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Abstract

The reliability of the planned path can be guaranteed by adding relevant constraints to the robot
joints. In this paper, reinforcement learning (RL) with motion constraints is studied to ensure the
safety in planning. With the design of the reinforcement of the learning movement space by com-
bining with the idea of alternative movements, the feasibility of action is further guaranteed. In
order to evaluate the performance of the algorithm, the path planning of the industrial robot arm
was carried out in the Marine welding scene, so that the end of the robot arm successfully moved
to the welding starting point located in the narrow space. Experimental results show that the
proposed method not only guarantees the convergence of the training, but also ensures the secu-
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rity and reliability of the task.
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Figure 1. Reinforcement learning framework
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Figure 2. Alternative behavior operation process
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Figure 3. Ship welding scene (welded parts)
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Figure 4. Welding starting point distribution
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Figure 5. Planning success stories
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Figure 6. The learning curve corresponding to the three algorithms
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Table 1. The collision rate corresponding to the three methods and the success rate
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