
Earth Syst. Sci. Data, 18, 1601–1617, 2026
https://doi.org/10.5194/essd-18-1601-2026
© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Global high-resolution forest disturbance type dataset

Li Wang1, Shidong Liu1, Wanjuan Song1, Shengping Ding2, and Jie Zhang3,4

1State Key Laboratory of Remote Sensing and Digital Earth, Aerospace Information Research Institute,
Chinese Academy of Sciences, Beijing 100094, China

2Faculty of Science, University of Copenhagen, Copenhagen 1350, Denmark
3School of Land Science and Technology, China University of Geosciences (Beijing), Beijing 100083, China

4Department of Earth System Science, Ministry of Education Key Laboratory for Earth System Modeling,
Institute for Global Change Studies, Tsinghua University, Beijing 100084, China

Correspondence: Shidong Liu (liusd@aircas.ac.cn)

Received: 12 June 2025 – Discussion started: 26 June 2025
Revised: 12 February 2026 – Accepted: 18 February 2026 – Published: 2 March 2026

Abstract. Forests play a pivotal role in global carbon cycling and biodiversity conservation, yet they face in-
creasing disturbances from both anthropogenic and natural drivers. This study presents the first high-resolution
(30 m) global forest disturbance dataset (GFD) for 2000–2020, classifying 11 disturbance types by integrating
Landsat-based Continuous Change Detection and Classification (CCDC) time-series analysis with spatial met-
rics and machine learning. A total of 57 000 expert-validated sample points were used to train and validate a
decision tree model, achieving an overall accuracy of 99 %. The results reveal that forestry replanting (44 %),
shifting cultivation (24 %), and forest fires (11 %) dominate global forest loss. There are regional differences
in global forest disturbance, such as farmland expansion in South America and Africa, forest fires in northern
regions, and shifting cultivation in tropical regions. Disturbed forests span 1247.06 Mha, accounting for 31 %
of the global forest area. Notably, 3 % of global forests were newly established, primarily in China, India, and
Brazil. The spatial consistency analysis (R2

= 0.93) highlights a strong overall agreement between the GFD
product and other datasets, while the GFD product offers superior spatial resolution. The GFD dataset advances
our understanding of forest dynamics and underscores the need for targeted conservation strategies in an era
of escalating environmental change. The 30 m resolution GFD generated by this study is openly available at
https://doi.org/10.6084/m9.figshare.28465178 (Liu et al., 2025a).

1 Introduction

Forests, the dominant component of terrestrial ecosystems
and the most widespread vegetation type on land, play a piv-
otal role in delivering critical ecosystem services, including
climate regulation (Piao et al., 2020; Xu et al., 2022), bio-
diversity conservation (Betts et al., 2017), soil and water re-
tention, carbon sequestration (Tong et al., 2020), and habitat
provision (Oeser et al., 2021). However, in recent decades,
forest ecosystems have faced escalating disturbances from
both natural drivers (Leverkus et al., 2018; Yan et al., 2022;
Mayer et al., 2024) (droughts, extreme rainfall, and wildfires
exacerbated by climate anomalies) and anthropogenic activ-
ities (deforestation, shifting cultivation, cropland expansion,

and urbanization) (Acil et al., 2025; Chowdhury et al., 2017;
Rivera et al., 2023; Liu et al., 2025b). These disturbances
have severely compromised forest composition, structure,
and functionality, thereby degrading their ecological services
(Yang et al., 2020; Feng et al., 2021). Consequently, accurate,
timely, and continuous monitoring of forest disturbances is
imperative for effective forest management, climate change
mitigation, and global carbon accounting (He et al., 2025).

