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Research on adaptive path planning for cross—business urban computing
ZHANG Di

(College of Big Data and Artificial Intelligence, Zhengzhou Vocational College of Finance and Taxation, Zhengzhou 450048, China)

Abstract; With the rapid development of information technology, urban computing is increasingly used in transportation, logistics,
and public services. However, heterogeneity and interaction requirements pose new challenges to traditional path planning. In a
changing urban environment, path planning not only needs to adapt to single business needs, but also needs to achieve effective
collaboration between different business scenarios. Existing works are mostly focused on specific scenarios and lack cross—business
adaptability. To solve this problem, the paper proposes an adaptive path planning method based on deep reinforcement learning.
This method automatically extracts environmental features through deep learning and optimizes path strategies using reinforcement
learning, aiming to dynamically respond to the needs of multiple business scenarios such as transportation and logistics.
Experimental results show that the proposed method can effectively adapt to the needs of multiple release locations in complex urban
environments, achieve efficient path optimization. The research provides new ideas and solutions for future city logistics and traffic
management.
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Fig. 1 A toy example of cross—business route planning
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