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Reinforcement Learning Optimization of Bridge Craner

Opearations at Container Terminals
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Abstract: In this paper, reinforcement learning was used to optimize the loading and unloading operations
of quay bridge cranes, a model and training environment was built for cranes through Unity, and PPO algorithm
was used to train the loading and unloading operations of cranes, so that the cranes can learn to lower smoothly
when waves and high winds affect the container ship and lifting gears. Eventually this can improve the accuracy
of crane grasping and optimize the path of cranes to achieve more efficient and intelligent loading and unloa-
ding operations at terminals.
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