Forest disturbance represents one of the most critical pro-
cesses in ecosystem succession (Ross et al., 2021; Mason et
al., 2019; Blaschke et al., 1992), essential for maintaining
regional ecological equilibrium (Reza and Abdullah, 2011;
Kittel et al., 2000). Forest dynamics encompass two oppos-
ing processes: disturbance (forest cover loss or structural
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degradation caused by natural or human factors) and gain
(forest recovery through natural regeneration or afforesta-
tion). Rapid population growth and urbanization have inten-
sified conflicts between natural resource exploitation and hu-
man activities (Jiang et al., 2021; Miatto et al., 2021). Thus,
characterizing the spatiotemporal patterns of forest distur-
bance and gain is vital for understanding forest dynamics, es-
timating carbon stocks, and elucidating global change mech-
anisms (Chen et al., 2023b; Cuni-Sanchez et al., 2021; Peng
et al., 2023). Given this context, high-accuracy identification
of disturbance types has emerged as a key scientific challenge
in global environmental governance and sustainable develop-
ment.

Traditional forest monitoring predominantly relies on field
surveys, which are limited by low temporal resolution and
high labor costs, rendering them difficult to scale for large-
area or frequent-assessment applications (Scheeres et al.,
2023; Finger et al., 2021). Satellite remote sensing has revo-
lutionized this field by offering extensive spatial coverage,
continuous temporal observations, and rich spectral infor-
mation (Zhao et al., 2023; Skidmore et al., 2021; Liu et
al., 2025c). Early remote sensing approaches, such as bi-
temporal image comparison (post-classification change de-
tection or spectral differencing), were limited by their sensi-
tivity to image registration accuracy and inability to capture
gradual disturbances (Wang et al., 2021). Pixel-based meth-
ods (NDVI thresholding) could detect vegetation changes but
failed to discriminate disturbance types (deforestation, fires,
or shifting cultivation).

Recent advances in time-series analysis have significantly
improved monitoring capabilities (Tollerud et al., 2023; Liu
et al., 2024). For instance, the Continuous Change Detection
and Classification (CCDC) algorithm decomposes Landsat
time-series data into trend, seasonal, and noise components,
enabling disturbance detection at 30 m resolution (Tollerud
et al., 2023; Hwang et al., 2022). Nevertheless, these meth-
ods exhibit notable limitations: inadequate spectral-temporal
feature integration, leading to high confusion errors be-
tween plantation rotation and shifting cultivation; and poor
model generalizability, algorithms like CUSUM, developed
for temperate forests, underperform in tropical regions due
to cloud contamination and phenological variability (Aquino
et al., 2022; Ygorra et al., 2021).

To address these challenges, we propose a machine learn-
ing framework that synergizes time-series features with spa-
tial aggregation metrics, leveraging the nonlinear modeling
strengths of ensemble algorithms. This study aims to pro-
duce the first high-resolution (30 m) global map of 11 major
forest disturbance types (Table 1) in 2000–2020 by integrat-
ing Landsat CCDC time-series and spatial predictors within
Google Earth Engine (GEE). The global forest disturbance
classification framework is established through a compre-
hensive synthesis of key disturbance characteristics, includ-
ing disturbance intensity, disturbance source, forest types af-
fected, disturbance processes, and recovery type. Based pri-

marily on disturbance intensity, disturbances are categorized
into negative disturbance (newly added forest, 22), positive
strong disturbance, and positive weak disturbance. Accord-
ing to the differences in disturbance sources, such as human
activities, natural wildfires, climatic factors, insect and dis-
ease outbreaks, and flooding, weak disturbances are further
differentiated into drought-induced disturbances (16) and
forest pest and disease disturbances (17). Similarly, strong
disturbances are subdivided into forest fires (15), flood dis-
asters (19), and human-induced forest disturbances. Depend-
ing on post-disturbance recovery status and land use type,
human-induced disturbances are further distinguished into
built-up area expansion (18) and cropland occupation (19),
where forests are not restored. Taking into account the for-
est type disturbed, human-induced disturbances are also clas-
sified into renewal plantation (13) and oil palm expansion
(21), both of which involve manual reversion. Based on the
presence of short-term agricultural activities during the dis-
turbance process, natural recovery secondary forests are cat-
egorized into natural forest deforestation (14) and shifting
cultivation (11). Meanwhile, natural forest areas that were
logged and then actively restored by humans are identified as
forestry replanting (12). To account for regional heterogene-
ity in forest types, climate regimes, and disturbance drivers,
we partitioned the globe into four subregions for model train-
ing. Our results will directly support the Paris Agreement’s
carbon accounting framework, provide subtype data for plat-
forms like Global Forest Watch (GFW) and Hansen’s global
forest change dataset, and inform regional forest restoration
strategies.

