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1 Summary 
 

In the previous Climate Assessment Report (CAR) from Phase I, we addressed the use of the 
European Space Agency (ESA) Climate Change Initiative (CCI) Biomass data on the Above Ground 
Biomass (AGB; Mg ha-1) of woody vegetation for evaluating TRENDYV8 DGVMs, the inference of 
tropical land carbon cycle parameters by combining CCI Biomass AGB estimates, L-band 
Volumetric Optical Depth (LVOD) from the Soil Moisture and Ocean Salinity (SMOS) mission, Leaf 
Area Index (LAI) data, and the change of tropical AGB  inferred from LVOD calibrated to AGB, 
with a focus on the recovery of AGB from the most recent El Niño (Yang et al., 202x). 

In the Phase II CAR, we used CCI Biomass AGB data to infer forest biomass changes  in three 
regional studies: 1) forest biomass loss caused by plantation area expansion in Southeast Asia, 
2) the deficit and loss of AGB across forest edges in Africa, and 3) the net carbon balance of 
boreal forests, with a focus on fire disturbances and post-fire AGB recovery.   

In the Phase III CAR, we applied CCI Biomass AGB data to infer forest biomass losses and gains 
associated with fire, degradation, deforestation, and regrowth in tropical forests over the period 
1990-2020. In this case study, we provided spatially explicit, long-term analysis of the carbon 
balance dynamics within disturbed tropical humid and dry forests, offering critical insights for 
can support national carbon inventories, REDD+ implementation, and targeted conservation 
planning.   

In this Phase IV CAR, we applied CCI Biomass AGB data to assess forest carbon dynamics at both 
regional and global scales. For Europe, we combined inventory data, disturbance maps, and AGB 
estimates to evaluate changes in the forest carbon sink under increasing disturbance and harvest 
pressures. At the global scale, we integrated AGB data with long-term disturbance histories and 
regrowth dynamics to quantify carbon losses and gains in disturbed forests, highlighting strong 
regional differences in disturbance impacts and recovery processes. 

In the initial version of the CAR from the CCI Biomass CCN phase, we evaluated forest AGB 
simulations from 30 CMIP6 Earth System Models (ESMs) under historical conditions using the 
2020 ESA CCI Biomass product as a benchmark. The analysis assessed model performance at 
global and biome scales and investigated the key factors associated with model–data 
discrepancies. By combining model intercomparison, clustering analysis, and an explainable 
machine learning framework, we identified systematic biases in AGB simulations and linked 
them to differences in hydroclimatic conditions, vegetation structure, and model 
representations of ecosystem processes. This work provided a diagnostic basis for 
understanding model limitations and supports improvements in terrestrial carbon cycle 
projections. Building on the last phase’s global analysis of disturbance-driven carbon losses and 
recovery, we extended the framework to include forest Land-Use Change (LUC) and the carbon 
gains from forests that are free of recorded disturbance since 1990, enabling more 
comprehensive accounting of forest AGC changes. We show that disturbances, particularly fires, 
play a central role in shaping forest carbon dynamics across biomes, with contrasting impacts 
depending on regional disturbance regimes and recovery capacity. 
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2 Evaluation of vegetation above-ground biomass 
carbon from CMIP6 ESMs using global satellite-based 
estimates 

 

Vegetation dynamics, and for forests in particular, are a key component of the climate system 
through their control on carbon exchanges between land and atmosphere and the resulting 
feedbacks (Bar-On et al., 2018; Friedlingstein et al., 2025). As a result, enhancing forest extent 
and condition has been widely promoted as an effective nature-based mitigation pathway to 
strengthen terrestrial carbon uptake and support the objectives of the Paris Agreement (Federici 
et al., 2017; Griscom et al., 2017; Kaarakka et al., 2021). Forest Above Ground Biomass (AGB; 
Mg ha-1) represents the main observable proxy of this carbon storage and displays strong spatial 
variability. This variability reflects the interplay between carbon accumulation processes, such 
as growth and recruitment, and loss processes including mortality, degradation, and 
decomposition (Reichstein & Carvalhais, 2019). Earth System Models (ESMs), such as those 
contributing to CMIP6, are extensively used to simulate and project these dynamics under 
different climate scenarios. Their outputs underpin assessments of future carbon sinks and are 
widely used in climate policy contexts (Flato, 2011; Prinn, 2013). However, projections remain 
highly uncertain, with substantial divergence across models, largely attributable to differences 
in process representation and parameterization. This underscores the need for systematic 
benchmarking to assess model fidelity and constrain uncertainties. 

Robust model evaluation depends critically on the availability of consistent, large-scale 
observational datasets. Earlier efforts to map forest biomass relied primarily on optical satellite 
observations combined with field data (Ruesch & Gibbs, 2008; Baccini et al., 2012; Saatchi et al., 
2011; Hu et al., 2016). While these approaches enabled global mapping, they suffer from well-
known limitations, including sensitivity to cloud cover, signal saturation in higher biomass 
regions, and limited ability to capture woody biomass due to restricted canopy penetration. The 
ESA GlobBiomass dataset (Santoro et al., 2021) marked a significant improvement by providing 
a global AGB map for 2010 at 100 m resolution based on Synthetic Aperture Radar (SAR), which 
offers improved sensitivity to vegetation structure and reduced dependence on illumination and 
atmospheric conditions. Building on this, the ESA CCI Biomass product provides a temporally 
consistent AGB time series derived from multiple SAR sensors, using spaceborne LiDAR height 
measurements to constrain canopy-structure information within the SAR-based retrieval 
framework rather than directly calibrating AGB estimates with LiDAR biomass (Santoro et al., 
2024). Independent validation against field and airborne observations indicates that the dataset 
reliably captures large-scale spatial patterns of AGB, although some regional biases persist due 
to methodological assumptions and reduced sensitivity of SAR signals at high biomass densities. 
Given these characteristics, the CCI Biomass dataset provides a suitable observational 
benchmark for evaluating ESM-derived biomass fields. 

Here, we evaluate AGB simulations from CMIP6 ESMs over the historical period (2010–2014), 
with a focus on forest-dominated regions, using the CCI Biomass dataset as a reference. The 
analysis is designed to: (i) characterize model performance at global and biome scales and 
identify where discrepancies are largest, (ii) examine how differences in model structure 
contribute to biases in simulated biomass, and (iii) explore the environmental and climatic 
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 controls associated with these discrepancies through a machine learning framework. The 
outcomes are intended to inform model development and improve the representation of 
vegetation carbon dynamics in future projections. 

2.1  Method 

2.1.1 ESA CCI Biomass dataset 

The ESA CCI Biomass dataset (version 5; https://climate.esa.int/en/projects/biomass/; Santoro 
et al., 2024) provides spatially explicit estimates of above-ground biomass (AGB) of woody 
vegetation for 2010 and the period 2015–2021. These estimates are derived from the 
integration of multiple Synthetic Aperture Radar (SAR) observations, including data from 
Sentinel-1, Envisat ASAR, ALOS PALSAR, and ALOS-2 PALSAR-2 missions. The retrieval framework 
is further constrained using spaceborne LiDAR measurements from ICESat-2, together with 
ancillary information on vegetation cover and land cover (Santoro et al., 2024). The native spatial 
resolution of the dataset is 1 hectare. For the purpose of this analysis, the data were aggregated 
to a coarser grid by spatial averaging. We first used the 0.5° resolution products derived from 
the original dataset and subsequently aggregated them to a 1° × 1° grid to ensure consistency 
with the spatial resolution of the ESM outputs. AGB maps corresponding to the years 2010 and 
2015 were selected for model evaluation. Sensitivity tests indicated that the choice of reference 
year had only a limited influence on the overall results. To account for uncertainties in the 
biomass estimates, the associated standard deviation layers provided with the dataset were 
included in the analysis. Finally, biomass values expressed in Mg ha⁻¹ were converted to carbon 
density (MgC ha⁻¹) using a factor of 0.5 following Chave et al. (2005). 

2.1.2 CMIP6 ESM simulations  

Outputs from 30 CMIP6 Earth System Models (ESMs) under the historical experiment were used 
in this analysis (Table 2-1). Information on the land surface components associated with each 
model was obtained from the official CMIP6 documentation (https://wcrp-
cmip.github.io/CMIP6_CVs/docs/CMIP6_source_id.html).  

For each model, AGB carbon density was derived by subtracting root carbon (cRoot) from total 
vegetation carbon (cVeg). In cases where cRoot was not available, AGB was approximated as 80% 
of cVeg following Liu et al. (2015). Model outputs were taken from the r1i1p1f1 (r, i, p, and f 
denote the realization, initialization, physics, and forcing indices in the CMIP6 ensemble-
member identifier, respectively) realization for most simulations, with the exception of UKESM1-
0-LL and UKESM1-1-LL, for which r1i1p1f2 was used due to data availability constraints. 

