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Detection of Nearest Points without Obstacle Segmentation using
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ABSTRACT

In autonomous robots, obstacle avoidance is a key feature. Potential Field is the most widely used method in this
field. Such method requires real-time calculation of the nearest point of the obstacle from the robot, which involves
difficulty of reliably segmenting the obstacle region from the distance sensor data profile. In this paper, Active
Min-Depth Filter is introduced to obtain the nearest point of each obstacle using real-time calculation but without
segmentation. Through simulations on various sensor noise environments, the robustness of the Active Min-Depth
Filter could be confirmed, and successful results were obtained by applying real-world moving robots.
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2.3. Experimental Results
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