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Classification of Dianchi Lake Wetlands Based on GEE Cloud Platform

LUO Rongrong, DONG Yan
(Faculty of Land Resources Engineering , Kunming University of Science and Technology, Kunming 650093, China)

Abstract: Wetlands are an important barrier for maintaining the water quality of Dianchi Lake. Quickly and accurately obtaining the distribu-
tion of wetland types in Dianchi Lake is of great significance for its water quality protection. However, there is currently a significant lack of re-
search on different wetland types in Dianchi Lake. To this end, Sentinel-1 and Sentinel-2 image data based on the GEE platform were used to
classify the Dianchi wetland, and the performance of three machine learning methods (SVM, CART, and RF) using different combinations of
classification features was analyzed and compared. The results indicate that the classification performance of RF is superior to CART and
SVM; When using spectral bands, spectral index, radar features, terrain features, and texture features as classification criteria, the overall
classification accuracy and swamp wetland classification accuracy are the highest, with an overall accuracy of 86.81%, a Kappa coefficient of
0.84%, and an F-score of 85.83%. The F-scores for woody swamps and herbaceous swamps are 85.71% and 78.69%, respectively.
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Fig. 1 Location of the study area
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Table 1 Wetland classification scheme and description
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Table 2 Classification features included in different combinations of
feature variables
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Fig. 2 Overall classification accuracyof each model with different

combinations of classification features
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Fig. 3 Classification accuracy of marsh with different classification
feature combinations
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feature combinations
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Fig. 5 Best classification result
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