2 Materials and methods

2.1 Study workflow

We developed a novel classification algorithm using machine
learning within the GEE platform that integrates Landsat-
based CCDC time-series analysis with spatial characteris-
tics of forest cover to classify main distinct forest distur-
bance types globally. The model training and validation in-
corporated 57 000 expertly labeled sample points of forest
disturbance, which were visually interpreted by trained re-
mote sensing specialists specializing in forest monitoring.
Utilizing multi-temporal Landsat data in 2000–2020 and an-
cillary datasets (Sect. 2.2.5), we constructed a comprehen-
sive feature set comprising 18 disturbance indicators (Ta-
ble 2). These features were systematically derived from both
temporal and spatial dimensions, including: Overall charac-
teristics of forest disturbance (OC), pre-disturbance forest
conditions (PDC), post-disturbance recovery patterns (PDP),
disturbance potential metrics (DP), land use/cover features
(LUC), spatial contextual attributes (SC). All feature vari-
ables were pre-processed in GEE and subsequently resam-
pled to correspond with the 57 000 sample points. The clas-
sifier was locally trained using Python3.9, with rigorous val-
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Table 1. Global forest disturbance classification framework.

Code Disturbance
type

Disturbance
intensity

Disturbance
source

Forest type Disturbance process Recovery type

0 Undisturbed Undisturbed – Natural forests Undisturbed between 2000 and
2020.

–

11 Shifting
cultivation

Strong Human
disturbance

Natural forests Residents randomly cut down
forests on a small scale and
plant crops, then abandon
cultivation after 1–2 years.

Natural
recovery

12 Forestry
replanting

Strong Human
disturbance

Natural forests To obtain wood, natural forests
were cut down, and later
manual planted them.

Manual
reversion

13 Plantation
disturbance

Strong Human
disturbance

Plantation Regular logging and renewal of
plantations.

Manual
reversion

14 Deforestation
of natural
forests

Strong Human
disturbance

Natural forests To obtain wood, natural forests
were cut down, and later
natural recovery.

Natural
recovery

15 Forest fire
disturbance

Strong Natural fire All forests The destruction of forests by
wildfires.

Natural
recovery

16∗ Drought Weak Natural climate All forests Forest degradation caused by
drought.

–

17∗ Forest pests
and diseases

Weak Natural pests
and diseases

All forests Forest degradation caused by
pests and diseases.

–

18 Built-up area
expansion

Strong Human
disturbance

All forests Expansion of built-up areas
encroach on forests.

No recovery

19 Cropland
occupation

Strong Human
disturbance

All forests Expansion of cropland
encroach on forests.

No recovery

20 Flood disaster Strong Natural flood All forests Flood disasters encroach on
forests.

Natural
recovery

21 Oil palm Strong Human
disturbance

All forests Expansion of oil palm
plantations encroach on forests

Manual
reversion

22 Newly added
forest

Negative Human
disturbance

Non forest Artificially planting forests on
non-forest land.

Manual
planting

Note: ∗ indicates weak disturbance type. Due to the spatial overlap between weak and strong disturbance types, this study did not consider weak disturbances.

idation performed at sample point locations. Our classifica-
tion approach employed a decision tree-based machine learn-
ing algorithm (CART), with accuracy metrics quantitatively
assessed using independent test sample points (Fig. 1).

