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Abstract. Forests play a central role in the global carbon cycle by serving as critical carbon sinks for atmo-
spheric CO». Yet, the stability and continued capacity of these sinks are increasingly threatened by a growing
number, size, and severity of disturbances. Accurately representing the stochastic nature of disturbance remains
a major challenge and a key source of uncertainty in our understanding of carbon cycle dynamics. This study
presents a novel framework for deriving disturbance regimes characterized by disturbance rate (1), gap-size dis-
tribution (&), disturbance severity (8), as well as background mortality (Ky,) directly from landscape features
of high-resolution satellite biomass data. These regimes reflect the characteristics of long-term disturbances at
the landscape scale rather than the properties of any single event. Our analysis inverts the model framework
developed by Wang et al. (2024), which used a machine learning model trained on a massive synthetic dataset
of over 8 million forward model simulations to link known disturbance regimes to spatial biomass patterns.
Instead of predicting patterns from regimes, we use observed satellite biomass patterns to infer the underlying
disturbance regimes. To ensure robustness, we first identified the optimal spatial resolution for aggregating both
simulation and satellite data, minimizing discrepancies in feature value ranges and reducing extrapolation risk.
Using this framework, we produced the first globally continuous, observationally constrained dataset of forest
disturbance regime parameters and their associated uncertainties, provided at both a 25 x 25 km tile level and
as a gridded 0.25° global product. Additionally, we used a Dissimilarity Index (DIK) to quantify prediction un-
certainty and identify potential extrapolation by measuring the divergence of observations from the training set.
An empirical evaluation comparing paired forest landscapes with contrasting extremes in their predicted distur-
bance parameters support the methodology and assumptions used to build the dataset. The datasets are available
at https://doi.org/10.17617/3. EFAQGR (Wang et al., 2026). Our global maps of disturbance regimes provide a
novel, process-based tool for investigating the coupled dynamics of disturbance, vegetation, and the carbon cycle,
with potential applications for improving the representation of stochastic disturbances in large-scale ecosystem
models.

Published by Copernicus Publications.
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1 Introduction

Global forests serve as significant carbon sinks, playing a vi-
tal role in mitigating climate change through sequestering at-
mospheric carbon dioxide derived from anthropogenic fos-
sil fuel burning and land use change (Reichstein and Car-
valhais, 2019). The mean carbon sink attributed to forests
has remained steady at around 3.6 Pg C yr~! since the 1990s,
surpassing the ocean sink at around 2.3 Pg C yr~! (Friedling-
stein et al., 2022; Pan et al., 2024). However, the persis-
tence of this sink is increasingly threatened by a wide array
of natural and anthropogenic disturbances, including fires,
droughts, insect outbreaks, windthrow, and land use change
(Kulakowski et al., 2017; Wohlgemuth et al., 2022). The fre-
quency, temporal duration, and spatial extent of these dis-
turbances remain highly unknown. This leads to poor quan-
tification of the resulting large-scale tree damage as well as
mortality, and their effects on the carbon cycle are poorly
quantified (Senf and Seidl, 2021a, b), thus, being a primary
source of uncertainty in the projection of future carbon cycle
dynamics within Earth System Models (ESMs) (Friend et al.,
2014; Seidl et al., 2014). A key limitation of current ESMs
is their overly simplistic representation of forest disturbance
dynamics (Seidl et al., 2011; Wohlgemuth et al., 2022), or
in some cases their complete omission, due to limited under-
standing of the spatiotemporal regimes that dictate the long-
term impact of these events on forest carbon cycling dynam-
ics (Turner, 2010; Turner and Seidl, 2023).

In the context of this study, a forest disturbance is ex-
plicitly defined as any event, whether natural or anthro-
pogenic, that results in a measurable reduction in above-
ground biomass (AGB), thereby leaving a structural spatial
signature on the forest landscape. Consequently, forest dis-
turbance regimes describe the long-term spatial and temporal
patterns of these biomass-reducing mortality events within a
landscape, encompassing varied natural and anthropogenic
processes that result in a significant loss of aboveground
biomass. Efforts to characterize these regimes from Earth
Observation (EO) product have largely followed two distinct
approaches. The individual event-detection method applies a
continuous change detection algorithm to the time series of
satellite imagery to identify and map individual disturbance
events (Kennedy et al., 2010; Senf and Seidl, 2021a, b). This
approach provides a detailed historical record of disturbances
and benefits from a growing diversity of data sources, includ-
ing optical, microwave (radar), and laser-based (light detec-
tion and ranging, viz. LIDAR) data. This method heavily re-
lied on good-quality and continuous time series that were of-
ten lacking owing to the limitations of satellite-based obser-
vations (Fisher et al., 2008; Chambers et al., 2013). This is
especially true for high-spatial-resolution data, which have
only become available relatively recently and cover short
temporal period. Therefore, this method was not suitable to
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derive regime parameters that reflect disturbance dynamics
over past decades (Turner, 2010).

In contrast, the second approach infers disturbance
regimes from landscape-scale characteristics, building on
the ecological assumption that the spatial variation of for-
est biomass is the long-term integral of primary productivity,
background mortality, and the occurrence of episodic distur-
bance in space (Williams et al., 2013). This approach uses
ecosystem models to inversely estimate disturbance param-
eters (such as disturbance rate, size distribution, and sever-
ity) that synthesize historical disturbance dynamics. A key
limitation, however, is that different combinations of distur-
bances (e.g., long duration and weak drought vs. rapid se-
vere heatwave) can result in similar landscape patterns, re-
ducing the ability of identifying different DRPs. This lim-
itation to identifiability, or equifinality, is more likely to
occur when using univariate, or single feature approaches,
or when relying on coarse-resolution data (Delbart et al.,
2010; Williams et al., 2013). The recent proliferation of glob-
ally available, high-resolution satellite biomass products now
provides the critical observational foundation to test and ap-
ply this pattern-based framework at a global scale (Quegan
etal., 2019; Le Toan et al., 2018; Reichstein and Carvalhais,
2019).

The primary objective of this study is to globally map four
key forest Disturbance Regime Parameters (DRPs): (1) dis-
turbance rate (i [% yr~ 11; the mean annual fractional area af-
fected), (2) gap-size distribution (« [—]; the scaling governing
the spatial clustering of disturbance patch sizes; Fisher et al.,
2008), (3) disturbance severity (8 [—]; the scaling slope gov-
erning the size-dependent fraction of biomass lost; Chambers
et al., 2013), and (4) background mortality (Ky [yr_l]; the
continuous non-episodic carbon turnover). We achieved this
by inverting an adaptive forest disturbance framework, which
learnt how to infer long-term DRPs directly from the emer-
gent spatial patterns of satellite biomass data. The imple-
mentation of this framework proceeded in three main steps:
(1) expanding our previously established synthetic training
dataset (Wang et al., 2024) to comprehensively represent re-
alistic disturbance regimes by increasing parameter ranges
and shapes of disturbances, (2) identifying the optimal spa-
tial aggregation scale to bridge the scale mismatch between
simulations and EO product, explicitly reducing the risk of
model extrapolation, i.e., applying the model to spatial fea-
ture value ranges not covered by the synthetic training data,
and (3) applying a pre-trained machine learning model to de-
rive the global disturbance regime parameters, and evaluating
the out of domain-extrapolation-predictions via the Dissimi-
larity Index (DIK).

