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[Abstract]

Recently, interest in UAM (Urban Air Mobility) has surged as a critical solution to urban traffic congestion and air pollution issues.
However, efficient UAM operation requires accurate 3D Point Cloud data processing, particularly in separating the ground and objects.
This paper proposes and validates a method for effectively separating ground and objects in a UAM environment, taking into account its
dynamic and complex characteristics. Our approach combines attitude information from MEMS sensors with ground plane estimation
using RANSAC, allowing for ground/object separation that is less affected by GPS errors. Simulation results demonstrate that this method
effectively operates in UAM settings, marking a significant step toward enhancing safety and efficiency in urban air mobility. Future
research will focus on improving the accuracy of this algorithm, evaluating its performance in various UAM scenarios, and proceeding with

actual drone tests.
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