2.2 Data collection and preprocessing

2.2.1 Landsat Image

The first layer surface reflectance (SR) image of Landsat Col-
lection 1 (C1) is selected, including all available Landsat
5–8 images from 2000 to 2020. These images, which have
undergone atmospheric correction using the LaSRC algo-
rithm (Skakun et al., 2021), were directly obtained from the

GEE platform (https://developers.google.com/earth-engine/
datasets/catalog/landsat last access: 10 May 2025). We pre-
processed global images based on the quality assessment
(QA) bands of Landsat SR, including removing shadows and
cloud interference. These data are used to calculate CCDC to
supplement the current missing CCDC dataset in some for-
est disturbance areas. At the same time, high-quality Landsat
images are also the main dataset for us to visually select sam-
ple points.

2.2.2 Spatial distribution dataset

Previous studies have shown that global forest disturbances
have a high degree of spatial clustering (Hansen et al., 2013).
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Table 2. Global Forest Disturbance Characteristics Indicator.

Indicator type Forest disturbance characteristic indicators

OC Disturbance frequency Average disturbance period Number of segments

PDC Linear intercept before
disturbance

Internal fluctuations before
disturbance

Interannual trend
before disturbance

PDP Linear intercept after
disturbance

Internal fluctuations after
disturbance

Interannual trend after
disturbance

DP Forest fire area Plantation area Intensity of population

LUC 2020 Land Use/Cover Forest cover in 2000 Forest cover in 2020

SC Longitude Latitude Disturbance partition

Figure 1. Study workflow.

For example, shifting cultivation is mainly distributed in the
tropics (Chen et al., 2023a); Forest fires are mainly dis-
tributed in northern forests (Scholten et al., 2021). Adding
spatial distribution information of forests is beneficial for
improving the accuracy of forest disturbance identification.

Considering the regional differences in the distribution of
global forest disturbances, we defined four major regions,
Africa, Southeast Asia and Australia, Central America and
South America, and the Northern Forest Region. Therefore,
we added latitude and longitude information as well as parti-
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tion information when extracting the spatial attributes of the
sample points. A large number of non-forest areas and undis-
turbed regions around the world do not require calculation. In
order to reduce the consumption of computing power, we use
Hansen’s global forest change dataset to identify disturbed
forest areas worldwide from 2000 to 2020 (Hansen et al.,
2013).

2.2.3 Land use/cover dataset

To assess the mapping accuracy of global forest change ar-
eas, this study incorporated multiple authoritative land cover
and forest cover products as reference datasets, including: (1)
ESA WorldCover 2020, (2) Global Forest Change dataset
(Hansen et al., 2013), and (3) the Global Forest Cover
Change dataset (Roffe et al., 2022). These datasets served
three primary functions in our analysis: delineating the global
forest extent in 2000, identifying 2020 forest cover distribu-
tion, and classifying non-forest land cover types in 2020. The
detailed information of these datasets is systematically doc-
umented in Table 3.

2.2.4 Disturbance feature

The CCDC algorithm is commonly used to monitor sur-
face cover disturbances (Zhu and Woodcock, 2014). It fits
the model to the Normalized Difference Vegetation Index
(NDVI) of spectral observations and can reflect three types
of pixel changes: seasonal changes (such as phenology),
slow changes (such as vegetation growth or degradation), and
rapid changes (such as deforestation, fires) (Zhu and Wood-
cock, 2014). CCDC uses a powerful iterative reweighted
least squares method (RIRLS) (Burrus et al., 1994) to fit the
observed geomorphological features and trends that reflect
phenology (Tollerud et al., 2023; Hwang et al., 2022). The
expression for the mathematical fitting line is as follows:

N̂DVI(x)RIRLS = a0+ a1 cos
(

2π
T
x

)
+ b1 sin

(
2π
T
x

)
+ a2 cos

(
2π
NT

x

)
+ b2 sin

(
2π
NT

x

)
(1)

Where x represents day of year; T represents the number of
days per year; N represents the number of years of Landsat.
a0 represents the benchmark value of NDVI; a1 and b1 rep-
resent the annual changes in NDVI; a2 and b2 represent the
interannual changes in NDVI. N̂DVI(x)RIRLS represents the
predicted value of NDVI based on RIRLS fitting correspond-
ing to the xth day of year.