In the following sections, we provide further details on
this comprehensive framework: Sect. 2 describes the input
datasets and the multi-stage methodology, moving from the
forward modeling and observational data processing to the
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calibration of spatial aggregation scales, machine learning
prediction, and uncertainty quantification. Section 3 presents
the resulting data products in both their native tile-level and
gridded global formats. It also provides a comprehensive
evaluation of spatially explicit uncertainty, an assessment of
the product’s plausibility, and an in-depth discussion of the
limitations and sensitivities introduced by the satellite in-
put data. Ultimately, this dataset provides a novel, observa-
tionally constrained tool for improving the representation of
stochastic disturbances, with the potential to reduce a key un-
certainty in future carbon cycle projections.

2 Data and Methods

Our framework aims to derive long-term disturbance regimes
from a single, static realization of satellite forest biomass
(Fig. 1). This approach is grounded on the concept of gap
dynamics, i.e., at a sufficiently large landscape scale (e.g.,
25 x 25km in our case), a forest ecosystem is continuously
shaped by the interplay between carbon loss (disturbance
events and background mortality) and carbon gain (gross
primary productivity). Consequently, the landscape becomes
a mosaic of individual patches in various stages of suc-
cessional recovery (Watt, 1947; Bray, 1956; Bormann and
Likens, 1979; Shugart, 1984; Bonan, 2015). Therefore, the
spatial heterogeneity across the landscape acts as a substitute
for the temporal changes, capturing the region’s history of
disturbance and regrowth.

To quantitatively link these spatial biomass patterns to
their underlying disturbance regimes, we utilized a forward-
modeling approach (Wang et al., 2024), that generates the
AGB patterns resulting from the modelled dynamics of for-
est carbon coupled to a stochastic disturbance-events gen-
erator. We used an inverse modeling approach, based on
a Random Forest that determines from the emerging AGB
patterns and distributions. Inferring disturbance parameters
from static biomass maps is challenging because differ-
ent disturbance combinations produce similar mean biomass
outcomes (Williams et al., 2013). Our framework overcomes
this by using second-order spatial texture features rather than
solely first-order statistics. For this study, we significantly
advanced our previous synthetic training library. By broad-
ening the parameterization ranges and incorporating a di-
versity of non-rectangular disturbance shapes, we scaled the
number of simulated regime parameter combinations from
0.85 million to over 8 million. Therefore, we generated a
massive training dataset that uniquely links specific distur-
bance regimes to their resulting spatial biomass patterns by
forward-simulation of millions of forest landscapes under di-
verse disturbance regime parameter combinations (Sect. S1
in the Supplement).

To distinguish among disturbance regimes, the frame-
work characterizes each observed satellite biomass map us-
ing first-order distribution statistics, Shannon entropy, and
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second-order texture metrics derived from a gray-level co-
occurrence matrix (GLCM). These features are complemen-
tary in characterizing the distribution and the spatial patterns
in the biomass maps. For instance, high GLCM homogene-
ity corresponds to large, even-aged stands created by infre-
quent, large-scale, stand-replacing disturbances. Conversely,
high spatial variance or GLCM contrast may be consistent
with a multi-aged, structurally complex forest shaped by fre-
quent, small-scale gap dynamics. The pre-trained model sub-
sequently integrates these observational spatial features with
realistic GPP products, which constrain the post-disturbance
growth and recovery rates, enabling a direct inversion of the
underlying DRPs.

2.1 Observational Datasets and Post-Processing

This analysis used three primary observational datasets to
derive predictive features: (1) the ESA GlobBiomass prod-
uct (Santoro et al., 2021), alongside subsequent ESA CCI
Biomass products (Santoro and Cartus, 2026), to characterize
fine-scale biomass spatial patterns; (2) the European Space
Agency Climate Change Initiative (ESA CCI) Land Cover
dataset (ESA, 2017), to provide a temporally dynamic and
consistent forest mask; and (3) the FLUXCOM-X GPP prod-
uct (Nelson et al., 2024), to represent landscape-level photo-
synthetic capacity. The specifics of each dataset and its sub-
sequent processing are detailed below.

2.1.1 Biomass observation

We selected the ESA GlobBiomass product dataset (Santoro
et al., 2021), as it provides a globally continuous, spatially
explicit map of above-ground biomass for the year 2010 at
a native resolution of approximately 25m at the equator.
The product was generated primarily from a fusion of Syn-
thetic Aperture Radar (SAR) backscatter observations, in-
cluding L-band data from ALOS PALSAR and C-band data
from ENVISAT ASAR. The retrieval algorithm first esti-
mates Growing Stock Volume (GSV) and subsequently con-
verts it to AGB using spatially explicit layers of wood density
and biomass expansion factors. The native 25 m map served
as the input to our processing workflow; however, the spatial
features used for the final inversion were calculated only after
10 x 10 block-mean aggregation to an effective resolution of
approximately 250 m, as described in Sect. 2.2. This aggre-
gation reduces the influence of pixel-scale retrieval noise and
aligns the feature distributions of the observed and simulated
biomass maps.

To transform the raw GlobBiomass map into a set of pre-
dictive features, we first established a global grid of non-
overlapping, true-to-area 25 x 25 km tiles, each representing
a landscape-scale analysis unit. The tiles were generated us-
ing geodetic calculations on the WGS84 ellipsoid, ensuring
that each tile represents a consistent surface area regardless
of latitude. For each tile, the corresponding 25 m resolution
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Figure 1. Conceptual workflow of the disturbance regime prediction framework. The framework is organized into four stages. (A) Forward
Modeling: A synthetic dataset is created by simulating how known disturbance regimes (i, @, B8, Kt,) produce unique biomass patterns.
(B) Observational Data Processing & Discrepancy Analysis: Global satellite biomass product is processed into standardized tiles, and the
discrepancy between the simulated and observed data is resolved using a spatial aggregation strategy. (C) Machine Learning Prediction: A
Random Forest model is trained on the aligned synthetic data and applied to the observed data to predict disturbance regimes. (D) Product
Generation & Evaluation: The tile-level and gridded global datasets are produced and then evaluated for uncertainty and plausibility.

AGB data were extracted and then reprojected to a local Az-
imuthal Equidistant (AEQD) projection to standardize its in-
ternal geometry. The crucial step involved a two-stage resam-
pling process to ensure accurate pixel alignment: (1) the data
was first resampled to a 1 m resolution using cubic interpola-
tion and (2) subsequently aggregated via pixel averaging to a
final, standardized 1000 x 1000 pixel grid at a 25 m resolu-
tion. A global forest cover mask was then applied to this stan-
dardized grid, assigning non-forest pixels with a NaN value
to isolate only forested areas for the analysis. Prior to sta-
tistical derivation, AGB values were converted from tons per
hectare (tha~") to grams per square meter (g m~2). From this
masked AGB grid. Following Wang et al. (2024), we used
this masked AGB grid to calculate a comprehensive suite of
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biomass spatial statistics (Table 1), including first-order dis-
tribution metrics, Shannon entropy, and second-order texture
metrics derived from GLCM. Detailed explanations for each
of these features can be found in Table S3 in the Supple-
ment. To avoid texture artifacts at forest-mask boundaries,
the GLCM was constructed exclusively from adjacent pairs
of valid forest pixels in four directions. Pixel pairs involving
non-forest or missing pixels were excluded. Instead of calcu-
lating across a standard rectangular grid, our method adjusts
to the irregular boundaries of the actual forest cover. This
guaranteed that we strictly measure the structure within con-
tinuous forest patches, avoiding the artificial edges and false
patterns that typically occur when the algorithm paired forest
pixels with non-forest gaps. For the final feature extraction at
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the selected aggregation scale, where each 25 x 25km tile
comprised a 100 x 100 pixel grid, GLCM texture features
were computed only for tiles containing at least 100 valid
forest pixels, corresponding to 1 % of the aggregated grid.
The resulting vector of 17 statistical features for each land-
scape formed the quantitative basis for the machine learning
models used to predict disturbance regimes.

