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Abstract; Above-ground forest biomass at regional-level is typically estimated by adding model predictions of biomass from
individual trees in a plot, and subsequently aggregating predictions from plots to large areas. There are multiple sources of
uncertainties in model predictions during this aggregated process. These uncertainties always affect the precision of large
area biomass estimates, and the effects are generally overlooked; however, failure to account for these uncertainties will
cause erroneously optimistic precision estimates. Monte Carlo simulation is an effective method for estimating large-scale
biomass and assessing the uncertainty associated with multiple sources of errors and complex models. In this paper, we
applied the Monte Carlo approach to simulate regional-level above-ground biomass and to assess uncertainties related to the
variability from model residuals and parameters separately. A nonlinear model form was used. Data were obtained from
permanent sample plots and biomass observation of Cunninghamia lanceolata in JiangXi Province, China. Overall, 70
individual trees were destructively sampled for biomass estimation from June to September, 2009. Based on the commonly
used allometric model, we conducted Monte Carlo simulations 1000 times for the biomass model fitting with the biomass
data, from which we estimated the biomass of the plot data, and conducted an uncertainty assessment from the model
residual variability and parameter variability. Estimates of above-ground biomass in JiangXi Province were obtained by
aggregating model predictions of biomass for individual trees within plots, and then calculating the mean of the plots. Four

modeling options with different sample sizes and R® were designed separately, from which Monte Carlo simulations were
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performed 1000 times and 2000 times, respectively, to study the effects of the model parameter and residual variability on
the uncertainty in large-scale biomass estimates. The results revealed that the estimates of above-ground biomass and its
uncertainty for C. lanceolata in JiangXi Province in 2009 achieved stability after 500 Monte Carlo simulations, and that the
average biomass estimate was 19.84 t/hm’, with additional uncertainty of 1.27 t/hm’, representing 6.41% of the average
biomass. With increasing modeling sample size from 30 to 60, the relative uncertainty of biomass estimates decreased from
14.86% 10 9.85% , but the uncertainty variations for different levels of R” values minimally changed. We concluded that: 1)
the Monte Carlo approach works well for regional-level estimations of biomass and its uncertainty based on forest inventory
data; 2) the uncertainty of hiomass estimation in large areas should not be overlooked because of the large number of errors
when extrapolating from the individual tree to the plot level in forest inventory data; 3) with gradually larger modeling
sample size, the average biomass increased while the uncertainty values decreased, and the operation times required for
achieving the stability of average biomass and corresponding uncertainty in Monte Carlo simulations also were reduced,
indicating that increasing modeling sample size is an effective way to reduce uncertainty in regional-level biomass
estimations; and 4) model residual variability associated with R® was less important in model uncertainty of biomass
estimates; however, higher R* does reduce the operation times for achieving stability of Monte Carlo simulations. This study
is the first to apply the Monte Carlo simulation approach to estimating regional-level biomass and its uncertainty based on
continuous observation data from permanent sample plots. This study is also the first to quantify the effects of uncertainty
related to model parameters and residual variability in model predictions of extrapolating individual tree biomass to large area

biomass estimates.

Key Words: above-ground biomass of C. lanceolata; Monte Carlo simulation; model uncertainty assessment; model

parameter variability ; model residual variability
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Table 1 Statistical characteristics of data sets in study area
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Table 2  Statistical characteristics of data sets for modeling in study area

A5 AR C. lanceolata (N=70 £f)

Variables SEHI{E Mean bt SD #/ME Min R AH Max
942 DBH/cm 16.59 11.98 1.60 42.40
H_ 1 #f Above ground Biomass/kg 115.78 164.39 0.43 596.59
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Table 3 Parameter estimates of allometric models of above ground biomass

HERIIE R, Model form HERIBHL B, Model parameter WS4 B, Model parameter Pe7E 230 R? Coefficient of Determination
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Fig. 1 a.b. The quality of fit of the model for AGB estimation
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Table 4 Estimates of mean AGB (t/hm?) in the study area, and their uncertainty during each simulation

HER I GRL7/ S YR AART 5 MR 2
Modeling sample size Estimates/ ( t/hm?) RMSE/ (t/hm?) Relative RMSE/ %
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Table 5 Estimates of mean AGB and uncertainty (t/hm?) under different modeling sample size

R (n) GRh ¥R AHXF 7 AR 22
Modeling sample size Estimates/ ( t/hm?) RMSE/ ( /hm?) Relative RMSE/%
60 19.71 1.94 9.85
50 19.63 2.12 10.79
40 19.47 2.48 12.77
30 19.44 2.89 14.86
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Table 6 Estimates of mean AGB and uncertainty (t/hm?) under different modeling sample size

R PUE R A X7/ ¥R 2 A 427 AR 22
Modeling sample size R? Estimates/ (t/hm?) RMSE/ (+/hm?) Relative RMSE/ %
n=70 0.99 19.7870 0.7932 4.0085
0.95 19.7871 0.7935 4.0101
0.90 19.7874 0.7940 4.0125
0.85 19.7872 0.7944 4.0147
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