To ensure consistency with the observational benchmark and reduce the influence of 
interannual variability, we averaged monthly outputs over the period 2010–2014. All model 
fields were then regridded to a common 1° × 1° spatial resolution using a nearest-neighbor 
approach. Forest areas were defined based on the simulated tree fraction (treeFrac), with grid 
cells classified as forest where the multi-model mean tree fraction exceeded 50% at 1° resolution. 
For models lacking treeFrac output, the tree fraction was estimated from land cover fractions 
(landCoverFrac).  

It should also be noticed that ESM biomass outputs generally do not provide formal uncertainty 
estimates at grid-cell or aggregated scales, despite being affected by uncertain parameters, 
process representations, and forcing inputs. Therefore, the comparison with CCI Biomass should 
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 be interpreted as a diagnostic benchmark of model–data differences rather than a formal 
probabilistic test of model consistency with observations. 

Table 2-1 List of 30 CMIP6 ESMs used in this study 

No. Name Land model Land model 
resolution (°) 

cRoot 
data 

1 ACCESS-ESM1-5 CABLE 2.4 1.24 × 1.88 Yes 
2 BCC-CSM2-MR BCC_AVIM 2  1.13 × 1.13 Yes 
3 BCC-ESM1 BCC_AVIM 2 2.81 × 2.81 No 
4 CanESM5 CLASS 3.6, CTEM 1.2 2.81 × 2.81 Yes 
5 CESM2-FV2 CLM5 1.88 × 2.50 Yes 
6 CESM2-WACCM-FV2 CLM5 1.88 × 2.50 Yes 
7 CESM2-WACCM CLM5 0.94 × 1.25 Yes 
8 CESM2 CLM5 0.94 × 1.25 Yes 
9 CMCC-CM2-SR5 CLM4.5 0.94 × 1.25 No 
10 CMCC-ESM2 CLM4.5 0.94 × 1.25 No 
11 CNRM-ESM2-1 ISBA+CTRIP 1.41 × 1.41 Yes 
12 E3SM-1-1-ECA ELM v1.1, MOSART v1.1 1.00 × 1.00 No 
13 E3SM-1-1 ELM v1.1, MOSART v1.1 1.00 × 1.00 No 
14 EC-Earth3-CC HTESSEL, LPJ-GUESS v4 0.70 × 0.70 Yes 
15 EC-Earth3-Veg-LR HTESSEL, LPJ-GUESS v4 1.13 × 1.13 No 
16 GFDL-ESM4 GFDL-LM 4.1 1.00 × 1.25 No 
17 INM-CM4-8 INM-LND 1 1.50 × 2.00 No 
18 INM-CM5-0 INM-LND 1 1.50 × 2.00 No 
19 IPSL-CM6A-LR-INCA ORCHIDEE v2.0 1.26 × 2.50 Yes 
20 IPSL-CM6A-LR ORCHIDEE v2.0 1.26 × 2.50 Yes 
21 KIOST-ESM NCAR-CLM 4 1.88 × 1.88 Yes 
22 MPI-ESM-1-2-HAM JSBACH 3.20 1.88 × 1.88 No 
23 MPI-ESM1-2-LR JSBACH 3.20 1.88 × 1.88 No 
24 NorCPM1 CLM4 1.88 × 2.50 Yes 
25 NorESM2-LM CLM5 1.88 × 2.50 Yes 
26 NorESM2-MM CLM5 0.94 × 1.25 Yes 
27 SAM0-UNICON CLM4 0.94 × 1.25 No 
28 TaiESM1 CLM4 0.94 × 1.25 Yes 
29 UKESM1-0-LL JULES-ES-1.0 1.25 × 1.88 Yes 
30 UKESM1-1-LL JULES-ES-1.0 1.25 × 1.88 Yes 

2.1.3 Auxiliary datasets 

To explore the environmental drivers underlying model–data discrepancies across regions, we 
compiled a set of auxiliary variables describing climate, soil, and vegetation conditions (Table 2-
2). Climatic information was obtained from the WorldClim v2.1 dataset (Fick & Hijmans, 2017), 
from which 19 bioclimatic variables were extracted. Soil characteristics were derived from the 
SoilGrids 2.0 product (Poggio et al., 2021), including 13 variables describing soil texture and 
physicochemical properties. The original six soil depth layers were aggregated into two 
representative layers for this analysis: a surface layer (0–30 cm) and a deeper layer (30–200 cm). 



© Aberystwyth University and GAMMA Remote Sensing, 2018 
This document is the property of the CCI-Biomass partnership, no part of it shall be reproduced or transmitted without the 

express prior written authorization of Aberystwyth University and Gamma Remote Sensing AG. 

 

 

 Ref CCI Biomass Climate Assessment Report v3  

Issue Page Date 
7.0 12 25.05.2025 

 Table 2-2 List of environmental variable datasets. 

Type Name Description Spatial 
resolution 

Climate 

bio1 (Tmean) Annual Mean Temperature 

10 × 10' 

bio2 (MDR) Mean Diurnal Range 
bio3 (ISO) Isothermality (BIO2/BIO7*100) 
bio4 (Tssn) Temperature Seasonality 
bio5 (Tmax) Max Temperature of Warmest Month 
bio6 (Tmin) Min Temperature of Coldest Month 
bio7 (TAR) Temperature Annual Range 
bio8 (TWeQ) Mean Temperature of Wettest Quarter 
bio9 (TDrQ) Mean Temperature of Driest Quarter 
bio10 (TWaQ) Mean Temperature of Warmest Quarter 
bio11 (TCoQ) Mean Temperature of Coldest Quarter 
bio12 (Prec) Annual Precipitation 
bio13 (PWM) Precipitation of Wettest Month 
bio14 (PDM) Precipitation of Driest Month 
bio15 (Pssn) Precipitation Seasonality 
bio16 (PWeQ) Precipitation of Wettest Quarter 
bio17 (PDrQ) Precipitation of Driest Quarter 
bio18 (PWaQ) Precipitation of Warmest Quarter 
bio19 (PCoQ) Precipitation of Coldest Quarter 

Soil 

bdod Bulk density of the fine earth fraction 

5 × 5 km 

cec Cation Exchange Capacity of the soil 

cfvo Volumetric fraction of coarse fragments (> 2 
mm) 

clay Proportion of clay particles (< 0.002 mm) in the 
fine earth fraction 

nitrogen Total nitrogen (N) 
ocd  Organic carbon density 
phh2o Soil pH 

sand Proportion of sand particles (> 0.05/0.063 
mm) in the fine earth fraction 

silt Proportion of silt particles (≥ 0.002 mm and ≤ 
0.05/0.063 mm) in the fine earth fraction 

soc Soil organic carbon content in the fine earth 
fraction 

wv0010 Volumetric Water Content at 10 kPa suction 
wv0033 Volumetric Water Content at 33 kPa suction 
wv1500 Volumetric Water Content at 1500 kPa suction 

Vegetation 
CanopyHeight Canopy Height (m) 10 × 10 km 
ForestAge Forest Age (years) 1 × 1 km 
TreeDensity Tree Density 1 × 1 km 
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 2.1.4 Statistical analysis 

To assess model performance and examine the role of model structure and parameterization in 
shaping these differences, we implemented a two-step analytical framework. 

In the first step, model performance was quantified using the Kling–Gupta Efficiency (KGE) 
metric across four spatial domains: global, tropical, temperate, and boreal regions. KGE (Gupta 
& Kling, 2011) summarizes model–observation agreement by combining three complementary 
components—correlation (r), bias ratio (β), and variability ratio (γ)—into a single metric (Eq. 1), 
thereby enabling a balanced assessment of errors in spatial pattern, mean magnitude, and 
variability. KGE values are bounded above by 1, with higher values indicating better agreement 
with the reference dataset. In the second step, we applied an unsupervised clustering approach 
to group models according to their performance characteristics. Specifically, an agglomerative 
hierarchical clustering algorithm was used to partition the ensemble of ESMs into k clusters 
based on their KGE scores. Although the silhouette analysis suggested an optimal solution at k = 
5, we selected k = 4 as the final configuration to achieve a balance between statistical robustness 
and interpretability. 

𝐾𝐺𝐸 = 1 − *(𝑟 − 1)! + (β-1)! + (γ-1)!                                                                                    (Eq.1) 

where r denotes the correlation coefficient, β represents the bias ratio and γ corresponds to the 
variability ratio. 

To further investigate the drivers of model–data discrepancies in forest AGB carbon density, we 
implemented a Random Forest regression framework using the previously described 
environmental variables as predictors. The target variable was defined as the spatial difference 
between the multi-model ensemble (MME) mean of CMIP6 simulations and the ESA CCI Biomass 
reference dataset at the pixel level. 

