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Abstract: Autonomous navigation and picking positioning, as key tasks of picking robots, can effectively reduce manual labor

intensity, improve work accuracy and efficiency. This article elaborates and analyzes the methods of vision-based picking positioning

and autonomous navigation for picking robots, mainly involving the detection of movable areas, fruit target recognition, and picking

point positioning in visual navigation. Based on the current research status at home and abroad, it looks forward to the latest

development and future development trends of machine vision.

Keywords: picking robots; machine vision; autonomous navigation; travelable area detection; fruit target recognition; picking

point positioning
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