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Abstract: In order to satisfy the requirements of efficient motion planning for target tracking robot in complex en-
vironment, a novel multi-agent deep deterministic strategy gradient (ML-DDPG) approach is proposed based on expert
knowledge. Firstly, the approach constructs a distributed multi-Actor-Critic network architecture aiming at minimizing
task units, and the Markov reinforcement learning kinematic model is also established for active obstacle clearing and tar-
get tracking tasks of mobile robot. Then, the visual sample preprocessing mechanism is constructed by utilizing multilayer
convolutional neural network, and an optimal target value estimation method is put forward by expert strategy guiding
mechanism. Based on these innovative improvements, the training efficiency of the ML-DDPG is improved through paral-
lel training and centralized experience sharing principle. Finally, the performance indexes for obstacle clearing and target
tracking are verified in different task environments based on physical simulator. Compared with the state-of-the-art motion
planning methods, the ML-DDPG performs better migration and generalization ability in unknown environments.
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Fig. 1 Modeling sketch of tracking robot
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Fig. 4 Training and test simulation environment
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Fig. 10 The obstacle avoidance trajectory of mobile robot
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