To evaluate framework robustness across different
biomass products, we extended the biomass feature ex-
traction pipeline to two alternative datasets derived from
the 100 m native resolution ESA Climate Change Initiative
(CCI) Biomass product (Santoro and Cartus, 2026): (1) the
static CCI v7 baseline map representing the year 2010, and
(2) a temporal multi-year mean constructed from available
v7 epochs around this baseline period (spanning 2005 to
2011). To ensure exact geometric alignment with our estab-
lished landscape tiles, the native 100 m AGB data within each
25 km x 25 km landscape was reprojected and aggregated via
pixel averaging into a uniform 100 x 100 pixel grid (yielding
an effective spatial resolution of ~ 250 m). This standardized
resampling protocol improves the comparability of the de-
rived spatial distribution and GLCM texture statistics across
EO biomass products with different native resolutions and
temporal configurations.

2.1.2 Forest cover mask

The forest cover mask used in this study was derived from
the European Space Agency Climate Change Initiative (ESA
CCI) Land Cover dataset (1992-2015), which categorizes
land surfaces based on the UN-FAO Land Cover Classifica-
tion System (LCCS). The land cover layers were reprojected
and resampled to match the spatial extent and resolution of
each biomass landscape tile using nearest-neighbor interpo-
lation. We then identified pixels belonging to tree cover cate-
gories, specifically, LCCS codes 50-90, 160, and 170, which
encompass evergreen needleleaf, evergreen broadleaf, decid-
uous needleleaf, deciduous broadleaf, mixed, and flooded
forests. The identified pixels were used to generate a binary
forest mask, while excluding missing data. Crucially, this bi-
nary mask served two fundamental purposes in our frame-
work: first, to filter out entirely non-forest landscapes (retain-
ing only landscape tiles with a forest cover fraction greater
than 0); and second, to strictly isolate forest-covered pixels
within those retained landscapes, ensuring that the extraction
of spatial biomass statistics and the subsequent prediction of
disturbance regimes are computed exclusively using actual
forest biomass values.

To align with our modeling objectives, we implemented a
specific temporal matching strategy for the masks to corre-
spond with the timeline of each input biomass dataset. For
the static single-year baseline biomass analysis, we consis-
tently applied the fixed 2010 land cover layer to match the
2010 observation snapshot. In contrast, for the 2005-2011
annual biomass time series, we dynamically aligned the land
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cover mask with the corresponding year of the biomass ob-
servations (e.g., pairing the 2005 biomass data with the 2005
land cover layer) to accurately account for concurrent forest
transitions.

2.1.3 GPP dataset

We used the GPP product from the FLUXCOM-X (X-BASE)
dataset (Nelson et al., 2024) at a spatial resolution of 0.05° to
calculate landscape-level photosynthetic capacity. This data-
driven product is derived using in-situ eddy covariance mea-
surements and provides a reliable representation of spatial
variation in GPP. To mitigate the uncertainties introduced
by interannual climate variability, we calculated a multi-year
mean of GPP spanning the decade from 2001 to 2010, rather
than relying on a single year. Monthly GPP values were first
aggregated into annual sums and then averaged across the 10-
year period for each grid cell. For each forested landscape
tile, the multi-year mean GPP of all grid cells within the
bounding box was spatially averaged. This yielded a single
value per landscape, representing its long-term integrated an-
nual photosynthetic capacity (gC m~2 yr~!), which was sub-
sequently used as a key predictor in the machine learning
models to predict the four disturbance regime parameters. In
order to quantify how much a GPP estimate based on a single
year could change the spatial patterns of the different DRPs,
a comparison between the DRPs from the 2001-2010 mean
is contrasted with a prediction based on the GPP of 2010
(Fig. S9 in the Supplement).

2.2 Calibration of Spatial Aggregation Scale for
Model-Data Consistency

Prior to applying statistical features derived from EO
biomass product to the machine learning model, we eval-
uated the value ranges of features identified as highly im-
portant for predicting disturbance regimes, including GLCM
Correlation and Coefficient of Variation (Table S3). This step
was carried out to ensure these features fall within the range
encountered during model training, thereby minimizing ex-
trapolation risk. However, a substantial mismatch was ob-
served between the feature value ranges from the synthetic
forest regimes dataset generated by Wang et al. (2024) and
those computed from the actual EO biomass product (Sect.
S2.1). This discrepancy was particularly evident for GLCM
Correlation, which was in the range of [0-0.75], and [0.75-
0.98] for simulation and EO product, respectively (Fig. S1).
Moreover, expanding the parameter space and incorporating
non-rectangular disturbance shapes did not significantly re-
duce this divergence (Fig. S2). One other possible reason for
the discrepancy in the representation of spatial patterns seats
on the fact that the simulation framework treats each grid
cell as an independent unit, whereas the EO AGB product
exhibits spatial autocorrelation that may reflect both the ac-
tual spatial organization of forest biomass, associated with

Earth Syst. Sci. Data, 18, 5895-5913, 2026



5900

Table 1. Summary of the 16 spatial biomass statistical features.
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Feature Type Specific Feature Names

First-order Histogram Features

Mean, Median, Variance, Standard Deviation, Coefficient of Variation, Skewness, Kurtosis,

25th Percentile, 75th Percentile, Range, Trimean

Informative Feature Shannon Entropy

Second-order Texture Features

GLCM Contrast, Correlation, Energy, Homogeneity

factors such as topography, soil, hydrology, community com-
petition, and the spatially contagious spread of disturbances,
and the spatial dependence introduced by the AGB retrieval
and processing chain, including spatial filtering and resam-
pling (Santoro and Cartus, 2026). As such, spatial aggrega-
tion likely mitigates the simplicity of the approach used here
for generating disturbance events, which may fall short in
generating realistic spatial patterns by not resolving mecha-
nistically disturbance spread.

To overcome this discrepancy, we implemented a spatial
aggregation procedure for both simulated and observed data
to adjust the value ranges of selected features, including
the first-order Coefficient of Variation and the second-order
GLCM Correlation. This approach used a moving window
(kernel) to systematically aggregate the original 1000 x 1000
pixel biomass maps from both simulations and EO observa-
tions to coarser resolutions. By calculating the mean value
within the kernel (e.g., a 2 x 2 kernel aggregates four pixels
into one), this process smoothed the data and fundamentally
altered the texture statistics, and it applies a range of dis-
tinct aggregation scales to generate a suite of down-sampled
biomass maps and their corresponding features, allowing us
to find a common scale where the statistical domains of simu-
lation and observation align. Figure S4 shows that the diver-
gence between important features derived from simulation
and EO datasets reduced substantially at coarser scales, (ker-
nel size ranging from 5 to 40). We quantified this divergence
as weighted overlap ratio (WOR; see details in Sect. S2.2).

A primary concern regarding spatial aggregation for sim-
ulation data is the potential reduction in the accuracy of ma-
chine learning model prediction due to the loss of fine-scale
details. To evaluate this, we assessed whether model pre-
diction accuracy change across spatial aggregation scales.
We trained a series of Random Forest models on a syn-
thetic dataset aggregated to different scales using an iden-
tical cross-validation scheme with consistent train-test split.
The predictive accuracy of the machine learning model on
the test folds was quantified using the Nash-Sutcliffe Effi-
ciency (NSE) (Nash and Sutcliffe, 1970), where a value of 1
signifies perfect model-data correspondence (Moriasi et al.,
2007). The results show that predictive accuracy remained
high across a wide range of aggregation scales (Fig. 2), drop-
ping only when the kernel size was 40 (at very coarse spatial
resolution). In summary, a kernel size of 10 was selected as

Earth Syst. Sci. Data, 18, 5895-5913, 2026

the optimal balance between prediction accuracy (all NSE
values > 0.85 for 4 parameters, Fig. 2) and consistency be-
tween aggregated simulated and observed biomass features
(most of WOR values > 0.9; Sect. S2.3).

