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ABSTRACT The aggravating trend of an aging population impacts industrial production and social services. Robots are expected to be
able to work not only in highly structured manufacturing environments but also in human-inhabited environments, and hence, need to
have more sophisticated cognitive abilities. They have to be able to operate safely and efficiently in unstructured, populated
environments and achieve high-level collaboration and communication with humans. Collaborative robots, also referred to as cobots, are
a new class of industrial robots that can interact with humans in shared spaces or work safely in the vicinity of humans. Collaborative
robots are generally lightweight and edge-rounded with multiple degrees of freedom. Besides, multiple sensors must be integrated and
limitations of speed and force must be set to ensure their behavior safety. Collaborative robots have shown good application prospects in
many fields, such as flexible manufacturing, social services, medical care, disaster prevention, and antiepidemic. They have received
wide attention in the industry and academia. Collaborative robots require the integration of multimodal sensory information and
intelligent control methods to ensure efficient collaborative behavior. Human-robot collaboration (HRC) considers key issues attached to
how safe and efficient collaboration between cobots and humans can be achieved, involving robotics, cognitive sciences, machine
learning, artificial intelligence, philosophy, and others. HRC has been included in the key support research programs such as Smart

Manufacturing 2025 and the Development Plan of New Generation Artificial Intelligence, recently becoming an important research
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direction in the field of intelligent robotics with a wide range of applications. This paper introduces several domestic and foreign

collaborative robots and intelligent control methods of collaborative robots, including control methods based on perception information,

high accuracy tracking control methods, and interaction control methods. It also discusses human intention estimation and robot skill

learning methods for efficient human-robot collaboration. Finally, future directions of collaborative robots are explored.

KEY WORDS collaborative robot; intelligent control; human-robot interaction; robot skill learning; human intention estimation
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Table 1 Introduction to collaborative robots from foreign manufacturers
Model Manufacturers Features
URS Universal Robots Single-arm, 6DoF, repeatability accuracy +0.1 mm, payload 5 kg
URS5e Universal Robots Single-arm, 6DoF, repeatability accuracy 0.1 mm, payload 5 kg, force control sensor integrated
LBR iiwa KUKA Single-arm, 7DoF, repeatability accuracy 0.1 mm, payload 7 kg, torque sensor integrated
CR-35iA FANUC Single-arm, 6DoF, repeatability accuracy +0.08 mm, payload 35 kg
Jaco2 6Dof KINOVA Single-arm, 6DoF, net mass 5.2 kg, payload 1.3 kg, joystick operation
Gen3 KINOVA Single-arm, 7DoF, net mass 8.2 kg, payload 4 kg
Panda Franka Emika Single-arm, 7DoF, repeatability accuracy £0.1 mm, payload 3 kg, accurate collision detection
2 JLRENIMEILEEA
Table 2 Introduction to collaborative robots from domestic manufacturers

Model Manufacturers Features

SCRS SIASUN Single-arm, 7DoF, repeatability accuracy +0.02 mm, payload 5 kg
AUBO i5 AUBO Single-arm, 6DoF, repeatability accuracy +0.02 mm, payload 5 kg

xMate7 ROKAE Single-arm, 7DoF, repeatability accuracy +0.03 mm, payload 7 kg, sensitive force perception

CS66 ELITE ROBOT Single-arm, 6DoF, repeatability accuracy £0.03 mm, payload 7 kg

Al3 JAKA Single-arm, 6DoF, repeatability accuracy £0.02 mm, payload 3 kg, vision integrated
myCobot Elephant Robotics Single-arm, 6DoF, repeatability accuracy £0.03 mm, payload 250 g, net mass 850 g
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Table 3 Comparison of three common demonstration methods

Method Difficulty for the teacher Computational complexity Advantages Disadvantages
. . . f
Kinesthetic teaching Low Low Easy to demonstrate Cannot exccute fast mqvements,.can
only demonstrate one limb at a time
Teleoperation Medium Medium Remote demonstrate Time delay
Easy to demonstrate, works for .
Observational learning Lowest High bimanual tasks or even whole-body Correspondence difficulty caused by

. the different embodiment
motion
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