The dataset was randomly partitioned into training (80%) and testing (20%) subsets to evaluate 
model performance and generalization. Hyperparameter tuning focused on the number of trees 
(n_estimators), which was varied between 50 and 400. Model performance showed limited 
improvement beyond 200 trees; therefore, n_estimators was set to 200, while all other 
parameters were kept at their default settings. 

To interpret the model outputs, we applied SHapley Additive exPlanations (SHAP) analysis to 
quantify both the relative importance and directional influence of each predictor. The dominant 
explanatory factors for model–data discrepancies were identified at the pixel level based on the 
magnitude of their SHAP values. All analyses were conducted using Python 3.12, with 
implementations from the scikit-learn and shap libraries. 

 
2.2 Global and biome forest AGB carbon stocks 

At the global scale, the ESA CCI Biomass dataset indicates a total AGB carbon stock of 285.7 PgC. 
When the analysis is restricted to forest-dominated areas (defined as grid cells with a multi-
model mean tree fraction exceeding 50%; see Methods), this estimate decreases to 200.9 PgC. 
This masking step is required because the CCI Biomass product represents woody vegetation 
only (Santoro et al., 2024), whereas ESM outputs include all vegetation types, leading to 
systematic overestimation in regions dominated by non-forest cover (Figure S2). 



© Aberystwyth University and GAMMA Remote Sensing, 2018 
This document is the property of the CCI-Biomass partnership, no part of it shall be reproduced or transmitted without the 

express prior written authorization of Aberystwyth University and Gamma Remote Sensing AG. 

 

 

 Ref CCI Biomass Climate Assessment Report v3  

Issue Page Date 
7.0 14 25.05.2025 

 Across the 30 CMIP6 models, the MME mean estimates global forest AGB carbon at 241.3 PgC, 
with a substantial inter-model standard deviation of 72.7 PgC (Figure 1a). Relative to the 
observational benchmark, this corresponds to an average positive bias of 40.4 PgC 
(approximately 20%), indicating a general tendency toward overestimation. Model spread 
remains large, with inter-model variability equivalent to roughly 30% of the ensemble mean. 
Among individual models, SAM0-UNICON and ACCESS-ESM1-5 show the strongest positive 
biases (81% and 71%, respectively), whereas BCC-CSM2-MR, E3SM-1-1-ECA, EC-Earth3-Veg-LR, 
IPSL-CM6A-LR-INCA, and MPI-ESM1-2-LR remain within 10% of the reference estimate. 

Model performance in predicting forest AGB varies considerably across regions. To investigate 
this spatial heterogeneity, we evaluated model performance across 13 climatic zones, defined 
by the Köppen classification system to represent diverse thermal and hydrological conditions. 
As shown in Figure 1b, the MME mean indicates that most biomes are characterized by positive 
biases, particularly in humid and seasonally dry tropical regions, whereas underestimation 
occurs in only a limited number of biomes (BW, Cs, and Ds) and remains small in magnitude (< 
0.5 PgC). The tropical rainforest (Af) biome contributes the largest share to the global bias, with 
an average overestimation of 19.2 PgC (31%).  

At the model level, performance varies considerably across biomes. For instance, SAM0-UNICON 
and E3SM-1-1 exhibit their largest positive biases in tropical regions, whereas ACCESS-ESM1-5 
and CNRM-ESM2-1 show stronger overestimation in boreal and temperate humid zones. 
Importantly, regional biases within specific biomes, particularly those with high biomass, often 
exceed the corresponding global mean bias of each model. This indicates that compensating 
errors (i.e., the cancellation of over- and under-estimations across different biomes) across 
regions can obscure substantial regional discrepancies in global assessments. These results 
highlight the importance of evaluating model performance at biome or regional scales to better 
diagnose model deficiencies and guide targeted improvements. 
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Figure 2-1 Comparison of AGC (carbon) estimates from ESA CCI Biomass data and CMIP6 ESM 
simulations. (a) Global-scale comparison. Solid bars show AGB within forest-dominated areas, while 

hatched bars indicate values for all regions without applying a forest mask. Red bars (with error bars) 
represent ESA CCI Biomass estimates and their associated uncertainty (standard deviation), whereas 

orange bars represent the CMIP6 multi-model ensemble (MME) mean. Numbers above the bars indicate 
the percentage bias of model estimates relative to the reference data. (b) Biome-level comparison 

across Köppen climate zones. Red bars denote ESA CCI Biomass estimates, orange bars show the CMIP6 
MME mean, and individual points correspond to results from each model. Af, tropical rainforest; Am, 

tropical monsoon; Aw, tropical savanna; BW, desert; BS, semi-arid steppe; Cs, temperate dry summer; 
Cw, temperate dry winter; Cf, temperate without dry season; Ds, continental dry summer; Dw, 

continental dry winter; Df, continental without dry season; ET, tundra; and EF, ice cap. 
 
 2.3 Spatial variability in forest AGB carbon density 

The spatial distribution of forest AGB carbon density from the ESA CCI Biomass dataset and the 
CMIP6 MME mean (Figure 2-2) shows that both datasets capture similar large-scale patterns, 
with peak biomass densities (>100 MgC ha⁻¹) concentrated in equatorial humid regions and 
substantially lower values (~50 MgC ha⁻¹) in mid-latitude forests of both hemispheres. However, 
the spatial distribution of model–data differences (MME minus CCI Biomass) exhibits strong 
regional heterogeneity rather than a simple latitudinal structure. 

Pronounced overestimation is particularly evident across East and Southeast Asia. In contrast, 
the Amazon and Congo basins show spatially heterogeneous biases, with positive deviations in 
their northwestern sectors and negative deviations in eastern regions. In boreal zones, models 
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 tend to underestimate AGB across Siberia, whereas consistent overestimation is found in 
Canada and Eastern Europe. Analysis at the individual model level reveals that these biases are 
not random; approximately 67% of the models exhibit deviations in the same direction across 
nearly half (47%) of the evaluated regions (Figure 2-2e), indicating a systematic component in 
model behavior. Moreover, even when accounting for uncertainties in the CCI Biomass dataset, 
discrepancies exceeding three times the observational uncertainty occur across more than 75% 
of the regions, confirming the robustness of these spatial mismatch patterns. 

 
Figure 2-2: Spatial patterns of forest AGB carbon density and model-data discrepancies. (a, b) The forest 

AGB carbon density spatial patterns of the ESA CCI Biomass dataset and the CMIP6 MME mean 
respectively. (c) The latitude pattern of model simulations and map data values. (d) The differences of 
model simulations and map data values. Red represents over-estimation, while blue represents under-

estimation. (e) Agreement level among individual models regarding over- or under-estimation. This 
metric is defined as the proportion of individual ESMs for which the bias has the same sign as the bias of 

the MME. Darker shades indicate that more models share the same direction of bias. (f) The latitude 
pattern of model-data differences.  

Model performance is further assessed using Taylor diagrams (Taylor, 2001), which summarize 
spatial correlation, variability, and error characteristics at 1° resolution. As shown in Figure 2-3, 
most models reproduce the spatial pattern of AGB reasonably well, as indicated by relatively 
high correlation coefficients, particularly at the global scale and in tropical regions. However, 
they tend to overestimate the magnitude of spatial variability. The model performed worse in 
temperate and boreal regions, where both correlation and representation of variability are 
weaker. 

 

 

 



© Aberystwyth University and GAMMA Remote Sensing, 2018 
This document is the property of the CCI-Biomass partnership, no part of it shall be reproduced or transmitted without the 

express prior written authorization of Aberystwyth University and Gamma Remote Sensing AG. 

 

 

 Ref CCI Biomass Climate Assessment Report v3  

Issue Page Date 
7.0 17 25.05.2025 

 

 
Figure 2-3. Taylor diagrams are used to evaluate CMIP6 ESM simulations against ESA CCI observations. 

(a) - (d) represent global and tropical, temperate, or boreal regions respectively, and each point 
represents a model. 

These patterns are consistent with the Kling–Gupta Efficiency (KGE) results. KGE values are 
relatively high at the global scale and in tropical regions (around 0.63), but decrease markedly 
in temperate regions (to approximately 0.06). Both the Taylor diagrams and KGE metrics reveal 
clear groupings of models with similar performance characteristics. Such clustering suggests that 
shared structural features or parameterizations may underlie common biases, providing useful 
guidance for diagnosing sources of model divergence. 

