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Abstract: In this paper, we proposed an intelligent selection method for artificial river networks based on a dual decision-making framework inte-

grating deep learning models and human-computer collaboration. Firstly, we used the Half Edge model to construct a planar directed graph, and

established a stroke model. Then, we employed a graph neural network for initial screening and decision-making to form a preliminary river

network skeleton. Finally, expert knowledge was incorporated through human-computer collaborative decision-making to fine-tune and perform

batch deletion on the output, ensuring compliance with production standards. Experimental results demonstrate that the proposed method

achieves adaptive selection across diverse data sources, geographical environments, and mapping purposes, effectively balances semantic

information with spatial distribution, significantly improves the efficiency of data reduction and the quality of databases, and exhibits strong

cross-scenario generalization capability. This approach can robustly support map production and geographical information services.
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