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Biomass Estimation of Arbor Forest in Subtropical Region
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Abstract; Accurate estimation of arbor forest biomass is of great significance for the study of forest
ecological function and carbon storage. Because of the spatial heterogeneity of the survey factors, the
geographically weighted regression method can estimate the local regression of variables and show a good
application advantage. Based on the survey data of carbon sinks in Zhejiang Province, taking the biomass
of arbor forest (including aboveground and belowground biomass) as dependent variable and factors with
high correlation with dependent variable as the explanatory variables, the biomass of arbor forest was
estimated by using the geographically weighted regression and co-Kriging methods and compared the
accuracy of the two estimation methods. The results showed that the accuracy of arbor forest biomass
estimation model (Rm,j was 0. 820 4, RMSE was 23.021 5 t/hm®) constructed by geographically weighted
regression method was better than that of co-Kriging method (Ridj was 0.726 3, RMSE was 28.0549 t/hm’).
The coefficient of variation ( C, was 0.618 9) of the prediction value of biomass of arbor forest using
geographically weighted regression method was higher than that of the co-Kriging method (C, was 0.585 4).
Because of considering the local variation of the estimated variables, the geographically weighted
regression method had better fitting results than co-Kriging method, and the prediction accuracy was
high. This study can provide a reference for estimating the forest biomass and other forest parameters in a
wide range of tree stands by using the geographically weighting regression method.
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Fig. 1 Distribution of samples in study area
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