2.3 Machine Learning Prediction and Uncertainty
Quantification

The inversion of forest disturbance regimes was formulated
as a supervised regression task using the Random Forest al-
gorithm in Python (scikit-learn). As explanatory variables,
the models utilized 17 spatial-statistical metrics extracted
from biomass maps (including first-order statistics, Shan-
non entropy, and GLCM textures) alongside FLUXCOM-X
Gross Primary Production (GPP). The target variables were
the four DRPs. For this production run, the models were
trained on the entire synthetic dataset using all 17 features ag-
gregated to the optimal 100 m x 100 m scale (kernel size of
10). We employed a standard ensemble configuration com-
prising 100 decision trees grown without depth restrictions
and requiring a minimum of two samples to split an inter-
nal node. A fixed random seed was applied to guarantee re-
producibility, and the training leveraged parallel processing
across multi-CPU nodes on a high-performance computing
(HPC) cluster. Model generalizability was robustly evaluated
by performing a 10-fold cross-validation framework. The fi-
nal trained models from this specific run were then saved and
applied to the globally aggregated satellite biomass statistics
to generate the disturbance regime dataset presented in Sect.
3.

Although the spatial aggregation process has effectively
reduced the discrepancy between the training set based on
simulation and EO product, we further used the Dissimilar-
ity Index (DIK) from Meyer and Pebesma (2021) to quantify
the extrapolation-related uncertainty of each pixel-level pre-
diction of three disturbance regimes and background mor-
tality parameters. The DIK measures how different a pre-
diction sample is from the training data in the model’s fea-
ture space. DIK values below 1.0 suggest the landscape is
well-represented, whereas values significantly greater than
1.0 serve as a flag for potential extrapolation, indicating that
predictions for that landscape are less reliable because the
observed spatial patterns fall outside the theoretical training
domain. This analysis involved three key steps: (1) standard-

https://doi.org/10.5194/essd-18-5895-2026



S. Wang et al.: A global dataset of forest disturbance regimes

5901

Nash-Sutcliffe Efficiency (NSE)

5 2 1

Kernel Size (Pixels)

y=-0.000+ 1.002x

= ~0.003+ 1.097x
16 NSE=0.074

vors- Y,
0045 - NS =0.871

a

0 12 14 16 18

001 002 003 004 005 06 08 1
Predicted o

Predicted i

" y=-0002+ 0.979x
o NsE=0880

——ee—— o 0200

_ y=-0005+ 1.038x
0.175 - NSE =0.963

)25 | ! P RIS (]
0.0250.0500.075 0.1000.125 0,150 0.175 0.200
Predicted Kb

Figure 2. Model predictive performance across spatial aggregation scales. The main panel (a) displays the Nash-Sutcliffe Efficiency (NSE)
for predicting disturbance parameters using a 10-fold random cross-validation Random Forest model. The x-axis represents the aggregation
of kernel size, where a value of 1 corresponds to the original resolution, and coarser scales are to the left. Panel (b) shows density scatter plots
for the optimal aggregation scale (kernel size = 10) at the global level, comparing model predictions (x-axis) to the prescribed parameters
(y-axis). The color scale indicates the density of samples, with darker colors representing a higher concentration of points. The consistently
high NSE values across scales demonstrate that predictive power is maintained even at coarser resolutions.

izing each feature individually, (2) pre-calculating a baseline
average dissimilarity from the training data, and (3) comput-
ing the final DIK for each new prediction. The detailed theo-
retical formulation and scalable implementation are provided
in the Sect. S3.

3 The Dataset: Global Patterns of Forest
Disturbance Regimes

This section presents the two distinct, but related data prod-
ucts derived from our modelling framework: (1) a pri-
mary Tile-Level Dataset containing predictions for each
25 x 25km landscape and (2) a derivative 0.25° x 0.25°
Gridded Global Dataset for large-scale analysis and visual-
ization. This dual-product approach was motivated by the
need to serve two distinct purposes. The tile-level data pro-
vided the native, high-resolution detail required for in-depth,
local-scale investigation (Fig. 3), while the gridded prod-
uct was aggregated for large-scale analysis, visualization of
broad biogeographic patterns (Fig. 4), and integration with

https://doi.org/10.5194/essd-18-5895-2026

global ecosystem models. We first provide a comprehensive
description of the data product, including variables and tech-
nical specifications, to facilitate user understanding and ap-
plication. Subsequently, we detail the comprehensive, multi-
faceted evaluation undertaken to assess the dataset’s quality,
uncertainty, and plausibility.

3.1
3.1.1

Data Product Description
Tile-Level Disturbance Regime Dataset

The Tile-Level Disturbance Regime Dataset was the primary,
high-resolution output of our prediction workflow. It pro-
vides disturbance regime parameters for each of the individ-
ual 25 km x 25 km forested landscape tiles analyzed globally
(Fig. 3).

Dataset Variables: The dataset is provided as four sepa-
rate prediction files, one for each of the disturbance parame-
ters (u, , B, Ky). Each file contains the unique identifier, the
raw prediction from each of the 10 randomly cross-validation
folds (fold O to fold 9), the final ensemble mean prediction,

Earth Syst. Sci. Data, 18, 5895-5913, 2026
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Figure 3. Example of the Tile-Level Dataset for a region in the Amazon basin. The four panels show the spatial distribution of the mean
predicted (a) Disturbance Rate w, (b) Gap-size Distribution «, (¢) Disturbance Severity g, and (d) Background Mortality Ky,. Each colored
square represents a single 25 x 25 km landscape tile. The inset in each panel provides a magnified view of a 2.5° x 2.5° region, illustrating
the spatial arrangement of multiple 25 x 25 km tiles.
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Figure 4. Global patterns of predicted disturbance regime parameters. The four panels show the grided global maps of ensemble means for
(a) u, (b) , (¢) B, and (d) K}. Each parameter is displayed with a distinct color scale to highlight its unique spatial patterns.
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and the corresponding parameter-specific Dissimilarity In-
dex (e.g., DIK_mu). Key variables in the dataset include:

— Disturbance Rate (i [% yr_l]): the mean annual frac-
tional area affected, distinguishing between highly dis-
turbed and stable regimes.

— Gap-size Distribution (« [-]): the scaling exponent gov-
erning the spatial clustering of disturbance patch sizes,
distinguishing between regimes of many small events
versus few large events.

— Disturbance Severity (8 [-]): the scaling slope govern-
ing the size-dependent fraction of biomass lost, dis-
tinguishing between regimes of low-severity (e.g., par-
tial canopy thinning) and high-severity (e.g., stand-
replacing).

— Background Mortality (K, [yr~—']): the baseline mortal-
ity rate from non-episodic processes of carbon turnover,
such as natural decay and competition.

— Dissimilarity Index (DIK_{param}): the dissimilarity
(for a given landscape) in biomass statistics from the
training data domain for a specific parameter, which
was being predicted. This provides a direct measure of
model applicability uncertainty for each landscape tile.

Technical Specifications:

— Spatial Coverage: Global (90°N to 90°S), masked in
forested areas.

— Format: Comma-Separated Values (CSV).

