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Abstract

Abstract: In order to integrate visual information into the robot navigation process, improve the robot's
recognition rate of various types of obstacles, and reduce the occurrence of dangerous events, a local
path planning network based on two-dimensional CNN and LSTM is designed, and a local path planning
approach based on deep learning is proposed. The network uses the image from camera and the global
path to generate the current steering angle required for obstacle avoidance and navigation. A simulated
indoor scene is built for training and validating the network. A path evaluation method that uses the total
length and the average curvature change rate of path and the distance between robot and obstacle as
metrics is also proposed. Experiments show that the proposed approach has good local path generation
capability in both simulated and real scenes.
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Abstract: In order to integrate visual information into the robot navigation process, improve the robot's
recognition rate of various types of obstacles, and reduce the occurrence of dangerous events, a local path
planning network based on two-dimensional CNN and LSTM is designed, and a local path planning
approach based on deep learning is proposed. The network uses the image from camera and the global
path to generate the current steering angle required for obstacle avoidance and navigation. A simulated
indoor scene is built for training and validating the network. A path evaluation method that uses the total
length and the average curvature change rate of path and the distance between robot and obstacle as
metrics is also proposed. Experiments show that the proposed approach has good local path generation
capability in both simulated and real scenes.
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Fig. 1 Structure of deep learning based local path planner
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Fig. 2 Structure of neural network for path planning
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