https://eric-heiden.github.io/video2sim

Learning Articulated Rigid Body Dynamics Simulations From Video
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« Automate simulation setup that requires the definition of the
kinematic structure ("URDF”) and simulation parameters

« Build simulator from pixel-based observations (depth or RGB
video) instead of relying on motion capture or other
Instrumentation
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« Set up scene + camera in inverse renderer
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* Find world transforms of rigids bodies % N
in the image via pixel-based loss: Pose tracking Nikolaus Rott’s coupled pendulum
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* For each joint type, find joint parameters for all time steps via RANSAC
static \ rewlute
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