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Tab.1 Correlation of 5 vegetation indexes
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Fig.10 Accuracy of time series classification results
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Tab.2 Accuracy change of time series image classification

s JEtR - o S AR I Iy 5 84k e/ % s JE g1 o e IOy I 4 R W/ %
4 4
OA Kappa OA Kappa OA Kappa OA Kappa OA Kappa OA Kappa
a 0.7059 0.5484 0.7891 0.6856 11.78 25.02 c 0.6581 0.4717 0.8014 0.6955 21.77 47.45
b 0.5674 0.3282 0.7215 0.5477 27.15 66.88 d 0.6556 0.4694 0.8446 0.7397 28.83 57.58
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Classification of tropical natural forests in Hainan Island based on

multi — temporal Landsat8 remote sensing images
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(1. Key Laboratory of Digital Earth Science, Aerospace Information Research Institute, Chinese Academy of Sciences ,
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of Remote Sensing, Sanya 572029, China; 4. Institute of Forest Resources Information Technique,

Chinese Academy of Forestry, Beijing 100091, China)

Abstract; Tropical forests play a vital role in biodiversity conservation and research on global climate change.
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However, the complexity and diversity of vegetation types pose challenges to the fine remote sensing — based
classification of tropical forests. The classification of tropical forests in the Jianfengling area, Hainan Province was
analyzed using the multi — temporal Landsat8 data of the Google Earth Engine ( GEE) platform. Based on the
analysis of the impacts of the size and combination of multi — temporal data on the classification accuracy, this study
proposed a classification method based on multi — temporal Landsat8 images for the vegetation type groups of tropical
natural forests, such as typical tropical rain forest, tropical monsoon forest, and evergreen broad — leaved forests.
The results are as follows. (1) The classification accuracy of tropical natural forests was significantly improved as the
size of multi — temporal data increased. The classification accuracy of the vegetation type groups of natural forests in
Hainan Island reached 91% . (2) When the multi — temporal data reached a certain size, the classification accuracy
tended to be stable. Different combinations of multi — temporal data can improve the classification accuracy of
tropical forests, especially when the classification accuracy of individual data involved was low. This finding reflects
the broadness of the selection of temporal data. The proposed method, taking advantage of the temporal changes in
remote sensing data, provides an effective reference for the remote sensing — based classification of tropical natural
forests in Hainan Island.

Keywords: classification of tropical forests; Google Earth Engine; support vector machine; temporal data; big
earth data
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