To provide an integrated view of model performance across spatial domains, we applied 
Principal Component Analysis (PCA) followed by clustering. The PCA was performed on four 
performance indicators—Kling–Gupta Efficiency (KGE) scores at the global, tropical, temperate, 
and boreal scales—and reduced them to two dominant components. The first principal 
component (PC1) mainly captures variability in performance across the global, tropical, and 
temperate regions, whereas the second component (PC2) reflects contrasting behavior, with 
positive loadings for temperate and boreal regions and negative associations with global and 
tropical performance (Figure 2-4). Together, these two components effectively summarize the 
main dimensions of inter-model differences among the 30 ESMs. The PCA results are interpreted 
here primarily as an exploratory diagnostic of inter-model differences. A future version will 
include the PC1–PC2 loadings for the four regional KGE indicators and the fraction of total 
variance explained by these components. 
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 Based on these reduced dimensions, we grouped the models into four clusters (see Methods; 
Figure 2-4). The largest group (Group I, 19 models) shows relatively stable and consistent 
performance across all regions. Group II (2 models: KIOST-ESM and NorCPM1) is characterized 
by pronounced deficiencies in tropical regions. Group III (7 models: ACCESS-ESM1-5, CMCC-
CM2-SR5, CMCC-ESM2, CNRM-ESM2-1, TaiESM1, UKESM1-0-LL, and UKESM1-1-LL) exhibits 
weaker performance in temperate and boreal zones. In contrast, Group IV (2 models: SAM0-
UNICON and INM-CM5-0) performs poorly across all regions, resulting in the lowest overall 
model performance at the global scale. 

 
Figure 2-4. ESMs were clustered into 4 groups based on KGE metrics. 

The clustering patterns in model performance appear to reflect underlying differences in land 
surface model configurations (Table 2-1). Models in Groups II and IV, which show weaker 
performance in tropical and boreal regions, are largely based on earlier land model versions, 
particularly CLM4 (e.g., SAM0-UNICON, KIOST-ESM, and NorCPM1). In contrast, models built on 
the updated CLM4.5 framework (e.g., CMCC-CM2-SR5 and CMCC-ESM2) are primarily assigned 
to Group III and exhibit intermediate skill, with improved performance in temperate and boreal 
regions but remaining limitations in the tropics. The highest-performing models (Group I) 
predominantly rely on the more recent CLM5 configuration, including several CESM variants, 
and show more consistent performance across all climatic zones. 

Beyond differences in model versions, the representation of key ecological processes also 
emerges as an important factor. Models that omit processes, such as nitrogen cycling and 
dynamic vegetation (e.g., CNRM-ESM2-1 and INM-CM5-0), tend to perform poorly and 
particularly in tropical regions (Gier et al., 2024). However, the inclusion of these processes 
alone is not sufficient to ensure improved performance. For instance, although the JULES-ES 
configuration used in UKESM1-1-LL includes a nitrogen cycle, its limited sensitivity of 
productivity to nitrogen availability constrains its overall impact (Davies-Barnard et al., 2020), 
which may explain the model’s weak performance in tropical regions. Similarly, ACCESS-ESM1-
5 accounts for both nitrogen and phosphorus limitations but still exhibits substantial biases in 
the tropics. 

These results indicate that model performance is not determined solely by the presence of 
advanced process representations, but also by how effectively these processes are 
parameterized and coupled within the land model. Accurate simulation of vegetation dynamics 
and nutrient constraints therefore depends on both process inclusion and their functional 
implementation. 
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2.4 Factors and mechanism associated with the model-data discrepancy 

To identify the environmental drivers of model–data discrepancies, we applied a Random Forest 
(RF) regression model using the compiled environmental variables as predictors and the spatial 
differences between model simulations and observational data as the target (see Methods; 
Figure 2-5a). The RF model showed strong performance, with a coefficient of determination (R²) 
of 0.97 and an RMSE of 4.17 for the training data, and retained good predictive skill on the 
independent test set (R² = 0.79; RMSE = 11.58). These results indicate that the model effectively 
captures the main controls on spatial variability in model–data differences. 

Feature importance analysis was then used to quantify the relative contribution of different 
environmental factors (Figure 2-5a). Climate-related variables emerged as the dominant drivers, 
explaining 44.8% of the variance, followed by soil properties (34.8%). Vegetation structural 
characteristics—represented by tree height, forest age, and tree density—accounted for 20.4% 
of the variation, despite being described by a smaller set of predictors. Within this category, 
canopy height played a particularly important role and was the single most influential variable 
overall, contributing 14.3% to the explained variance. 

Among the climatic variables, those associated with water availability showed consistently high 
importance, indicating that hydroclimatic conditions are a key factor controlling the spatial 
patterns of model–data discrepancies. 

 
Figure 2-5. (a) Feature importance of top 12 variables. The bar length represents feature importance, 

and the size of circle represents the relative magnitude of SHAP value. (b) Map of local dominant 
features. These features are identified based on their magnitude of SHAP values. Among them, "bio_17 
(PDrQ)" (light blue), "wv0010_face" (brown color), "CanopyHeight" (dark green), and "ForestAge" (light 
green) are four dominant features at the global scale. Full variable names and descriptions are provided 

in Table 2-2. 

Figure 2-5b illustrates the dominant environmental controls on model–data discrepancies at the 
local scale, complemented by SHAP dependence relationships (Figure 2-6) that provide insight 
into the underlying mechanisms of biomass prediction biases. 

Canopy height emerges as a key determinant across several regions, including the northeastern 
and southern Amazon, the Congo Basin, and northern Canada. In tropical humid regions such as 
the Amazon and Congo, model underestimation is most pronounced in areas characterized by 
tall canopies. In contrast, in northern Canada, overestimation tends to occur in regions with 
relatively low canopy height. The systematic underestimation in tall tropical forests likely reflects 
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 the inability of current models to adequately represent complex vertical structure and 
associated biomass accumulation. 

Forest age represents another important control, particularly in southern China, where 
extensive young plantations are present. In these regions, models tend to overestimate biomass, 
suggesting that insufficient representation of stand age and successional dynamics can lead to 
inflated carbon stock estimates in younger forests. 

Water availability also plays a dominant role in shaping discrepancies, especially in the 
northwestern Amazon, Southeast Asia, and boreal Siberia. In Siberia, model underestimation is 
associated with areas of higher soil moisture in the upper soil layers. Conversely, in the 
northwestern Amazon and Southeast Asia, persistent overestimation occurs under humid 
conditions with abundant precipitation. These patterns suggest that models may overstate the 
positive influence of water availability on vegetation growth, potentially due to insufficient 
representation of other limiting factors such as nutrient availability or light competition. 

 

 
Figure 2-6. Response curves of top 12 variables based on SHAP analysis. 

 
2.5 Conclusion 

Our analysis identifies a consistent positive bias in CMIP6 ESM simulations of forest AGB relative 
to the ESA CCI Biomass dataset, amounting to an overestimation of approximately 20% at the 
global scale, together with substantial inter-model variability. This discrepancy is not spatially 
uniform but exhibits pronounced regional contrasts. In the tropics, models strongly 
overestimate AGB in East and Southeast Asia, whereas the Amazon and Congo basins display 
heterogeneous patterns, with positive biases in their northwestern regions and negative biases 
toward the east. In extratropical regions, AGB is generally underestimated across Siberia but 
overestimated in Canada and Eastern Europe. 
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 These spatial patterns are closely associated with differences in the representation of key 
biogeochemical and ecological processes. At the global scale, models incorporating more 
advanced treatments of nutrient limitation and vegetation dynamics tend to show improved 
agreement with observational estimates. Complementary machine learning analysis further 
isolates the dominant environmental controls on local discrepancies, highlighting the roles of 
hydroclimatic conditions and vegetation structural characteristics. 

Specifically, models tend to underestimate biomass in tall, structurally complex tropical forests, 
overestimate biomass in regions dominated by young plantations, and misrepresent biomass 
responses to water availability in areas with high soil moisture or deep water tables. This 
underestimation is likely conservative because CCI Biomass itself tends to underestimate AGB in 
high-biomass forests, particularly where C- and L-band SAR backscatter exhibits reduced 
sensitivity or saturation at high biomass levels and where generic canopy-structure constraints 
may not fully represent dense, structurally complex tropical forests (Santoro et al., 2024; ESA 
CCI Biomass ATBD/PVIR). Therefore, the true magnitude of model underestimation in 
structurally complex tropical forests may be larger than indicated by the model–CCI Biomass 
comparison. At the same time, CCI Biomass should be interpreted as an observation-based 
reference product rather than an error-free ground truth, as its AGB estimates include retrieval 
and validation uncertainties. Together, these findings indicate that improving the representation 
and interaction of vegetation structure, nutrient constraints, and water-related processes is 
essential for enhancing the reliability of future ESM projections of the terrestrial carbon cycle. 
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 3. Post-fire biomass recovery offsets most fire 
carbon losses across global forests since 1990 

Global forests constitute the largest terrestrial carbon sink (Friedlingstein et al., 2025), yet both 
the magnitude and spatial distribution of this sink remain highly uncertain (Randerson et al., 
2025; Bar-On et al., 2025). A major source of this uncertainty arises from the incomplete or 
inaccurate representation of disturbance-driven carbon losses and the subsequent regrowth 
processes in global models (Dye et al., 2024; O’Sullivan et al., 2024). The persistence of the forest 
carbon sink is increasingly challenged by intensifying natural disturbances—including fire, 
drought, and insect outbreaks—as well as direct anthropogenic pressures such as deforestation 
and timber harvest (Jones et al., 2024; Anderegg et al., 2020; Seidl et al., 2017). Quantifying both 
the immediate carbon losses from disturbances and the longer-term recovery dynamics is 
therefore essential for assessing the stability of forest carbon storage and its future role in 
climate mitigation. 

