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Review of Unordered Picking Technology for Robots

ZHAI Jing-mei, HUANG Le
(South China University of Technology, School of Mechanical & Automotive Engineering, Guangzhou 510641, China)

ABSTRACT: This paper introduces the latest progress and research results of robotic unordered picking technology, and
provides research ideas and technical support for robot automation application in complex scenarios. It discusses three key
technical tasks in the robot unordered picking process, which including detection and recognition of cluttered objects,
spatial pose estimation of objects, grasping strategy of unordered picking. Analyzes and summarizes the methods involved
in each task. The main challenges of robotic unordered picking technology today are dealing with visual perception, pose
estimation and grasping strategy of cluttered and stacked objects in complex environments. Specific picking systems
should be designed considering the actual scenario environment and combined with the task requirements in order to

achieve the goal of replacing human labor by robots as much as possible.
KEY WORDS: unordered picking; object detection and recognition; spatial pose estimation; grasping strategy
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Fig.1 Amazon Picking Challenge
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Fig.3 Detection and identification method of cluttered objects
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Fig.4 Spatial pose estimation methods of objects
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