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Sect. S1 Growth-slowdown sensitivity analysis

To quantify the potential AGB change over the remaining temporal gap without assuming a constant long-term growth rate,

we fitted a growth-slowdown model to the non-anomalous NFI8–NFI9 pairs. The response was annual AGB change, and the

predictor set comprised NFI8 AGB, stand age, forest type, forest origin, province, elevation, and slope. Stand age at NFI8 was

obtained by subtracting the five-year inventory interval from the recorded NFI9 age, with a lower bound of one year. The model

can be written as

∆AGBi

∆t
= fs[log(AGBNFI8,i +1)]+ fa(agei)+βTXi + εi. (S1)

where fs and fa were represented by cubic B-spline bases with five knots, and Xi contained forest type and origin, province,

elevation, and slope. The spline coefficients and covariate effects were estimated using ridge regression (penalty parameter =

20). Target values were winsorized at the 2.5th and 97.5th percentiles within each training fold, and model performance was

evaluated using five-fold 0.25◦ spatial-block cross-validation. For the 6-, 8-, and 10-year sensitivity scenarios, the fitted annual

increment was recalculated after updating AGB and age at each one-year step:

AGBi,t+1 =max
[
0, AGBi,t + ĝ

(
AGBi,t,agei,t,Xi

)]
,

agei,t+1 = agei,t +1.
(S2)

This recursive implementation allows the predicted increment to change as stands age and biomass accumulates, avoiding direct

linear extrapolation of the NFI8–NFI9 growth rate. GaoFen-derived NDVI, crown coverage, canopy height, and CSMF-Net

predictions were not used in either the temporal classification or the growth-slowdown model.

Table S1. Provincial statistics of image tiles and tree counts in Southwest China.

Province Image tiles Tree counts (billion)

Yunnan 5208 7.68

Guizhou 2392 5.25

Guangxi 3075 3.85

Hunan 2973 4.23

Total 13648 21.01
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Figure S1. Comparison of remote-sensing imagery and forest-parameter products at different spatial resolutions in Southwest China. (a)

GaoFen imagery (0.8 m), (b) Landsat imagery (30 m), (c) forest canopy height (Liu et al., 2022b) (30 m), and (d) tree cover (Cai et al.,

2024a) (30 m).

Figure S2. Spatial mosaic of the processed GF-2/GF-7 GaoFen imagery covering the four-province study area. The mosaic contains 13,648

image tiles and is displayed using the near-infrared, red, and green bands.
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Figure S3. Comparison of canopy-height products with independent UAV LiDAR-derived CHMs from LIDARNET (http://lidar.pku.edu.cn).

(a) GaoFen-derived canopy-height dataset used in this study. (b) National canopy-height product of Liu et al. (2022b). (c) Global canopy-

height product of Lang et al. (2023). (d) Global forest-canopy-height product of Potapov et al. (2021). The UAV LiDAR CHMs were

aggregated to the native resolution of each product before evaluation.
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Figure S4. Overview of the National Forest Inventory (NFI) data. (a) Spatial distribution of the NFI plots. (b) Frequency distributions of the

training, validation, and test samples by AGB interval.
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Figure S5. Spatial distribution and example of the UAV LiDAR data used in this study. (a) Distribution of the 18 UAV LiDAR datasets

across Guangxi Province, including Guilin (n= 10), Fangchenggang (n= 6), and Wuzhou (n= 2). (b) GaoFen imagery of a representative

UAV LiDAR site. (c) Corresponding UAV LiDAR-derived canopy-height model. Panels (b) and (c) show the same spatial extent. The UAV

LiDAR data cover approximately 1,208 ha in total, and the CHMs have a spatial resolution of 0.05 m.
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Figure S6. Sensitivity of the cross-product evaluation to product year. Annual (a) RMSE and (b) MAE from 2015 to 2021. For each product,

all annual estimates were evaluated using the same product-specific set of NFI test plots with valid estimates throughout the period. The

gray bands indicate the common 2015–2018 interval overlapping most of the NFI observation period. Although both metrics varied among

product years, the broad differences among the products persisted throughout 2015–2021.
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Figure S7. Structural-consistency assessment of the AGB datasets against maximum UAV LiDAR-derived canopy height. Results are shown

for (a) FineKarstAGB, (b) Yang et al. (2023), (c) Yan et al. (2023a), (d) ESA CCI (Santoro and Cartus, 2025), and (e) Cai et al. (2024b).
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Figure S8. Structural-consistency assessment of the AGB datasets against the 95th percentile of UAV LiDAR-derived canopy height. Results

are shown for (a) FineKarstAGB, (b) Yang et al. (2023), (c) Yan et al. (2023a), (d) ESA CCI (Santoro and Cartus, 2025), and (e) Cai et al.

(2024b).

Figure S9. Potential median AGB changes estimated under assumed intervals of 6, 8, and 10 years; error bars indicate the interquartile range.

These values are sensitivity scenarios rather than direct updates of the NFI labels.
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Figure S10. Illustration of typical scenarios and local details showing differences between FineKarstAGB and comparison AGB datasets. The

red five-pointed stars in the GaoFen overview panels indicate the locations of the corresponding local details shown in the rows immediately

below. (a) GaoFen imagery, (b) canopy height, (c) FineKarstAGB, (d) Yang et al. (2023), (e) Yan et al. (2023a), (f) ESA CCI (Santoro and

Cartus, 2025), and (g) Cai et al. (2024b).
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