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Abstract The techniques of Virtual Reality (VR) and Augmented Reality (AR) have been widely discussed in
human robot collaboration (HRC) of grasp tasks, where human’s demonstrations on grasping objects in virtual
space provides cues for robot to learn the grasping skills. However, in these traditional VR & AR human robot
collaboration systems, the constructed virtual spaces in VR/AR environments have obvious differences from the
physical worlds, such as the objects’ scales, observation views between human and robot, etc. These differences
make the grasping skills demonstrated by human in virtual space difficult to transfer to the realistic operations of
robot. To this end, this work presents a novel HRC grasping strategy, where the views and the operations of
robots in physical environments are equal to what human see and operate in virtual space. We call this as
Symmetrical Reality (SR) based HRC system. In this way, the virtual objects’ changes caused by human’s
operation in virtual space are recorded and used as straightforward cues for robot’s operations in physical worlds.
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We validate the SR-HRC system on the object grasping and arrangement tasks with a three fingers Mico2 robot

manipulator. The experiments indicate that the proposed SR-HRC strategy contributes a decrease of 22.1% for

time cost, and increase of 33.6% and 25.% for translation and rotation accuracy compared to the traditional

human robot operation model. Compared to VR/AR HRC systems, the SR-HRC systems have the corresponding

virtual object characters equaled to that of object in physical world, human demonstrations on virtual objects are

easier to be converted to the physical operations and contribute to straightforward cues in the robot motion

planning. We believe SR technique has widely and potential applications in human robot collaboration where

robots need to learn skills from human.
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