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Predicting C-space for motion planning in dynamic environments
Vox2C-space for time series data
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In dynamic environments, robots must plan their movements while considering obstacles that move
within the same space. Configuration space (C-space), which is a multidimensional space representing
the robot’s posture, is used for motion planning. By creating a path to avoid configuration obstacles
in C-space, the robot can generate movements that avoid obstacles in real space. While C-space gen-
erally represents the robot’s posture at the current time, predicting the future C-space in a dynamic
environment can enable motion planning in complex environments. This paper proposes a deep learning
network that rapidly predicts the C-space at the subsequent period using time-series information.

Key Words: Motion Planning, Deep Learning, Configuration-space, Time-series data
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Fig.3 Network architecture.
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Fig.4 Example of dataset.
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