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Path planning for mobile robots based on self-adaptive exploration DDQN
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Abstract: To address issues such as the imbalanced allocation of exploration and exploitation, as well as insufficient
data utilization in traditional double deep Q-Network algorithms for path planning, an improved DDQN path planning
algorithm is proposed. Firstly, the concept of exploration success rate is introduced into the adaptive exploration
strategy, dividing the training process into exploration and exploitation phases to allocate exploration and exploitation
effectively. Secondly. the double experience pool mixed sampling mechanism partitions and samples experience data
based on reward size to maximize the utilization of beneficial data. Finally, a reward function based on artificial
potential field is designed to enable the robot to receive more single-step rewards, effectively addressing the issue of
sparse rewards. Experimental results show that the proposed algorithm achieves higher reward values, greater success
rates, and shorter planning times and steps compared to the traditional DDQN algorithm and the DDQN algorithm
based on experience classification and multi-steps, demonstrating superior overall performance.
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Fig.9 Path planning trajectories of three algorithms in

a simple obstacle environment
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Fig. 10 Reward curves of three algorithms in a complex

obstacle environment
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Fig. 11  Success rate curves of three algorithms in a complex

obstacle environment
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Fig. 12 Average step count curves of three algorithms in

a complex obstacle environment
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Table 6 Performance comparison of three different
algorithms in a complex obstacle environment

(average of 20 times)
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Table 7 The F-values and p-values of the performance
metrics for three different algorithms in a complex

obstacle environment
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Table 8 Comparison of significant differences in performance
metrics between the DDQN algorithm and the SAE-DDQN

algorithm in a complex obstacle environment
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Table 9 Comparison of significant differences in performance
metrics between the ECMS-DDQN algorithm and the

SAE-DDQN algorithm in a complex obstacle environment
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Fig. 13 Path planning trajectories of three algorithms in a

complex obstacle environment
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