Disturbance characteristics, including type, location, and severity, strongly influence both the 
magnitude of biomass loss and the trajectory of post-disturbance recovery (Lapola et al., 2023). 
For instance, clear-cut harvesting typically removes most above-ground biomass, resulting in 
large and immediate carbon losses. In contrast, many boreal fires only partially combust live 
biomass, with additional emissions occurring over extended periods through the decomposition 
of fire-induced dead organic matter (van Bellen et al., 2010; Izbicki et al., 2023). Recovery times 
also vary substantially, with boreal forests generally exhibiting slower regrowth compared to 
fire-adapted dry tropical systems (Palviainen et al., 2020; Poorter et al., 2016). Recent efforts 
have improved estimates of disturbance-related carbon losses by combining satellite-derived 
disturbance information with spatial biomass datasets (Grassi et al., 2023; Gibbs et al., 2025; 
Harris et al., 2021). However, post-disturbance recovery remains inconsistently represented due 
to methodological uncertainties. Existing approaches range from fixed recovery factors (IPCC, 
2006), to biome-level recovery curves derived from satellite data (Heinrich et al., 2023; Holcomb 
et al., 2023), to statistical models based on field observations with limited spatial coverage 
(Robinson et al., 2025; Poorter et al., 2021). The absence of spatially explicit, observation-based 
recovery estimates across all forest types therefore constrains our ability to robustly quantify 
disturbance-driven carbon dynamics at the global scale. 

In this study, we formed a global, 30 m forest disturbance dataset by integrating multiple 
regional Landsat-based products (Hermosilla et al., 2019; Liu et al., 2023; Qiu et al., 2025; Viana-
Soto and Senf, 2025; Long et al., 2019; Vancutsem et al., 2021), with disturbances harmonized 
into fire and non-fire categories over the period 1990–2020. Disturbances are defined here as 
biomass-reducing events within forests that do not result in permanent land-use conversion and 
are therefore followed by regrowth. This dataset is combined with the spatially explicit forest 
carbon bookkeeping framework of Xu et al. (2026), which integrates time-varying disturbance 
information with a global set of gridded biomass recovery curves. This approach enables the 
tracking of carbon losses—including delayed emissions from dead biomass—and subsequent 
recovery at 30 m resolution over the past three decades. Recovery trajectories are estimated at 
a 1° grid scale using a space-for-time approach (Methods). Using this framework, we first 
disentangle the contributions of disturbance area, carbon loss intensity (i.e., carbon loss per unit 
disturbed area), and post-disturbance recovery to the net forest carbon balance. We then 
construct a global forest carbon budget by additionally accounting for carbon changes in 
undisturbed forests and fluxes associated with land-use transitions, including deforestation and 
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 reforestation (Methods). This integrated analysis addresses key limitations in existing global 
carbon accounting approaches and provides new insights into whether forest disturbances over 
the past 30 years have remained largely compensated by recovery or have led to a sustained 
increase in net carbon losses. 

3.2 Method  
3.2.1 Harmonizing global forest disturbance and forest land-use change 

We constructed a global, spatially explicit forest disturbance dataset at 30 m resolution by 
integrating six regional Landsat-based products covering Canada (Hermosilla et al., 2019), 
Europe (Viana-Soto and Senf, 2025), the conterminous United States (Qiu et al., 2025), China 
(Liu et al., 2023), the tropics (Vancutsem et al., 2021), and Australia (National Forest and Sparse 
Woody Vegetation Dataset, v8) (Table 3-1). Disturbance categories from these datasets were 
harmonized into two broad classes: fire and non-fire disturbances. In this framework, 
disturbances refer to events occurring within existing forest stands that reduce biomass but are 
followed by regrowth, and are therefore distinct from land-use changes that result in permanent 
forest conversion. In regions where Landsat-based disturbance records are not available (e.g., 
“Other boreal” and “Other regions”, Figure 3-1b), fire disturbances were identified using a global 
burned-area dataset at 30 m resolution (Long et al., 2019). Comparable datasets for non-fire 
disturbances with similar temporal coverage are not currently available in these regions. 

 
Figure 0-1. Major biomes and regions considered in this study. 
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Table 3-1 Disturbance datasets used in the analysis 

Region Time 
Period 

Original type Harmonized 
disturbance 
type 

Dataset Name Reference 

Canada 1985-
2020 

Harvest, fire Fire, Non-fire Canada’s disturbance 
datasets 

Hermosilla et al. (2019) 

Europe 1985-
2023 

Wind/bark beetle, 
fire, harvest 

Fire, Non-fire European Forest  
Disturbance Atlas 
(EFDA) 

Viana-Soto and Senf (2025) 

US  1988-
2022  

Fire, logging, stress, 
wind,construction, 
agricultural, water 

Fire, Non-fire  Land Disturbance 
across the 
Conterminous United 
States 

Qiu et al., (2025) 

China 1986-
2022 

Fire, other Fire, Non-fire China's disturbance 
datasets 

Liu et al., 
(2023)https://paperpile.com/c/
QmnpoD/SkPg 

Tropics 
  

1990-
2023 
  

Degradation, 
deforestation, 
Regrowth. 
Fire 

Humid:  
Fire, Non-fire 
Dry: Fire  

Tropical Moist  
Forest (TMF) 
Global Annual 
Burned  
Area datasets 

 
Vancutsem et al., (2021) 
Long et al., (2021)  

Australia 
  

1988-
2023 
  

Original land cover 
class: woody, 
forest, 
other 

 
Fire, Non-fire 
(forest 
loss/gain)  

National Forest and 
Sparse  
Woody Vegetation 
Data  

Department of Climate Change, 
Energy, the Environment 
and Water (2023) 
Long et al., (2021) 

Other 
boreal/ 
Other 

1985-
2021 

Burned area Fire Global Annual 
Burned  
Area datasets 
(GABAM) 

Long et al., (2021) 

Forest land-use change (LUC), including deforestation and afforestation/reforestation, was 
primarily derived from annual regional land-cover change products (Table 3-2). In humid 
tropical regions, deforestation is directly represented within the Tropical Moist Forest (TMF) 
dataset. Deforestation was defined as transitions from forest to non-forest land cover, while 
afforestation and reforestation correspond to transitions in the opposite direction. For 
regions lacking temporally explicit LUC datasets (e.g., parts of the Russian boreal zone; Table 
3-2), we reconstructed LUC transitions using a combination of global forest loss and gain 
datasets and thematic land-use products. Forest loss after 2000 was identified using the 
Landsat-based global forest cover loss dataset of Hansen et al. (2013), while forest loss during 
1990–2000 was derived from Townshend et al. (2017). To distinguish permanent 
deforestation from temporary canopy disturbances, we overlaid forest loss pixels with 2020 
cropland (Potapov et al. 2022), pasture (Parente et al. 2024), and oil palm (Descals et al. 2024) 
maps. Pixels that transitioned from forest to these land-use classes were classified as 
deforested and assumed to represent permanent land conversion. We adopted this because 
agricultural expansion (cropland, livestock grazing, and oil palm plantations) accounts for 
approximately 90% of global deforestation (FAO, 2022). Future refinements could further 
distinguish broad land-cover conversions, such as forest-to-cropland, forest-to-pasture, or 
forest-to-urban transitions, from vegetation-structure modifications in which land remains 
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 vegetated but shifts from woody to herbaceous or shrub-dominated cover. Afforestation and 
reforestation were identified using global tree cover gain products (Hansen et al., 2013; 
Townshend et al., 2017), restricted to areas previously classified as non-forest.   

