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Pedestrian Attribute Classification Considering Relations between Body Parts
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Recently, driver assistances with vehicle camera have been actively conducted. As examples of the driving
environment recognition by the vehicle camera, runway detection, pedestrian detection, and vehicle detection are
included. In particular, many pedestrians have died in traffic accident. Therefore, the practical application of
driver assistance technology using pedestrian detection and the further development are expected. However, at
present, the characteristics of the detected pedestrian is not considered. Future, to show what attributes are in
not only pedestrians, but also an object detected from the vehicle camera become increasingly necessary. In this
report, we create a data set cut out from Google Maps image and perform attribute classification of person. At
that time, we use the parts to correspond to different orientations and shielding of the person, and recognize by

Random Forest.
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T | A | FW | R || TH | A | FE [ A
1 0.83 | 0.35 0.82 | 0.50
2 1.0 0.40 0.82 | 0.59
3 1.0 0.50 0.70 | 0.73
4 0.72 | 0.65 0.80 | 0.68
5 0.99 | 0.60 | 0.82 0.5 0.84 | 0.77 | 0.80 | 0.63
6 0.72 | 0.70 0.78 | 0.64
7 0.66 | 0.55 0.83 | 0.50
8 1.0 0.45 0.82 | 0.68
9 1.0 0.65 0.80 | 0.59
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4 0.94 | 0.50 0.80 | 0.60
5 0.75 | 0.65 | 0.87 | 0.45 0.80 | 0.50 | 0.78 | 0.56
6 0.67 | 0.50 0.78 | 0.55
7 0.75 | 0.35 0.78 | 0.55
8 0.99 | 0.45 0.75 | 0.70
9 0.78 | 0.60 0.79 | 0.60
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