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Abstract

In order to improve the compatibility between visual image features and optimal control, this pa-
per proposes an optimization method for visual grasp control of manipulator arm based on deep
reinforcement learning, which can extract features from visual images generated by interaction
with the environment independently and directly apply the extracted features. By continuously
grasping the experiment and optimizing the manipulator arm grabbing strategy, an excellent
grasping strategy is finally obtained. And we can learn the grasping control strategy of the mani-
pulator according to different grasping tasks and grasping environment.
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Figure 1. Learning process
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Figure 2. Neural network structure
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Figure 3. Example of grab control of the robot arm in the simulation environment
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Figure 4. Example of grab control of a robot arm in a real environment
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