We collected Google Global Landsat based CCDC seg-
ments (1999–2019). The dataset was created from the Land-
sat 5, 7, and 8 Collection-1, Tier-1, surface reflectance
time series, using all daytime images between 1 Jan-
uary 1999 and 31 December 2019. Each image was pre-
processed to mask pixels identified as cloud, shadow, or

Figure 2. CCDC fitting process.

snow (according to the “pixel_qa” band), saturated pix-
els, and pixels with an atmospheric opacity> 300 (as
identified by the “sr_atmos_opacity” and “sr_aerosol”
bands). We have removed duplicate pixels in the over-
lapping scenes between the north and south. The re-
sults were output in 2° tiles for all landmasses between
−60 and +85° latitude. We can directly call this dataset
[ee.ImageCollection(“GOOGLE/GLOBAL_CCDC/V1”)] in
GEE. The dataset provides extensive coverage of global for-
est areas, but small number of missing areas occur along
the edges of some images, accounting for approximately
6 % of the total global forest area. For the missing areas in
the dataset, the CCDC algorithm is used to complete them,
thereby obtaining vegetation change characteristics covering
all forest areas worldwide. Based on the segmented fitting re-
sults of these features, we extracted the OC, PDC, and PDP
of each pixel separately (Fig. 2). In fact, not all the pixels
will perfectly fit into this assumed model, which would con-
sequently affect the fitting performance of CCDC and there-
fore the subsequent disturbance mapping. To address this is-
sue, we also added feature indicators such as DP and LUC
(Table 2) before machine learning training and classification
to improve the robustness of the classification model.

2.2.5 Ancillary datasets

Forest disturbance has strong disturbance sources. Therefore,
using existing disturbance source datasets to assist in identi-
fying typical forest disturbance types can effectively improve
the accuracy of mapping results. Generally, a high spatial
consistency is typically observed between disturbance types
such as forest fires and plantation expansion and global fire
and plantation distribution. This study uses global fire distri-
bution datasets, artificial plantation distribution datasets, oil
palm datasets, and other auxiliary methods to identify for-
est disturbance types. Meanwhile, there is a high correlation
between population distribution and forest disturbance. This
study collected a forest disturbance potential dataset from
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Table 3. Source of Land Cover Dataset.

Dataset Resolution Dataset source and main purpose

ESA WorldCover 2020 10 m Used to assist in identifying disturbances in cropland, built-up areas, etc.
(https://esa-worldcover.org/en/data-access, last access: 25 February 2026)

Global Forest Change
dataset

30 m Used to assist in identifying disturbed areas.
(https://www.globalforestwatch.org/map/, last access: 12 June 2025)

Global Forest Cover
Change dataset

30 m Used to assist in identifying disturbed areas.
(https://lpdaac.usgs.gov/products/gfcc30tcv003/, last access: 12 June 2025)

three aspects: population density, forest fire distribution, and
spatial distribution of oil palms.

2.3 Derivation of training and validation sample points

Based on literature and actual disturbance image character-
istics, 8 types of forest disturbances have been preliminarily
identified through research: undisturbed (0), shifting culti-
vation disturbance (11), forestry replanting (12), plantation
disturbance (13), deforestation of natural forests (14), for-
est fire disturbance (15), built-up area expansion (18), and
cropland occupation (19). To ensure spatial representative-
ness and class balance, we adopted a stratified random sam-
pling design combined with targeted class-balancing sam-
pling. Through class-balanced sampling, we prevented the
sample from being overly skewed toward large-area cate-
gories, thereby avoiding a decline in the classification per-
formance of small-area categories and ultimately improving
the overall classification accuracy. The sampling and labeling
procedures were conducted independently to ensure statisti-
cal rigor and validation reliability. In contrast, the validation
sample was obtained through a stratified random sampling
design to ensure unbiased accuracy estimation. The valida-
tion sample satisfies the requirements of a probability sam-
ple, and the accuracy estimates are computed using formulas
appropriate for stratified sampling (Stehman, 2014; Olofsson
et al., 2014).

