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Abstract: [Objective] The purpose of this study is to obtain more efficient and accurate automatic land use
classification methods, so as to provide theoretical support for the follow-up study of land use classification in
plateau mountainous areas. [Method] Taking Dali City, a typical plateau mountainous area of Yunnan
Province in China, as the research area and Sentinel-2A image as the object, an object-oriented decision tree
classification method was proposed and compared with traditional ISODATA classification method and

maximum likelihood method. [Result] (1) The classification results of object-oriented decision tree method
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were better than those of ISODATA classification method and maximum likelihood classification method in
terms of spatial distribution and area statistics of various classes, and were closer to the actual land use area data
of the study area. (2) In Dali, the maximum likelihood classification method had better applicability in the
extraction of water body and forest land, while the object-oriented decision tree classification method had
stronger applicability in the extraction of farmland, grassland, construction land and other land types, and had
better extraction effect in the extraction of glacier snow. (3) Compared with the traditional ISODATA method
and maximum likelihood method, the object-oriented decision tree classification method could further improve
the classification accuracy. The overall classification accuracy could reach 90.20% and the Kappa coefficient
was 87.95%. [Conclusion] Compared with the traditional classification methods, the idea of coarse
classification before fine classification can avoid the confusion between regions. The combination of object-
oriented features and decision tree has better applicability in plateau mountainous areas, and can effectively
improve the classification accuracy. [Ch, 3 fig. 7 tab. 26 ref.]

Key words: Sentinel-2A image; Dali City; land use; remote sensing classification; applicability
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Table 1 Jeffries Matusita distance of various types of feature sample
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Table 4 ISODATA remote sensing interpretation error matrix
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Table 5 Maximum likelihood remote sensing interpretation error matrix
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Table 6 Remote sensing interpretation error matrix of object-oriented feature decision tree method
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