— Spatial Representation: The dataset is structured in
a vector format, with each record representing a
25 x 25 km landscape tile. For compatibility, each tile
location was defined by a bounding box in standard ge-
ographic coordinates (WGS84). To ensure analytical ac-
curacy, the spatial statistics for each landscape tile were
calculated internally using a local AEQD projection.

— Uncertainty: The dataset provides two measures of un-
certainty for each landscape tile. First, the inclusion of
all 10-fold predictions allows users to quantify the un-
certainty of model ensemble by calculating the variance
across predictions. Second, the parameter-specific DIK
quantifies the models’ applicability uncertainty, indicat-
ing how similar the landscape is to the training data.

3.1.2 Gridded Global Disturbance Regime Dataset

This dataset provides continuous global maps of the distur-
bance regime parameters and multiple associated uncertainty
and variability layers, created by re-gridding the tile-level
data onto a regular 0.25° grid. This was due to the fact that the
25 km x 25 km landscape tiles maintain a constant true sur-
face area, while the physical footprint of the 0.25° grid cells
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varies by latitude, this spatial aggregation calculated the area-
weighted mean value of all independent landscape tiles that
overlap with a specific 0.25° grid cell. This product is ideal
for large-scale analysis and integration with other global cli-
mate and ecosystem models.

Dataset Variables: The dataset is a single NetCDF file
containing multiple layers derived from the tile-level data for
each of four parameters (u, o, 8, Ky):

— Mean Parameters ({param}_mean): the mean value for
each parameter within a grid cell, calculated by averag-
ing the ensemble means of all landscape tiles that over-
lap with that cell (Fig. 4).

— Dissimilarity Index (DIK_{param}_mean): the mean
model applicability uncertainty for the grid cell, derived
by averaging the DIK values of all overlapping land-
scape tiles (Fig. 4).

— Model Prediction Uncertainty ({param}_std_all_folds):
A comprehensive uncertainty metric representing the
standard deviation of all individual fold predictions
from all landscape tiles within a grid cell. This layer
combines both the models’ ensemble uncertainty and
the sub-grid spatial variability (Fig. 5).

— Sub-grid Spatial variability ({param}_std): The stan-
dard deviation of tile-level ensemble means within a
grid cell. This metric isolates the spatial heterogeneity
of the disturbance regime within the 0.25° cell.

— Tile Count (tile_count): A data density layer indicating
the number of landscape tiles used to calculate the value
for each grid cell.

Technical Specifications:

Spatial Resolution: 0.25° x 0.25°

Spatial Coverage: Global (90 °N to 90 °S), only covers
forested areas as per the mask described in Sect. 2.1.2.

Format: NetCDF-4

Coordinate System: Geographic, WGS84.

Uncertainty: the dataset provides multiple layers to
characterize uncertainty. The DIK_{param}_mean lay-
ers quantify model applicability uncertainty. The
{param}_std_all_folds layers provide a comprehensive
measure of prediction uncertainty, combining model en-
semble variance and sub-grid heterogeneity. Addition-
ally, the {param}_std layers isolate the sub-grid spatial
variability.
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Figure 5. Comprehensive prediction of uncertainty of disturbance regime parameters. The four panels show the global gridded maps of
the comprehensive prediction of uncertainty (std_all_folds) for each parameter. This metric represents the standard deviation of all cross-
validation fold predictions from all landscape tiles within each 0.25° grid cell, thereby integrating both model ensemble uncertainty and
sub-grid spatial heterogeneity. Higher values, indicated by warmer colors on a shared color scale, represent greater overall uncertainty. The
number of landscape tiles contributing to each grid cell is provided in the tile_count layer of the dataset (see Supplement).

3.2 Model Robustness and Prediction Uncertainty

To provide a comprehensive assessment of prediction con-
fidence, the dataset includes two distinct uncertainty layers.
The first layer reflects the machine learning prediction un-
certainty (std_all_folds), quantified as the standard devia-
tion across the different cross-validation folds. The overall
model-related uncertainty for all parameters was relatively
small compared to their respective parameter ranges, indi-
cating generally robust predictions globally (Fig. 5). How-
ever, regions with relatively higher uncertainty exhibit dis-
tinct regional hotspot characteristics. This was particularly
pronounced for B, with higher uncertainty consistently con-
centrated in the humid tropics (e.g., the Amazon and Congo
basins). This suggests the model had greater difficulty disen-
tangling the disturbance severity signal from biomass pat-
terns in these high-biomass, structurally complex ecosys-
tems, which was also linked to the physical saturation of
satellite radar signals, a limitation that is explicitly evaluated
in Sect. 3.4.3. It is important to note that this uncertainty is
simply not a function of sampling density (Fig. S5 shows the
landscape tile count distribution for global grid cells), as the
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Ky, parameter uncertainty exhibits a different spatial pattern
with distinct regional hotspots out of the tropical belt.

The second uncertainty layer represents model applicabil-
ity, quantified by the Dissimilarity Index (DIK; see Sect. S3).
The DIK measures the dissimilarity in the key landscape fea-
tures of biomass patterns between satellite observations and
our synthetic training data. Because the relative importance
of these landscape features may differ for each parameter, we
generated DIK maps for disturbance parameters (u, o, and
B) and background mortality separately (Fig. 6). The DIK
maps for three of the disturbance parameters (i, o, and §)
were spatially consistent, identifying regions of high confi-
dence (DIK close to 0, green areas in Fig. 6) across major
intact forest ecosystems, including the Amazon and Congo
Basin rainforests, the Pacific temperate rainforests of North
America, the forests of insular Southeast Asia, and large
tracts of the Eurasian boreal forest. In contrast, these maps
flagged areas of potential extrapolation (DIK > 1.0, red ar-
eas in Fig. 6) in landscapes where biomass patterns are dis-
similar from the disturbance scenarios in our simulation li-
brary. These included regions with strong anthropogenic in-
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fluence such as the United Kingdom and Western Europe,
agriculture-dominated ecosystems like in India, and regions
with low overall forest fraction, such as Western Australia.
The DIK for background mortality (Kp,) exhibited a strik-
ingly different pattern, indicating high uncertainty and po-
tential extrapolation across nearly the entire boreal forest
biome of North America and Eurasia. This high uncertainty
aligns with the model’s prediction of unexpectedly high Ky
values in these regions, which contradicted the long carbon
turnover times known to characterize these ecosystems. This
suggested that in systems dominated by large, infrequent,
stand-replacing disturbances like fires in boreal regions, the
subtle spatial signature of background mortality was masked
by the strong imprint of the dominant disturbance regime, re-
ducing parameter identifiability and model reliability for this
specific parameter.

3.3 Empirical Evaluation

A direct, quantitative validation of our disturbance regimes
is inherently challenging. While regional properties are doc-
umented through dendroecological studies and long-term in-
ventories, a global dataset at the landscape scale as defined
in our study is currently missing. Nevertheless, a preliminary
cross-biome comparison over European forests using inde-
pendent Landsat-derived records shows that our retrieved pa-
rameters fell within a highly comparable numerical range to
event-based observations (Fig. S10). Therefore, in this sec-
tion we assessed the plausibility of our product by verify-
ing whether real-world landscapes at the extreme tails of
the global DRPs distributions (i.e., the lowest and highest
predicted values) are successfully and accurately differenti-
ated by our framework. To isolate the impact of each distur-
bance parameter (u, «, B), we selected a pair of contrast-
ing landscapes for a given parameter of interest (Fig. 7c).
However, these landscapes shared highly similar background
conditions (GPP, Kp) as well as identical non-target distur-
bance parameters. This enabled us to perform a controlled vi-
sual assessment of how each parameter uniquely influenced
biomass patterns (Fig. 7).

