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Abstract: [Objective] To improve the estimation accuracy of forest aboveground biomass, this study is aimed
to conduct an uncertainty analysis, trying to figure out the percentage error of estimating forest aboveground
biomass by remote sensing and the causes behind. [Method] With factors extracted from remote sensing
images and combined with the data of Pinus densata from field surveys, three types of aboveground biomass
estimation model were established, namely Multiple Linear Regression (MLR), Gradient Boost Regression Tree
(GBRT), and Random Forest (RF), before the uncertainty of sample plot scale and three models was measured
and analyzed. [Result] (1) The uncertainty of tree biomass model for P. densata is 16.43%, and the uncertainty
of the scale up to the sample plot is 7.07%; (2) The residual uncertainty of the MLR model is 34.86%, the
parameter uncertainty is 21.30% whereas the total uncertainty combined with the sample plot uncertainty is
41.45%. (3) In the non-parametric model of the GBRT modeling estimates, the total uncertainty of the
aboveground biomass is 23.12%, and the RF is 19.42%. [Conclusion] Among the three remote sensing models,
the uncertainty of the non-parametric model is obviously lower than that of the parametric model. Compared

with the uncertainty of the sample plot scale, the remote sensing estimation model has a great effect on the
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accuracy of the aboveground biomass estimation. [Ch, 3 fig. 3 tab. 26 ref.]

Key words: Pinus densata; aboveground biomass; remote sensing model; uncertainty
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Figure I  Prediction effect and the residual uncertainty of aboveground biomass based on multiple linear regression
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Figure 2 Prediction effect and the residual uncertainty of aboveground biomass based on gradient boost regression tree
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Figure 3  Prediction effect and the residual uncertainty of aboveground biomass based on random forest
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