2.3.1 Sampling framework and stratification

We constructed the sampling framework based on the Hansen
Global Forest Change dataset and auxiliary disturbance dis-
tribution maps. The global forest region was stratified into
potential disturbance layers, each corresponding to a likely
disturbance type based on auxiliary data. This stratification
ensured that even rare disturbance types were adequately rep-
resented in the sample pool.

2.3.2 Class-balanced random sampling

To prevent overrepresentation of dominant disturbance types,
we defined minimum target sample sizes for each class (Ta-
ble A1). Within each stratum, candidate sample points were

generated using random coordinate sampling, ensuring that
each class met or exceeded its target sample size. The fi-
nal sample sizes reflect only the visually interpretable and
high-quality points retained after rigorous screening, which
removed points affected by cloud, shadows, or poor image
quality. This quality control step resulted in minor varia-
tions (< 10 % per class) from the target sample sizes. This
approach ensured balanced representation across all distur-
bance types while maintaining spatial randomness within
strata. Note that the class-balanced sampling and stratified
design described above pertain to the training sample. The
validation sample was selected under the same stratification
but without class balancing, following a probability sampling
approach to ensure unbiased accuracy estimation.

2.3.3 Independent visual interpretation and labeling

For 8 elementary disturbance types, 12 well-trained forest
remote sensing professionals visually identified 57 000 forest
disturbance type sample points for over 300 h based on Land-
sat time-series imagery (2000–2020) and high-resolution
google imagery. The labeling process was completely in-
dependent of the initial stratification information. To ensure
global consistency in sample points selection, 8 individuals
were uniquely responsible for selecting 8 types, while an ad-
ditional 4 individuals conducted secondary confirmation of
the selected sample points. Undisturbed sample points were
randomly selected from global forest cover areas and under-
went the same visual verification. A point was labeled as
“undisturbed” only if no detectable disturbance was observed
throughout the study period in both Landsat time-series and
high-resolution imagery. The sample point are evenly dis-
tributed in the global forest disturbance area (Fig. B1).

For the challenging distinction of “shifting cultivation”,
its identification relied on detecting unique cyclical patterns
in the time series. Interpreters were trained to confirm three
key characteristics within the high-resolution historical im-
agery. (1) Clear cyclical boundaries: evidence of alternating
phases of forest (fallow), clearing/burning (clearance), and
crops (cultivation) on the same parcel of land over multiple
years; (2) Short-cycle land cover change: a complete cycle
typically lasts a few years, distinguishing it from permanent
deforestation for agriculture; and (3) Small-scale and frag-
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mented spatial patterns: shifting cultivation plots are usually
small, irregularly shaped, and interspersed with patches of
mature forest. Sample points were only designated as shift-
ing cultivation if they met multiple of these criteria simul-
taneously to ensure accuracy. For the forest weak distur-
bance types caused by drought disturbance (16) and pest
disturbance (17), their sample point selection needs to refer
to high-resolution long-term remote sensing images. Mean-
while, weak disturbances in forest cover are highly time-
bound. For example, the decline in vegetation index caused
by a period of drought will quickly recover due to an increase
in precipitation. At the global scale, it is currently limited
by the availability of remote sensing images. We are unable
to select relevant sample points through Landsat imagery.
Therefore, this study did not consider these two weak dis-
turbance types of drought disturbance and pest disturbance.
This will be an independent topic for further research.