The low- and high-u sites were both located in boreal
forests (Fig. 7c). The low-u site exhibited a high-biomass,
intact forest canopy with a heavily skewed biomass his-
togram, confirming its mature, undisturbed state. In contrast,
the high-u site showed more areas with low-biomass patches
(Fig. 7b, panel 2), which is reflected in its left-skewed his-
togram with lower mean biomass values. This observed pair-
ing demonstrated how a significant difference in u alone, as
other variables are similar, drove a clear divergence in land-
scape patterns, especially for the overall mean value. This
pattern aligned with the conceptual definition (Fig. 7a, panels
1-2) that u governed the total area affected by disturbance.

The pairing for o contrasted a low-« site in the Amazon
rainforest with a high « site in Southeast Asia (Fig. 7c).
The Amazonian site (low «) exhibited a coarse-grained spa-
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tial texture with a large clustered low biomass area (Fig. 7b,
panel 3). The broad biomass histogram from this site indi-
cated a landscape mix of intact forest blocks and significant
clearings, which is a result of large-scale, infrequent events.
Conversely, the Southeast Asian site (high «) presented a
fine-grained, highly fragmented texture (Fig. 7b, panel 4).
Its biomass patterns were small and intermixed, lacking the
large, consolidated clearings of the low-« site and suggest-
ing a regime driven by small-scale, scattered events. This ob-
served contrast highlighted how o modulates the spatial ag-
gregation of disturbance. It effectively differentiated regimes
dominated by a few large, contiguous events (low «) from
those characterized by many small, dispersed events (high
«), a finding consistent with our conceptual design (Fig. 7a,
panels 3—4).

Both the low- and high-g sites were in the Amazon rain-
forest, and critically, the biomass histograms were highly
similar. Both exhibited a bimodal distribution with no clear
difference in mean biomass, which was expected as their u
and o were nearly identical. Despite the similarity in the
first-order statistics, there was a stark contrast in spatial pat-
tern between the low- and high-8 sites, as low-8 showed a
more gradual spatial transitions in biomass while high-8 fea-
tured distinct boundaries typical of severe disturbance foot-
prints. This pairing powerfully illustrated the insufficiency of
differentiating regimes solely based on first-order statistics
from biomass. It underscored the necessity of using spatial-
statistical features to capture more sophisticated disturbance
characteristics, validating our model’s approach.

The global distributions for the three parameters are pre-
sented in Fig. 7d. Both p (global mean value of 0.035) and 8
(global mean value of 0.25) were negatively skewed, charac-
terized by a dominant peak at high values and a long tail ex-
tending toward low values. This feature was particularly pro-
nounced for B, which displayed two distinct peaks for high
values, with the extreme-high peak being the most dominant.
In contrast, the parameter o« was a unimodal distribution, ap-
proximately symmetric, with a global mean value of 1.25.
The colored vertical lines in these histograms confirm that
the selected case studies are representative of the extremes
of the global distributions.

This analysis demonstrated that the predicted parameters
could distinguish between remarkably different disturbance
regimes that correspond to visually and ecologically dis-
tinct real-world biomass patterns. Furthermore, it highlighted
the value of using richer feature sets, including second-
order spatial statistics, to derive these parameters, as illus-
trated by the low- and high-8 landscapes. The derived dis-
turbance parameters were suited for implementing stochastic
disturbance modules for within-forest perturbations in Dy-
namic Global Vegetation Models (DGVMs) and Earth Sys-
tem Models (ESMs), which currently rely on more simplis-
tic schemes. This application has the potential to reduce a
key uncertainty in carbon cycle projections by providing a
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Figure 6. Model applicability uncertainty quantified by Dissimilarity Index. The four panels show the global gridded maps of the mean
Dissimilarity Index (DIK) for each parameter. The DIK quantifies the novelty of observed landscapes compared to the training data. Values
below 1.0 indicate that observed biomass patterns are well represented within the model’s training domain. Values exceeding this threshold
(labelled as red) serve as a flag for potential extrapolation, indicating that predictions in these areas have higher uncertainty because the

model is encountering landscape patterns not seen during training.

globally continuous, observationally constrained representa-
tion of natural disturbance regimes.

3.4 Methodological Scope and Limitations

Pattern-based Inference versus Process-based
Simulation

3.4.1

It is important to distinguish the conceptual scope of our
framework from dynamic process-based models. In distur-
bance ecology, dynamic process-based models are designed
to mechanistically simulate the physical spread of events
over time, such as the step-by-step propagation of fire or
insect outbreaks (e.g., Rammer and Seidl, 2022). In con-
trast, our approach operates within a pattern-based statisti-
cal paradigm. Consequently, our framework focuses on char-
acterizing the spatial attributes represented in the EO AGB
product, namely the size, form, and distribution of mapped
biomass loss, rather than simulating the mechanistic tempo-
ral spread of disturbance processes (i.e., spatial contagion).
These mapped spatial attributes may reflect both the true spa-
tial organization of forest AGB, but also a spatial dependence
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in the dataset introduced by the AGB retrieval and processing
chain, which cannot be partitioned using the available data.

Within this pattern-based paradigm, the stochastic distur-
bance event generator placed independent geometric shapes
onto the simulated landscape. Crucially, while the synthetic
grids have no predefined physical resolution, EO biomass
products are mapped at defined native spatial resolutions. To
bridge this fundamental scale mismatch and align the dis-
crete simulated events with the continuous patterns of satel-
lite data, spatial aggregation is utilized as a necessary scaling
step to anchor the spatial statistics to the observational scale,
aligning the spatial statistical properties of the simulations
more closely with those of the EO product.

Furthermore, instead of explicitly simulating mechanis-
tic contagion, our framework mathematically encapsulated
the structural outcomes of complex spatio-temporal inter-
actions, including linked disturbances and disturbance cas-
cades, through a massive training library of over 8 million
diverse regime combinations. By incorporating highly clus-
tered gap-size distributions () and a wide diversity of com-
plex, non-rectangular disturbance morphologies, the training
dataset statistically approximated the diverse spatial foot-
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Figure 7. Correspondence between Predicted Disturbance Parameters and Empirical Biomass Patterns. (a) Conceptual Schematics: Theo-
retical landscape-scale patterns for six extreme cases (low vs. high) of the parameters u, o, and S. (b) Contrasting Landscapes: Selected
empirical biomass maps from the ESA GlobBiomass product. These low/high pairs were selected by filtering landscapes to ensure high
similarity in photosynthesis level (GPP), background mortality (K}), and the other two non-target DRPs, thereby isolating the contrast in
the target parameter. (¢) Locations of Landscapes: Geographic locations of the six selected contrasting landscapes shown in (b). (d) Global
Parameter Distributions: Histograms showing the full global distribution of predicted u, «, and . The colored vertical lines indicate the
values for the selected low and high case studies, placing these examples within their global context.

prints left by contagious processes. This pattern-based rep-
resentation provided a highly efficient and robust means to
infer generalized disturbance regime parameters from static
landscape biomass patterns at a global scale.

3.4.2 Sensitivity to the Choice of Biomass Product

To evaluate how baseline biomass data affects parameter
retrieval, we repeated the inversion pipeline by replacing
the primary GlobBiomass dataset (Glob 2010, 25 m resolu-
tion) with two alternative ESA CCI Biomass configurations
(version 7) at 100 m resolution: a single-year baseline (CCI
2010) and a multi-year temporal mean (CCI Mean, averag-
ing 2005-2011). This comparative analysis was designed to
systematically assess the discrepancies arising from (1) dif-
ferent processing chains and native spatial resolutions (Glob-
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Biomass versus ESA CCI, which share the same founda-
tional SAR inputs and core algorithms), and (2) the temporal
robustness of the framework against interannual variability
(IAV) and short-term noise (CCI 2010 versus CCI Mean).
The global inversion results showed that the spatial patterns
of the four retrieved DRPs are highly consistent. The model
captures the same broad geographical gradients and regional
variations, confirming that the framework’s performance was
stable and reliable regardless of the specific spatial or tempo-
ral configuration of the input biomass products.