Table 3-2. Data sources used to delineate forest land-use change and extent in 2020 

Region Forest in 2020 Forest land-use change Time period Data source Reference 

Canada Coniferous 
Broad Leaf 
Mixedwood 

Conversion between 
Forest and other Non-
Forest classes 

1984-2020 Annual forest land 
cover maps for 
Canada's forested 
ecosystems 

(Hermosilla et al. 
2018) 

Europe Stable Forest 
mask 
From EFDA 

Conversion between 
Forest and other Non-
Forest classes 

1990,2000, 
2012,2018, 
2022 

European Forest  
Disturbance Atlas 
(EFDA) 
CORINE Land Cover 
dataset (1990, 2000, 
2006, 2012, 2018, 
2022) 

(Viana-Soto and 
Senf 2025) 
 
CORINE Land 
Cover, 2025 

US  Forest in 2020  Conversion between 
Forest and other Non-
Forest classes 

1985-2021 Landscape Change 
Monitoring System 
(LCCMS) (Land cover 
layer) 

USDA Forest 
Service (2025) 
 

China Forest in 2020 Conversion between 
Forest and other Non-
Forest classes 

1985-2023 China land cover 
dataset (CLCD) 

(Yang and Huang 
2021) 

Tropics 
  

Humid: 
Undisturbed 
forests/regrowt
h/degraded 
forests in 2020 
Dry: tree 
cover >25% in 
2020  

Humid: Conversion 
between all types of forest 
(Undisturbed/regrowth/de
graded forests) and other 
non-forest land cover 
Dry: Tree cover loss from 
2000-2020, tree cover gain 
2000-2012 

1990-2024 Tropical Moist  
Forest (TMF) 
Tree cover, tree cover 
loss, and tree cover 
gain from Global 
Forest Watch (GFW) 

 
Vancutsem et al., 
(2021) 
Hansen et al. 
(2013) 
 

Australia 
  

Forest  
Tree 
cover >20%.  

Forest to other land cover 
(Deforestation) 
Other land cover to Forest 
(Afforestation) 

1988-2023 National Forest and 
Sparse  
Woody Vegetation 
Data 
 

Department of 
Climate Change, 
Energy, and the 
Environment 
and Water (2023) 

Other 
boreal/ 
Other 

Tree 
cover >25% in 
2020  

Tree cover loss: 2000-
2020,  
tree cover gain 2000-2012 
1990-2000: Conversion 
between Forest and Non-
Forest classes. 
Cropland, oil palm, and 
pasture in 2020 as 
ancillary datasets to 
determine permanent tree 
cover loss as deforestation 

2000-2020 
1990,2000  

Tree cover, tree cover 
loss, and tree cover 
gain from GFW 
Forest cover change 
from Global Forest 
Cover Change – 30 m 
Forest Cover Change. 
Forest cover change 
layer (1990, 2000, 
2005) 

Hansen et al. 
(2013) 
Townshend et al. 
(2017) 
Patapov et al. 
(2022) 
Descals et al. 
(2024) 
Parente et al. 
(2024) 
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In cases where disturbance and deforestation overlapped spatially, pixels were assigned to the 
disturbance category. This prioritization reflects the fact that disturbance datasets explicitly 
track biomass loss within forests without land-use conversion, whereas deforestation is inferred 
from land-cover transitions, and helps avoid double-counting of emissions. Exceptions apply in 
the TMF domain (Vancutsem et al., 2021) and in Australia, where datasets explicitly distinguish 
or allow inference between deforestation without recovery and disturbances followed by 
regrowth. 

All disturbances, land-use transitions, and associated carbon fluxes were subsequently 
aggregated at the biome level using the ecoregion classification of Olson et al. (2001), which 
partitions global forests into tropical, temperate, and boreal biomes, with remaining areas 
grouped as “other”. The spatial extent of disturbance datasets and biome distribution are 
illustrated in Figure 3-1a. 

 
3.2.2 Reconstructing post-disturbance biomass recovery 

Post-disturbance biomass recovery was reconstructed by linking forest age (i.e., time since the 
most recent disturbance) derived from harmonized disturbance histories with a spatially 
consistent biomass baseline, following a space-for-time substitution approach (Xu et al., 2026). 
The procedure consisted of three main components: (i) Identification of forest age, (ii) 
construction of the biomass baseline, and (iii) fitting of recovery trajectories. 

Forest age estimation. Forest age in 2020 was defined at 30 m resolution as the number of years 
elapsed since the most recent disturbance event within each pixel. When multiple disturbances 
occurred, only the latest event was considered. For example, if disturbances occurred in 2000 
and 2005, the latter was used as the reference, yielding an age of 16 years in 2020. Recovery 
was assumed to begin in the year following disturbance. 

Biomass baseline construction. The baseline biomass map was assembled by combining 
regional high-resolution datasets with a global product for areas lacking regional coverage. 
Regional AGB maps at 30 m resolution were used for Europe (Liu et al., 2023) and boreal forests 
(Varvia et al., 2024), both referenced to 2020, and for Australia (Liao et al., 2020), which 
represents conditions around 2010. In Australia, the regional dataset was preferred over the CCI 
Biomass product due to its improved representation of sparse woody vegetation. To ensure 
temporal consistency, forest age and recovery trajectories in Australia were aligned with the 
2010 biomass reference year. For all other regions, the ESA CCI v5 Biomass product for 2020 
(Santoro et al., 2024; 100 m resolution) was used and resampled to 30 m using nearest-neighbor 
interpolation. This approach ensures spatial consistency while retaining higher-resolution 
regional information where available. 

Recovery curve fitting. Relationships between above-ground carbon (AGC; derived from AGB 
using a carbon fraction of 0.5) and forest age were established using a space-for-time approach 
(Heinrich et al., 2023). Biomass maps were overlaid with forest age layers to extract AGC–age 
pairs within each 1° grid cell. Median AGC values were calculated for each age class to reduce 
the influence of outliers (Xu et al., 2026). Because Landsat-based disturbance records begin 
around 1985–1990, observed stand ages are limited to roughly three decades. To better 
constrain long-term recovery, additional AGC–age information from National Forest Inventory 
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 data (Besnard et al., 2021) was incorporated. To avoid over-weighting inventory observations 
and to balance contributions from different age classes, data for ages exceeding 50 years were 
grouped into 50-year bins, and median AGC values were used for curve fitting. 

Recovery trajectories were fitted for each 1° × 1° grid cell using a Chapman–Richards function,  

RC(t) = AGCmax×(1-e-bt)c+d                                                                                                    (1) 

where t denotes time since disturbance, AGCmax represents the asymptotic biomass level, b 
and c control the rate and shape of recovery, and d represents residual biomass immediately 
after disturbance. Separate curves were fitted for fire and non-fire disturbances. The asymptotic 
biomass AGCmax was constrained using the 85th percentile of AGC within each grid cell, 
approximating mature forest conditions (Xu et al., 2026). To account for uncertainty in recovery 
potential, the 75th and 95th percentiles were used to define lower and upper bounds, 
representing structural uncertainty rather than parameter estimation uncertainty. 

For afforestation and reforestation, recovery curves were fitted without distinguishing 
disturbance type. This choice reflects the uneven spatial distribution and limited age coverage 
of disturbance-specific observations, which would otherwise lead to unstable parameter 
estimates. A unified growth trajectory was therefore applied to ensure spatial consistency. In 
grid cells where recovery curves could not be reliably estimated due to insufficient observations, 
trajectories were inferred from neighboring grid cells within the same biome. 

Validating the recovery curves. The derived recovery trajectories were evaluated using 
independent field-based observations compiled from the literature (Cook-Patton et al., 2020; 
Poorter et al., 2016; Besnard et al., 2021). The validation dataset comprised 2,288 sites and 
49,644 measurements spanning multiple age classes, with contributions of approximately 2%, 
76%, 0.3%, and 22% from tropical, temperate, boreal, and other biomes, respectively. As most 
field observations describe stand development rather than recovery following explicitly mapped 
disturbance events, modeled above-ground carbon (AGC) values were compared with observed 
AGC without separating disturbance types, using corresponding grid cells and age classes. 
Overall, the modeled AGC trajectories show good agreement with site-level observations across 
biomes (Figure 3-2), although larger deviations are evident in older stands within humid tropical 
regions. 

To assess the representation of early-stage regrowth, biomass accumulation rates during the 
first 30 years following disturbance were compared with two independent global datasets of 
young forest regeneration (Cook-Patton et al., 2020; Robinson et al., 2025), both derived from 
machine-learning approaches trained on field measurements. The recovery rates estimated 
from our spatially explicit curves fall within the range reported by these independent products 
(Figure 3-3), supporting the robustness of the modeled early recovery dynamics. 
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Figure 0-2. Performance of the recovery curves. AGB estimated from the recovery curves is compared 
with site-level AGB at corresponding ages and locations. AGB values are binned into 5-year forest-age 
intervals from 0–40 years and 10-year intervals for ages greater than 40 years for each forest biome. 

Dots represent mean AGB values from site-measured and modeled data derived from recovery curves. 
Error bars indicate the standard deviation. 

 

Figure 0-3. Comparison of AGC accumulation rates during the first 0-30 years after regrowth with 
estimates from naturally regenerating forests reported by Cook-Patton et al. (2020) and Robinson et al. 

(2025). Regions shown correspond to those defined in Figure 3-1b. 
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3.2.3 Modeling forest carbon dynamics using a spatially explicit bookkeeping model  

By integrating Landsat-based forest disturbance history, forest land-use change transitions, and 
gridded recovery curves, we estimated AGC changes across global forests from 1990 to 2020 
using a data-driven, spatially explicit bookkeeping model. 

