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Abstract Path planning for unmanned aerial vehicles (UAV) is crucial in avoiding collisions with obstacles
in complex environments that include both static and dynamic obstacles. Path planning algorithms like
RRT and A" are effectively handle static obstacle avoidance but have limitations with increasing
computational complexity in high-dimensional environments. Reinforcement learning-based algorithms
can accommodate complex environments, but like traditional path planning algorithms, they struggle
with training complexity and convergence in higher-dimensional environment. In this paper, we
proposed a reinforcement learning model utilizing a cell decomposition algorithm. The proposed model
reduces the complexity of the environment by decomposing the learning environment in detail, and
improves the obstacle avoidance performance by establishing the valid action of the agent. This solves
the exploration problem of reinforcement learning and improves the convergence of learning. Simulation
results show that the proposed model improves learning speed and efficient path planning compared to

reinforcement learning models in general environments.
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Fig. 1. Schematic diagram of reinforcement learning
algorithm.
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Fig. 2. Schematic diagram of A2C.
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