However, subtle differences in regional predictions do ex-
ist, which were linked to the structural characteristics of
each baseline product. Figure 8 illustrates the comparison
of the disturbance rate (1) across the products. The cross-
comparison, supported by pairwise scatter evaluations and
spatial difference mapping, revealed that the predictions de-

Earth Syst. Sci. Data, 18, 5895-5913, 2026



5908

U mean

0.020 0.025 0.030 0.035 0.040 0.045
(a) Glob 2010

(b) CCI 2010

S. Wang et al.: A global dataset of forest disturbance regimes

Difference (Column — Row)

| ]
—-0.02 -0.01 0.00 0.01 0.02
(c) CCl Mean

0T0Z 9019

0T0Z 12D

0.015

uean 122

0.015 0.030 0.045 0.015

- 5 o
0030 0.045 o o

Figure 8. Spatial cross comparison of retrieved p derived from different baseline biomass products. The diagonal panels display the global
spatial distributions of u predictions gridded at 0.25° x 0.25° resolution derived from (a) GlobBiomass (Glob 2010), (b) ESA CCI Biomass
(CCI2010), (c) the multi-year mean of ESA CCI Biomass (CCI Mean, 2005-2011), with a unified color bar. The upper off-diagonal panels
display the spatial difference maps between each corresponding pair of datasets (column dataset minus row dataset) to illustrate localized
discrepancies, using a separate symmetrical color bar centered at 0. The bottom off-diagonal panels present the pixel-to-pixel scatter plots.

rived from the two ESA CCI configurations (CCI 2010 and
CCI Mean) were highly coherent with minimal deviations
between them (r = 0.92), whereas larger discrepancies oc-
curred when comparing the CCl-based predictions against
the primary GlobBiomass-based output (r =~ 0.64). Among
the four retrieved parameters, Ky exhibited the highest sta-
bility and lowest sensitivity to the choice of input data (r =
0.79), followed by « (r =0.78) and B (r = 0.70), while the
disturbance rate (1) showed the largest variation across prod-
ucts (r =0.64), even though its macro-scale spatial distri-
butions remained consistent. The global maps and pixel-to-
pixel scatter plots for the remaining three parameters are pro-
vided in the Supplement (Figs. S6, S7, S8).

The deviations observed between the GlobBiomass- and
CClI-driven predictions were primarily attributable to their
different baseline spatial resolutions and data processing lin-
eages. Although both datasets were aggregated into a con-
sistent 100 x 100 matrix (yielding an effective spatial reso-
lution of 250 m) within each 25 km x 25 km landscape tile to
extract the spatial metrics used for inversion, their native res-
olution differences and specific processing chains potentially
altered the local spatial heterogeneity of the biomass maps.
These distinct data characteristics propagated through the
biomass spatial feature extraction and lead to the variations
in parameter estimation. Additionally, to support ecological
modeling and enable users to account for these input-data
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uncertainties, we provided alternative global datasets of the
four DRPs derived from both the CCI 2010 and CCI Mean
pipelines. These companion products were gridded consis-
tently at a spatial resolution of 0.25° x 0.25° as well.

3.4.3 Sensitivity of DRPs to Dampened Spatial Variance
in High-Biomass Forests

When evaluated against ground reference data, global prod-
ucts such as GlobBiomass and ESA CCI Biomass exhibit a
tendency for mapped biomass values to be lower than ref-
erence values for high-biomass ranges (Santoro et al., 2021,
2024). However, as detailed in Santoro et al. (2021, 2024),
this product-level discrepancy cannot be attributed solely to
signal saturation and may also be associated with algorithmic
dependencies on other datasets, such as spaceborne LiDAR
(e.g., ICESAT-2 or GEDI) or land cover masks for model cal-
ibration, or spatial filtering steps that mitigate inherent SAR
sensor noise and processing artifacts, smoothing local signals
and reducing the spatial variance within mature forests.
Because our framework for deriving DRPs from AGB re-
lies on capturing localized spatial variations, such as the Co-
efficient of Variation, and GLCM texture features, this com-
bined dampening effect in the high-biomass upper tail may
systematically impact the DRP prediction. To explore possi-
ble implications from such potential biases, we designed a
sensitivity analysis by artificially reconstructing the dynamic
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range of biomass values, i.e. increasing the AGB values at
high biomass values, at different levels of intensity, to ob-
serve the resulting impacts in DRP predictions.

For the sensitivity analysis, we randomly selected 300
high-biomass 25 x 25km forest tiles across major biomes
globally (forest cover >50% and AGB >220Mgha™!) to
capture a continuous macro-ecological gradient. The ex-
periment operated on the biomass data at its native res-
olution (i.e., 25m for GlobBiomass and 100m for CCI
Biomass) prior to the spatial aggregation process. We im-
plemented two comparable methods to reconstruct each
landscape’s AGB above different specified high-biomass
thresholds. To comprehensively test the framework (Fig.
9), we considered a range of high-biomass thresholds
(T € {150,200, 250,300} Mgha~'). We further applied two
transformations to AGB values above each threshold: (1)
a linear transformation controlled by the scaling param-
eter k (k€[0.1,1.5]), with larger k& values producing
stronger increases in AGB; and (2) an asymptotic inverse-
log transformation controlled by the scale parameter S
(S € [300,2000] Mg ha~!), with smaller S values producing
stronger increases in AGB. In both approaches, a soft sig-
moid weighting function at the threshold 7" was applied to
smoothly blend the original and reconstructed AGB, pre-
venting artificial edge artifacts (Sect. S5.1). The resulting re-
constructed biomass maps were systematically aggregated to
standardized coarse-resolution pixels (100 x 100 matrix of
250 x 250 m resolution), following the Area-Weighted Spa-
tial Averaging (for CCI) and Block-Mean Averaging. Finally,
the 16 biomass spatial statistics were extracted from the ag-
gregated pixels, which, alongside the GPP predictor, were
used to invert the four DRPs using our pre-trained, multi-
output Random Forest model.

We quantified the sensitivity of the DRPs to the changes
in biomass by calculating the difference (A) between the
predicted DRPs under the different reconstructed landscapes
and the baseline. As the difference between the baseline and
the reconstructed landscapes increase (e.g., k from 0.1 to 1.5,
or § decreasing from 2000 to 300) so does the variance in
the ADRPs (Fig. 9d). We observe a degradation of R? values
across landscapes for all four parameters proportional to the
fractions of grid cells beyond the high-biomass thresholds
and to the underestimation strength (Fig. S14). Ultimately,
the magnitude of these deviations is tightly controlled by the
choice of the high-biomass threshold (7); at higher thresh-
olds, fewer forest pixels are affected (Figs. S12, S13), leading
to smaller deviations in the final DRP predictions (Fig. S15).
The large fraction of mapped AGB values above the selected
high-biomass thresholds in both tropical and extratropical re-
gions (Fig. S12) reflect the presence of a broad upper tail, in-
dicating that the biomass product does not impose a univer-
sal hard truncation at these values. However, it is not clear
to which extent these distributions reflect true high biomass
estimates from variations cause by the retrieval-model as-
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sumptions, constraints or noise, and should therefore be in-
terpreted with caution.

