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Research progress on coupling artificial intelligence and eco-environmental models. HU Yu-cong'”, LI Na®,
JIANG Yan'?* | BAO Xin"?, LI Xu-yong"* ('State Key Laboratory of Urban and Regional Ecology, Research Cen-
ter for Eco-Environmental Sciences, Chinese Academy of Sciences, Beijing 100085, China; >University of Chinese
Academy of Sciences, Beijing 100049, China; *China Irrigation and Drainage Development Center, Beijing 100054,
China).

Abstract: Artificial intelligence ( Al) has been widely used in the eco-environment field, but with shortcomings in
revealing the laws of natural science, such as insufficient generalization ability and poor interpretability. In order to
overcome these shortages and tap into complementary advantages, coupling Al and eco-environmental models con-
taining physical mechanism has been a new research method with fast development in recent years. We introduced
the classifications of Al used in eco-environmental field, outlined its applications, and mainly illustrated the pro-
gresses, status and inadequacies for the coupling research. Based on all the summaries, we proposed a new cou-
pling method of physical mechanism and Al for reconstructing mechanism processes, followed by analyses of theo-
retical significance of partial parameters, feasibility of better generalization and interpretability, as well as prospec-
tion of imitating physical mechanism. At the end of the review, we discussed the trend of the coupling method of Al
and eco-environment models.

Key words: artificial intelligence; eco-environmental model; coupling; reconstruction of mechanism.
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