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Abstract ; Ecological public welfare forest is an important foundation for building national ecological security
and an important guarantee for implementing the “Two Mountains Theory”. In this study, public welfare
forests with different vegetation types (coniferous forests, broad-leaved forests, mixed forests of coniferous
and broad-leaved trees,bamboo forests,and shrubs) occurring in Hunan Province were selected as research
objects. By using the fixed plot monitoring data of public welfare forests in Hunan Province and Landsat 8
remote sensing data in 2021, three inversion models,including the biomass support vector machine model,
decision tree model, and random forest model, were constructed for public welfare forests with different
vegetation types. The results showed that among the three models,the random forest model had the high-
est estimation accuracy,with the best fit for bamboo forests (R*:0. 79 and R yg::25. 60 t » hm ™). The re-
search results confirmed that vegetation classification inversion based on the random forest model could ef-
fectively improve the estimation accuracy of forest biomass and provide a new method for improving the ac-

curacy of forest biomass estimation.
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Table 1 Basic description of public welfare forests in Hunan Province
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Fig.1 Forest fixed sample plots in the study area
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Table 4 Screening results of modeling factors
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