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Fig.2 Temporal and spatial change of vegetation in Yunnan Province from 2001 to 2020
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Fig.3 Time-lag correlation analysis between vegetation NDVI and climate factors in Yunnan Province
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Fig.5 Results of convergent cross mapping of vegetation NDVI and climate factors in Yunnan Province
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Causal inference methods in surface process research:
Review and experiment

Wei Tingping', Sun Zhengbao’, Huang Jiangcheng', Zou Chengquan'

(1. Institute of International Rivers and Eco-security, Yunnan University, Kunming 650500, Yunnan, China;
2. School of Engineering, Yunnan University, Kunming 650500, Yunnan, China)

Abstract: Exploring the causal relationships among various elements in surface processes and
quantifying their causal effects are crucial for understanding the laws of surface changes. In re-
cent years, the rapid development of remote sensing technology and causal inference research
has provided opportunities and possibilities for revealing the interaction patterns in multi-scale
surface processes based on remote sensing observation data. However, research on causal rela-
tionships, causal effects, and causal inference in the field of geoscience is still in its infancy,
and the study of the causal mechanisms and laws of multi-scale surface processes still faces
many challenges. This article first reviewed the research progress of the theoretical framework
and methods of causal inference. Then, we explored the possibility of temporal causal infer-
ence methods in attributing surface vegetation changes through experiments. Finally, we sum-
marized the opportunities and challenges faced by causal inference in the study of surface pro-
cesses. The research results showed that: 1) Causal relationship discovery and causal effect as-
sessment are urgent needs and frontier hotspots in the current research and development of sur-
face processes. However, they still face many challenges, such as overly strong causal assump-
tions, difficulties in identifying false causal relationships, and a lack of verification datasets.
2) Experimental results based on the spatiotemporal change process of surface vegetation in
Yunnan Province from 2001 to 2020 showed that the temporal causal inference methods had a
significant effect in discovering the causal relationship and assessing the causal effect of sur-
face vegetation cover changes. Experimental results showed significant causal relationships and
lag effects between vegetation and climate factors. Among these factors, temperature and sur-
face temperature are the primary influences on surface vegetation changes in Yunnan Province.
At the same time, vegetation has obvious feedback effects on climate factors. 3) In the context
of big geographical data and large geoscience models, the construction of datasets to support
the verification of causal inference of surface processes, causal inference of spatiotemporal
coupling and the interpretable machine learning approaches will be the future development dir-
ection.
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