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Estimation of the Forest Aboveground Biomass at
Regional Scale Based on Remote Sensing
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Abstract: Forested areas are the largest carbon pool in terrestrial ecosystems. Thus, a key link in ter-

restrial carbon pool research is estimating the forest biomass accurately. In this study, canopy height
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and density indices were calculated from LiDAR point cloud data. Statistical models between the bio-
mass calculated from field data and LiDAR-derived variables were built. A stepwise regression was
used for variable selection and the maximum coefficient of determination (R?). Techniques for impro-
ving variable selection were applied to select the LiDAR-derived variables to be included in the mod-
els. Lastly, the forest aboveground biomass as estimated by field data and LiDAR data, was regarded
as sample data. The forest aboveground biomass calculated from LiDAR data, band reflectance and
vegetation indices of Landsat8 OLI were used to establish the regression model for estimating the for-
est aboveground biomass at a regional scale. The result shows that: the correlation (R*) between the
biomass estimated by LiDAR data and the biomass calculated from field inventory data was 0. 81, and
the RMSE of biomass is 40. 85 t/ha, which means canopy height indices and density indices of airborne
LiDAR point cloud data has a strong relationship with biomass. The biomass was estimated by air-
borne LiDAR data and Landsat8 OLI for coniferous forest, broad-leaved forest and coniferous and
broadleaf mixed forest. The estimated correlation results showed that R* was 0. 51 (#=251), 0.58 (n
=235) and 0. 58 (n=241) respectively, and the RMSE for biomass was 24. 1 t/ha, 31. 3 t/ha and
29.9 t/ha respectively. The resulting estimated biomass for three different forest types is pretty much
the same. On the whole, it is feasible and reliable to estimate forest aboveground biomass at regional
scale based on remote sensing. The estimated biomass can provide useful data for the monitoring of
forest ecosystem carbon fixation.

Key words: forest aboveground biomass; airborne light detection and ranging; Landsat8 OLI; Dinghu

Mountain; northwest Guangdong Province
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generalization system performance. Accordingly, this paper proposes an import multi-view theory,
coding theory and formula for universal gravitation as applied to the collaboration training algorithm
preventing both error accumulation and improving generalization performance at the same time. Dur-
ing a hyper-spectral image classification experiment, randomly selecting 5% ,10% and 20% samples
from data sets as a labled train set, the collaboration training algorithm for codeword matching had a
12.38% and 6. 13% higher accuracy matching rate than Co-training and Tri-training respectively. At
the same time, it had a respective 0. 2 and 0. 07 higher Kappa coefficient. In contrast, a collaboration
training algorithm for classification based on codeword matching and gravitation selecting had 21. 30%
and 10. 99% higher accuracy than Co-training and Tri-training and 0. 26 and 0. 17 higher Kappa coeffi-
cient. These results demonstrate the validity of the proposed algorithm.

Key words: hyperspectral image classification; collaboration training; code matching; universal gravi-

tation
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