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Abstract

With the rapid advancement of artificial intelligence technology, intelligent robots have found widespread application in various
sectors, including industrial manufacturing, logistics transportation, and service industries. Environmental perception and path
planning are the core technologies of a robot’s autonomous navigation system, directly impacting its operational capabilities in
complex dynamic environments. Traditional methods, limited by the accuracy of environmental modeling and computational
resources, struggle to meet the real-time response requirements in unstructured environments. This paper focuses on a systematic
study of deep learning-based environmental perception and path planning techniques. It delves into image recognition and semantic
segmentation for environmental perception, as well as reinforcement learning and end-to-end model design for path planning. A
path planning framework that integrates convolutional neural networks (CNN) and deep reinforcement learning (DRL) is proposed.
Experimental results show that this method significantly improves path planning efficiency and effectively handles dynamic obstacle
interference, providing a viable solution for intelligent robots to make autonomous decisions in complex scenarios.
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