Further to note that the different DRPs — u, 8 and Ky
— exhibit different sensitivities to dampened retrievals. The
parameter « demonstrates a strong resistance to the possi-
ble compression of the dynamic range, maintaining struc-
tural alignment with the baseline even under the most ex-
treme reconstruction scenarios. Conversely, at larger differ-
ences between reconstructed and baseline AGB, systematic
shifts emerge for the predicted means of § — that shift up-
ward — and for the predicted means of K} — that shift down-
ward. These differences reflect that an artificial expansion of
the dynamic range on high biomass result in a higher AGB
retrieval, which, for the same GPP, would imply lower base-
line mortality rates (lower Ky,) but also an amplification in
the spatial contrast, implying more severe disturbance foot-
prints which then drives higher g retrievals. This experimen-
tal protocol was replicated using the ESA CCI Biomass v7
(single-year) and the CCI 7-year temporal mean datasets. We
observed consistent results across the two alternative CCI
biomass datasets, with o remaining stable and 8 and K
showing the same directional shifts (Fig. S16).

Overall, these experiments illustrate how the different
DRPs respond to compression of the upper end of the
biomass distribution. The stability of « across all scenar-
ios indicates that the inferred spatial clustering frequency
of disturbances is comparatively robust to upper-tail damp-
ening. In contrast, i, 8, and Ky are sensitive to reductions
in spatial variance and to underestimation in high-biomass
forests. This sensitivity represents an intrinsic limitation of
the framework because suppressed biomass variability, to-
gether with retrieval noise, can propagate into the inferred
disturbance parameters. As such, the magnitude of the re-
sulting deviations increases with both the fraction of affected
pixels and the strength of the imposed reconstruction. De-
spite differences in spatial resolution and temporal configura-
tion, the spatial harmonization protocols produced consistent
sensitivity bounds across all evaluated products. To further
overcome the dampened retrievals in high-biomass forests,
the emergence of data streams from novel missions, such as
the P-band BIOMASS, may play a significant role in diag-
nosing global disturbance regime parameters.

4 Data availability

The two data products described in this paper, the Tile-
Level Dataset (CSV) and the Gridded Global Dataset
(NetCDF), are publicly available in Edmond Repository at
https://doi.org/10.17617/3.EF4QGR (Wang et al., 2026). The
datasets contain the global disturbance regime parameters
(u, o, B, Kp) and the associated uncertainty layers detailed
in this manuscript.
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e  Boreal Forests/Taiga (n=_88)

o Mediterranean Forests, Woodlands & Scrub (n=1)

e Montane Grasslands & Shrublands (n=3)

e Temperate Broadleaf & Mixed Forests (n=42)

e  Temperate Conifer Forests (n=16)

o Temperate Grasslands, Savannas & Shrublands (n=2)

o  Tropical & Subtropical Coniferous Forests (n=3)

o Tropical & Subtropical Dry Broadleaf Forests (n=4)

o Tropical & Subtropical Grasslands, Savannas & Shrublands (n=7)
e Tropical & Subtropical Moist Broadleaf Forests (n=132)
e  Tundra (n=2)

S00- (b) Linear Recovery Models ) S00- .

(c) Inverse Log Recovery Models

xrec:T+(ymap_T)’(1+k) ’ xm:—Sln(l—y”%) e

400 - 400 -
D T
] ]
= =
< 300- < 300-
m m
Q Q
< <
-:é 200~ - 1:1 Baseline -g)- 200~ ----1:1 Baseline
£ — k=01 = S =2000
= — k=03 = S = 1200
100- —— k=05 1004 S =800
— k=10 S =500
k=15 S =300
Threshold (T=150) Threshold (T=150)
0 . . . . 0 . . .
0 100 200 300 0 200 300
Reconstructed AGB [Mg ha™!] Reconstructed AGB [Mg ha™!]
(d) Delta (Scenario - Baseline) Distribution
0 x 100%) a P2 100%) p X 100%) Ly (5 x 100%)
200 ] 200 200 200
150 150 150 150
100 100 100 100
< 50 S 50 I 50 [ 3 %
<, DWW < 33 ddizigdl T <a
TETTYYTTTTTYY T 7
-50 =50 -50 =50
100 100 - 100 100
SEPPP SIS PP SO S &P SFSS S S PP SIS S
SIS SIS T T ée/&/ ST S S ST D 6?‘9@/‘4&/@0/ ST ST S S w? b?@z//@a/@w S SIS T S
RRRES -@I & &@ FES & Q@I$é‘?$&@.§c.\&e.$e RIS o.$ ‘1& TS RS -@.oz@ &co &S

Figure 9. Sensitivity of predicted DRPs to potential dampening of spatial variance across global landscapes. (a) Geographic distribution of
the 300 randomly selected baseline landscapes (forest cover > 50 %) across major biomes. (b, ¢) Mathematical configurations for the (b)
linear and (c) inverse logarithmic recovery models used to synthetically inject variance for AGB values exceeding high-biomass thresholds.
The linear model uses a proportional scaling parameter k € [0.1, 1.5] while the inverse model uses a parameter S € [300, 2000]. Both methods
apply a continuous sigmoid weight function to smoothly blend the original and recovered above-ground biomass (AGB). (d) Multi-panel
violin plots displaying the relative percentage changes (AP = Pe=Poi » 100 %, where “sc” denotes the reconstructed AGB and “bl” denotes
the mapped baseline) of the four Disturbance Regime Parameters across the 10 reconstructed scenarios. Visually, the plots illustrate the
expansion of prediction variance for u, 8, and Ky, as recovery intensity increases (from left to right), the stability of o centered around 0 %,
and the coupled opposite shifts in the predicted means of 8 (+A) and Ky, (—A).
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5 Code availability

The supporting code for the analyses and dataset generation
presented in this study is available in the Edmond Repository
at https://doi.org/10.17617/3.DBIFDT (Wang, 2026).

6 Conclusion

This study presents a novel global dataset of forest distur-
bance regimes, comprising disturbance rate, gap-size distri-
bution, disturbance severity, and background mortality, de-
rived from high-resolution satellite-based biomass observa-
tions. Grounded on the concept of gap dynamics, this frame-
work was enabled by a massive synthetic training dataset and
high-performance computing. We quantified two key sources
of uncertainty: one inherent to the machine learning predic-
tions and another related to model applicability (extrapola-
tion risk). Together, these uncertainty measures indicate re-
liable predictions across approximately 90 % of global for-
est regions. Furthermore, cross-comparisons across alterna-
tive input data sources demonstrate that the retrieved spatial
distributions of disturbance regime parameters remain highly
robust. In addition, evaluations using paired contrasting case
studies confirm that the derived parameters correspond to
ecologically distinct real-world biomass patterns, confirming
the plausibility of inferring long-term disturbance regimes
from spatial structural features.

Nevertheless, several challenges remain, including the re-
duced sensitivity of spaceborne radar signals to local spatial
variance in dense forests, the model assumption of pixel in-
dependence that omits explicit transient contagion dynamics,
and the current lack of extensive, independent global ground-
truth validation. Addressing these gaps, particularly by in-
tegrating and comparing our dataset with regional observa-
tions, represents critical directions for future research. Ulti-
mately, this dataset offers an important new resource, provid-
ing not only a means to implement more realistic, stochas-
tic disturbance modules in Earth System Models, but also a
novel pathway to investigate the coupled dynamics of distur-
bance, vegetation, and the carbon cycle, with the potential to
reduce a key uncertainty in future carbon cycle projections.

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/essd-18-5895-2026-supplement.
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