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Abstract. Aiming to address the poor adaptability of the traditional dynamic window approach (DWA) in
obstacle avoidance and detour strategy selection within complex and dynamic environments, an adaptive
dynamic window approach ( ADWA ) enhanced by the deep deterministic policy gradient ( DDPG)
algorithm was proposed. The proposed framework integrated a reinforcement learning mechanism into the
DWA architecture, allowing online optimization of the motion evaluation process through a policy network
that dynamically adjusted the weighting coefficients of key cost function components. A continuous DDPG
state space was constructed by using laser radar perception data and the relative position between the
robot and the target, while the output of the actor network served as an adaptive weighting factor for the
heading deviation cost term, guiding motion decisions in real time. Through continuous interaction with
the environment and reward-driven policy optimization, the proposed method autonomously refined its
decision-making strategy to adapt to varying obstacle distributions and environmental conditions without
manual parameter tuning. Extensive simulations and real-world experiments conducted across diverse and

cluttered environments demonstrated that the ADWA achieved an average goal-reaching success rate of
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94.7% and a detour rate of only 2. 7% . Compared with the traditional DWA, the proposed method

exhibited superior flexibility, robusiness, and navigation efficiency, effectively enhancing the adaptability

and overall motion performance of mobile robots in complex and uncertain scenarios. These findings

confirmed that integrating DDPG into the DWA framework can provide a scalable and intelligent approach

to real-time motion planning for autonomous robotic navigation.

Key words: mobile robot; path planning; dynamic window approach; deep deterministic policy gradient
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Fig.8 Gazebo simulation training environment
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Fig. 10 Real experiment 2
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Fig. 12 Diagram of adaptive-weight operation experiment process



%194

et A BT R0 GE M SR A A R N DWA B B RS S LAS A B AR LA 363

Fig. 13 Diagram of ROS navigation package import with
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