Carbon gains and losses from forest disturbances. For each disturbance event followed by 
forest recovery, post-disturbance biomass gains were determined by reading the recovery 
curves at the corresponding grid and the elapsed time between successive disturbance events. 
The recovery curves for fire and other non-fire disturbances were applied for each type of 
disturbance event.  

For the other non-fire disturbances, AGC loss was calculated as the difference between pre-
disturbance AGC and the remaining living biomass after disturbance [AGCloss_NonFire=AGCpre-
AGCremain]. For pixels with prior disturbances, pre-disturbance AGC was inferred from the 
recovery curve using the time since the previous disturbance. For pixels experiencing their first 
recorded disturbance, pre-disturbance AGC was approximated by the mean AGC of the N 
surrounding undisturbed forest pixels (N = 10). The remaining biomass was computed as pre-
disturbance AGC multiplied by the remaining biomass fraction, defined as 
[fractionremain=d/AGCmax], where AGCmax and d are the maximum biomass and intercept of 
the corresponding recovery curve. 

Following each fire disturbance, excluding the remaining biomass surviving from the fire, not all 
the forest biomass supposed to be combusted is instantaneously combusted and emitted to the 
atmosphere at the time of burning. A fraction of the uncombusted biomass is converted into 
necromass (i.e.,  fire-formed coarse woody debris, CWD), which releases carbon gradually to the 
atmosphere through decomposition. We therefore applied a global combustion completeness 
from Van Wees et al. (2022) at 500m resolution to distinguish between instantaneous burning 
emissions and carbon transferred to the CWD. The legacy emissions from CWD decomposition 
were represented using an exponential decay function (Harmon et al., 2021). The decay rates 
were derived from a global synthesis (Zanne et al., 2021) and spatially allocated using nearest-
neighbor interpolation. During CWD decomposition, only partial C is released to the atmosphere. 
To account for this, we applied a ratio of carbon use efficiency, which partitions C transferring 
from litter into the soil in the calculation, following the parameterization from the Century 
model. 

Carbon changes from forest land-use change. Carbon gains for afforested or reforested 
pixels were estimated using growth curves (derived from combined fire and non-fire 
disturbances) at the corresponding grid cell and the duration of regrowth before any subsequent 
disturbance or land-use change. Conversely, carbon losses from deforested pixels were 
quantified based on the pre-deforestation AGC. This initial AGC was determined by the previous 
recovery or growth trajectory if the pixel had a history of disturbance or conversion. In the 
absence of prior changes, we used the mean AGC of surrounding undisturbed forest pixels. 

Carbon gains from forests without mapped disturbances. To assess carbon gains in 
remaining undisturbed forests, we delineated their extent by excluding pixels with recorded 
disturbances or land-use changes from the 2020 forest baseline. This baseline was compiled 
from regional land cover products and global tree cover datasets (Table 3-2). For each 
undisturbed pixel, we extracted AGC values from the 2020 baseline biomass map and estimated 
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 forest age using a backcasting approach. This involved inverting the biomass recovery curves 
fitted for the corresponding 1° × 1° grid cell. We then estimated AGC accumulation from 1985 
to 2020 by calculating the difference in biomass between the inferred forest ages in 2020 and 
1985 [Gainundist=AGCage=2020−AGCage=1985]. 

This approach assumes that forests free of detected disturbances since 1985 may still be 
recovering from pre-1985 events and follow the same recovery trajectories of recently disturbed 
forests. However, uncertainties arise regarding whether these older undisturbed forests strictly 
follow these recent disturbance trajectories and whether the backcasting approach accurately 
predicts forest age. We therefore conducted two sensitivity tests. First, we evaluated carbon 
gains in tropical forests using inventory-based forest regeneration curves (Poorter et al., 2016; 
Cook-Patton et al., 2020). Second, we substituted our backcasted ages with an alternative global 
forest age map at 100 m resolution (Besnard et al., 2025) while using our satellite-derived 
recovery curves. Estimates based on inventory curves and satellite-derived curves yielded 
comparable carbon gains for undisturbed tropical forests (20 vs. 25 Pg C). Similarly, the 
backcasting approach and the global forest age map produced consistent total carbon gains for 
undisturbed forests (35 vs. 40 Pg C) over the study period. 

3.3 Fire dominates disturbance-driven forest carbon losses 

We first quantified gross above-ground carbon (AGC) losses from forest disturbances within 
forests remaining forests, excluding emissions associated with deforestation and afforestation. 
Fire-related losses include both immediate emissions from combustion and delayed emissions 
from the decomposition of fire-generated dead biomass (e.g., coarse woody debris; Methods). 

During 1990–2020, fires were the dominant source of disturbance-related forest carbon losses 
globally, accounting for 57% (15.2 PgC) of total losses, whereas non-fire disturbances (e.g., 
logging, insects) contributed 11.3 PgC (Figure 3-4a). This dominance of fire is particularly evident 
in boreal and tropical forests, where it explains 55% (1.0 PgC) and 66% (~13.5 PgC) of total 
disturbance-driven losses, respectively. In contrast, temperate forests exhibit a markedly 
different disturbance regime, with non-fire processes accounting for 91% of total carbon losses 
(Figure 3-4b). 

At the regional scale, while African dry tropical forests dominate in terms of cumulative fire-
related losses, the highest loss intensities (i.e., carbon loss per unit burned area) occur in carbon-
dense humid forests, such as those in the Amazon, Borneo, and northeastern Australia (Figure 
3-3c). In contrast, hotspots of non-fire disturbance-related losses are located in the central 
Congo Basin, southern Canada, and central Europe (Figure 3-4d), reflecting regions with 
frequent harvesting and other non-fire disturbance processes, including shifting cultivation in 
parts of the Congo Basin (Molinario et al., 2017). 
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Figure 0-4. Gross carbon losses from non-deforestation forest disturbances (1990–2020). (a, b) 

Cumulative above-ground carbon (AGC) losses and relative contributions of fire and non-fire 
disturbances across biomes (see also Figure S4). Values are aggregated over 1990–2020 (PgC), with 

fractions indicating the proportional contribution of each disturbance type. (c, d) Spatial distribution of 
mean annual gross carbon losses (Mg C ha⁻¹ yr⁻¹) associated with fire (c) and non-fire (d) disturbances 
over the 30-year period. In regions lacking regional disturbance datasets (e.g., boreal Asia), non-fire 
disturbances are not quantified; in these areas, fire-related losses are derived solely from a global 

burned-area product (Methods). 

 
3.4 Trends in gross fire carbon losses are primarily driven by carbon loss intensity  

We analyzed temporal changes in disturbance-related carbon losses, disturbed area, and carbon 
loss per unit area over the period 2000–2020. This time window was selected due to limitations 
in Landsat-based disturbance observations prior to 2000, including gaps in burned-area records 
during the 1990s in tropical and Russian boreal regions. 

In boreal forests, annual fire-related carbon losses show a significant increase over 2000–2020. 
This trend is primarily driven by rising carbon loss per unit burned area (hereafter referred to as 
loss intensity), while total burned area does not exhibit a significant trend at the biome scale 
(Figure 3-5a). Loss intensity increased by approximately 5.2 Mg C ha⁻¹ over this period, indicating 
that fires are increasingly affecting carbon-dense forests and/or becoming more severe. This 
pattern is consistent with previous studies reporting increasing fire emissions despite stable or 
declining burned areas (Zheng et al., 2023; Jones et al., 2024). In contrast, tropical forests show 
a decline in fire-related gross AGC losses over the same period (Figure 3-5c). This decrease is 
associated with a reduction in loss intensity (−2.1 Mg C ha⁻¹ over 2000–2020), while burned area 
remains statistically unchanged. The simultaneous decline in both total fire losses and loss 
intensity is consistent with increasing fire recurrence, particularly in dry tropical regions (Xu et 
al., 2026; Armenteras et al., 2021), which reduces available fuel loads and limits biomass loss in 
subsequent fires (Saito et al., 2014). Fire-related losses in temperate forests remain 
comparatively low and show no significant temporal trend. 
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 For non-fire disturbances, gross carbon losses exhibit an overall declining trend across biomes 
since 2000, despite episodic peaks in specific years (e.g., 2015 in tropical regions and 2020 in 
temperate regions; Figure 3-5). Unlike fire-driven losses, these trends are primarily explained by 
reductions in disturbed area, particularly in tropical and temperate forests, while loss intensity 
shows an increasing tendency. Boreal non-fire trends are not analyzed in detail due to limited 
data coverage, especially the lack of consistent disturbance records in Russia. The observed 
increase in loss intensity suggests that non-fire disturbances are increasingly affecting higher-
biomass forests, implying a shift toward more carbon-intensive disturbances that is not captured 
by changes in area alone. This pattern is consistent with the strong influence of human activities 
and likely reflects changes in disturbance location, intensity, and management practices rather 
than a reduction in disturbance pressure. 

