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Research progress on visual system of picking robot
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Abstract .

Vision is one of the important means for picking robots to perceive the external environment. The picking ef-

ficiency and accuracy of the picking robots are largely affected by the recognition and positioning performance of its vision sub-
system. In recent years, a lot of researches have been carried out regarding the visual system of picking robots. With the de-
velopment of artificial intelligence deep learning, research of robot vision has made great progress, which opened the stage of
practical application of picking robots. In view of the research status of the picking robots visual system, this paper summa-
rized and analyzed from three aspects, such as visual data acquisition method, picking point recognition technology and pick-
ing point positioning technology, and pointed out some challenges faced by the current picking robots in the process of picking

point identification and positioning. Finally, the development of visual system for picking robots in the future was prospected.
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Table 1 Comparison of common equipments for visual data acquisition
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Fig.1 Ranging model of binocular camera
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Table 2 Recognition performance of picking robots visual system
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