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2. 2D Object Detection based DEPTH estimation
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Evaluation Set | Urban | Downtown | Highway
Acc | Lat | Acc | Lat | Acc | Lat

Lidar3D 100 | 310 | 100 | 350 | 100 | 330
Cam3D 94 | 220 | 90 | 240 | 91 | 230
2D-DEPTH 94 | 10 | 88 | 10 | 90 | 10
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