 
Figure 0-5. Temporal trends in disturbance-related carbon losses, disturbed area, and loss intensity 

across biomes (2000–2020). (a–c) Annual gross above-ground carbon (AGC) losses from fire (orange) and 
non-fire (blue) disturbances. (d–f) Disturbed area associated with fire and non-fire events. (g–i) Carbon 

loss per unit burned/disturbed area (loss intensity). Panels are organized by biome: boreal (a, d, g), 
temperate (b, e, h), and tropical (c, f, i). Solid lines denote statistically significant linear trends (P < 0.05), 

with slopes indicated, while dashed lines represent non-significant trends. 

 

3.5 Post-fire recovery offsets most fire-related carbon losses 

By combining disturbance records with our gridded post-disturbance recovery curves (Methods), 
we estimated biomass recovery following disturbances and the resulting net carbon impact from 
fire and non-fire disturbances. Across global forests, biomass regrowth following fires since 1990 
contributed 14.2 PgC of cumulative carbon gains, offsetting approximately 93% of cumulative 
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 fire-related carbon emissions by 2020 (Figure 3-6). The higher recovery rates are observed in 
regions such as continental Europe, southeastern Canada, the northwestern Amazon, and 
northern Australia (Figure 3-6c), indicating strong spatial variability in recovery rate. 

 
Figure 0-6. Carbon losses from fire and post-fire biomass recovery in forests affected by fires during 

1990–2020. (a) Cumulative above-ground carbon (AGC) emissions from fire and corresponding post-fire 
biomass recovery gains over 1990–2020. Black points with error bars indicate the resulting net AGC 

change and associated standard errors. (b) Contribution of legacy effects to post-fire recovery by biome, 
showing the relative share (%) of biomass gains during 2005–2020 attributable to fires occurring in 

1990–2005 (“older fires”) and 2005–2020 (“recent fires”). (c) Spatial distribution of post-fire biomass 
recovery, expressed as mean annual carbon gain per unit area (Mg C ha⁻¹ yr⁻¹) averaged over 1990–
2020. (d) Spatial distribution of net fire-related forest biomass carbon change (Mg C ha⁻¹ yr⁻¹) over 

1990–2020, calculated as the balance between fire-induced carbon losses and post-fire recovery gains. 

Post-fire recovery reflects not only recent disturbances but also the legacy of past fire events. 
Forests burned during 1990–2005 (hereafter “older fires”) contribute 36% (3.2 PgC) of the 
recovery observed during 2005–2020, with the remaining share attributed to more recent fires 
(2005–2020) (Figure 3-6b). The relative contribution of these cohorts varies across biomes. In 
boreal forests, slower regrowth leads to a larger contribution from older fires (51%), whereas in 
tropical forests, faster recovery results in a greater contribution from recent fires (67%) to total 
post-fire carbon gains (Figure 3-6b). 

When post-fire recovery is taken into account, the gross fire-related carbon loss of 15.2 PgC over 
1990–2020 is reduced to a net loss of 1.0 PgC. Spatially, fire-affected boreal forests since 1990 
function as a modest net carbon sink, despite increasing fire emissions in recent years, because 
ongoing recovery from earlier disturbances continues to offset recent losses. In contrast, 
tropical forests remain a net carbon source, as cumulative fire-induced losses still exceed 
recovery gains, even though fire emissions have declined (Figures 3-4 and 3-5d). These results 
highlight that the net carbon effect of fire is governed by the balance between immediate 
disturbance-driven losses and recovery processes that integrate both recent and legacy 
disturbances. 
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 3.6 Fire contributes substantially to the full forest carbon budget 

By integrating carbon fluxes from fire and non-fire disturbances, land-use change (deforestation 
and afforestation), and growth in forests without recorded disturbances since 1990 (Methods), 
we constructed a full above-ground carbon (AGC) budget for global forests over 1990–2020 
(Figure 3-7). The estimated cumulative carbon loss from deforestation (18 PgC) is consistent with 
bookkeeping model estimates (19 PgC) (Figures 3-8), with the largest losses occurring in tropical 
regions . 

 
Figure 0-7. Spatial and temporal dynamics of forest carbon balance (1990–2020). (a–c) Temporal 

evolution of above-ground carbon (AGC) fluxes by biome. Bars represent annual carbon losses and gains 
from fire and non-fire disturbances, deforestation, afforestation, and growth in undisturbed forests. 

Black lines indicate the net AGC balance, calculated as the sum of all flux components. Panels 
correspond to boreal (a), temperate (b), and tropical (c) forests. (d) Spatial distribution of mean annual 

net AGC change (Mg C ha⁻¹ yr⁻¹) over 1990–2020, integrating carbon losses from disturbances and 
deforestation with gains from post-disturbance recovery, growth in undisturbed forests, and 

afforestation. 

 



© Aberystwyth University and GAMMA Remote Sensing, 2018 
This document is the property of the CCI-Biomass partnership, no part of it shall be reproduced or transmitted without the 

express prior written authorization of Aberystwyth University and Gamma Remote Sensing AG. 

 

 

 Ref CCI Biomass Climate Assessment Report v3  

Issue Page Date 
7.0 38 25.05.2025 

 

 

Figure 0-8. Country-level comparison of deforestation-related AGC losses between this study and the 
BLUE bookkeeping model for 2000–2020 across (a) tropical, (b) temperate, and (c) boreal regions. The 

dashed line represents the 1:1 line. 

At the global scale, forests exhibited a near-neutral above-ground carbon (AGC) balance over 
the study period. , with gross losses of 44.5 PgC nearly offset by gross gains of 44.2 PgC, resulting 
in a small net loss of 0.4 PgC. This finding is consistent with recent large-scale assessments based 
on inventory and remote sensing data (Bar-On et al., 2025; Randerson et al., 2025). 

Within this full budget, fire represents a major component of forest carbon fluxes, contributing 
34% of cumulative losses and 32% of cumulative gains globally. However, its net impact varies 
markedly across biomes. Boreal and temperate forests function as net carbon sinks, with 
cumulative gains of 3.4 PgC and 6.6 PgC, respectively. In boreal regions, fire contributes 
positively to the net carbon balance (25% of net gains), driven by sustained post-fire recovery. 
In contrast, fire has a negligible net effect in temperate forests (−1%), where non-fire 
disturbances dominate the carbon fluxes. 

Tropical forests, by contrast, act as a net carbon source (−11 PgC) over 1990–2020. Although fire 
contributes substantially to both gross losses (38%) and gains (47%), rapid recovery limits its net 
contribution to 17% of total carbon losses. Instead, deforestation (−14.8 PgC) remains the 
dominant driver of carbon change in the tropics, followed by non-fire disturbances (−7.0 PgC). 
For consistency with regional studies, non-fire degradation processes in the tropics are included 
within the non-fire disturbance category. 

More broadly, the substantial contribution of fire to both gross losses and recovery gains 
indicates that shifts in fire behaviour could strongly affect the future forest carbon budget. This 
is particularly relevant given recent evidence that forest fire carbon emissions have increased 
markedly since 2001, with the strongest increases occurring in extratropical forests, especially 
boreal North America and Eurasia (Jones et al., 2024). 

3.7 Conclusion 
By harmonizing the global disturbance history from multiple regional datasets, we estimate forest 
carbon losses and recovery associated with fire and non-fire disturbances across global forests from 
1990 to 2020, using a spatially explicit bookkeeping model integrated with a global set of gridded 
biomass recovery curves. We show that fire dominates disturbance-driven forest AGC losses 
globally, accounting for 55% and 66% of gross losses in boreal and tropical forests, while non-fire 
disturbances (91%) dominate losses in temperate forests. Since 2000, increasing fire-related carbon 
losses in boreal forests are driven primarily by rising carbon loss per unit area rather than by 
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 increasing burned area. In contrast, declining carbon losses in tropical forests are associated with 
reduced biomass loss density, consistent with increasing fire recurrence and progressively limited 
available fuel loads. Biomass recovery following fires sequestered 14.2 PgC since 1990, which has 
offset 93% of fire-related carbon losses (15.2 PgC). When placed in the context of the full global 
forest carbon budget, including forest land-use change and growth of forests that did not 
experience disturbances since 1990, we show that fire-related losses and recovery account for one-
third of total forest carbon changes. However, our analysis focuses on AGC, it does not include fire 
emissions from soil combustion or below-ground biomass (BGB), and therefore may underestimate 
the full carbon impact of fire. Our findings reveal the under-represented role of fire in current 
modelling and inventory frameworks, and highlight the importance of preventing high-severity fires 
in carbon-rich forests as well as enhancing post-fire recovery in regions with high capacity. 
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