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Research on Obstacle Avoidance Path Planning of the Mechanical
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Abstract:In order to solve the difficulty of adjusting the existing mechanical arm welding system and the lack of

flexibility,this paper adopts a deep reinforcement learning algorithm to solve the path planning problem of the mechanical

arm;the method uses a three-layer DNN network with the input of mechanical state information and the output of the joint

angle of the arm.Through offline training,the mechanical arm can be trained to move a nearly optimal motion trajectory and

successfully avoid obstacles to reach the target point;the simulation is carried out in a three-degree-of-freedom welding robot

simulation platform.The simulation experiment shows that the mechanical arm with deep reinforcement learning technology

can plan a collision-free path for the welding mechanical arm and has strong obstacle avoidance ability.
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Fig.4 Obstacle avoidance results for the mechanical arm
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