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Architecture

Task: Predict 3D scene flow, 3D bounding box, rigid . | o >" e | Training Data: KITTI scans augmented with 3D
CAD models of cars with diverse motions
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with scan & 3D boundina box of a svnthetic car

* Modern self-driving car platforms rely on LIDAR

technology for 3D geometry perception ualitative combarison:
Challenge: Identical regions of flow lead to different Q P
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view with just one sensor global rigid body motions, depending on the location - . o &2 &5
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https://github.com/aseembehl/pointflownet aseem.behl@tue.mpg.de



