.834302
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16 |South Africa] Cape Town | 25/43 0.581395 0.622119
17 |Korea Seoul 17/44 0.386363 0.358033
18 |Spain Barcelona 26/44 0.590909 0.635002
19 |Taiwan Chiufen 22/44 0.5 0.511904
20 |Thailand Bangkok 13/44 0.295454 0.234935
21 |Arab Dubai 28/44 0.636363 0.696550
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Human Behavior Prediction for Cityscape Images Using Multimodal Deep Learning

- For prediction of gazing tendency and prediction of willingness to visit using multi-dimensional data with results-

ONO Kotaro
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