2.4 Decision Tree Classification Model

2.4.1 CART-based classification of core forest
disturbance types

Considering that the core of this study is forest disturbance
type classification, the Classification and Regression Tree
(CART) classification regression tree algorithm, which has
a high advantage in convenient classification, was chosen. In
this article, we only discuss CART used for classification.
For classification trees, CART uses the Gini coefficient min-
imization criterion for feature selection to generate binary
trees. The specific process consists of two steps: decision tree
generation and pruning. During the decision tree generation
phase, a tree is constructed from the training dataset and is
grown to its maximum possible size. Subsequently, pruning
is performed using the validation dataset to select the optimal
subtree, with the minimization of the loss function serving as
the criterion for pruning.

Considering the significant differences in disturbances in
different regions of the world, four CART sub decision trees
were trained for four typical disturbance regions, namely
Africa, Southeast Asia Australia, Central America South
America, and the Northern Forest region, to form a larger
global forest disturbance classification tree model. The en-
tire process is completed interactively on three platforms:
Python, GEE, and ArcGIS. During the training and valida-
tion process of the model, the sample points we selected were
divided into a training set and a validation set according to a
7 : 3 pattern. 40 000 sample points are used for model train-
ing, and another 17 000 randomly selected sample points are
used to validate the model training results (Stehman, 2014;
Olofsson et al., 2014).

2.4.2 Identification of supplementary forest disturbance
types

Based on the preliminary identification of 8 types of forest
disturbances and the global forest change range by CART,
considering the dynamic changes of flood inundation areas
from 2001 to 2020, the forest areas that have been sub-
merged by floods are determined, and then flood disaster dis-
turbances are classified (20). Meanwhile, based on the dis-
tribution of oil palm in the plantation, the interference of oil
palm since 2000 has been extracted (21). In addition, by over-
laying the forest coverage in 2000 and the quantity coverage
in 2020, the newly added forest areas in 2020 were extracted
from the non-forest areas in the early stage (22). Combine
the 8 core forest disturbance types identified by the CART
with these 3 supplementary forest disturbance types to form
a complete GFD map. Finally, this study generated a global
forest disturbance type dataset containing 11 forest distur-
bance types. The final GFD map, except for the newly added
forest, uses Hansen’s global forest change dataset as a mask
to remove pixels that have not undergone forest changes.

2.5 Verification of results

We overlay validation sample points and generated GFD
maps to calculate confusion matrices and evaluate user, pro-
ducer, and overall accuracy. Because the validation sample
was obtained using stratified random sampling (with strata
defined by GFD map classes), all accuracy estimates and
standard errors were computed using estimators consistent
with stratified random sampling following Stehman.

2.5.1 Error matrix

The error matrix is a simple cross tabulation of class labels
assigned by remote sensing data classification and reference
data of sample point locations. The error matrix organizes the
collected sample data in a way that summarizes key results
and helps quantify accuracy of various types of forest dis-
turbance. The main diagonal of the error matrix highlights
the correct classification, while the diagonal elements show
omissions and errors. The cell entries and marginal values
of the error matrix are the basis for accuracy evaluation es-
timation. In the matrix, nij represents the number of sample
points whose map label is class i and whose reference label
is class j . Let ni· =

∑
jnij be the total number of sample

points in map class i, and n=
∑
ini· be the total number of

validation sample points.
Because the validation sample is obtained by stratified ran-

dom sampling with strata defined by map classes, the con-
tribution of each map class to the overall accuracy should
be weighted by its mapped area. Let Wi =Ni/N denote the
proportion of mapped area (or pixel count) belonging to map
class i within the assessment domain, where Ni is the num-
ber of pixels (or area) mapped as class i and N =

∑
iNi .
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Overall accuracy (OA) is the proportion of area correctly
classified. It is computed as the area-weighted sum of the
within-class correct proportions:

OA=
∑
i

Wi

nii

ni·
(2)

User’s accuracy for Class i (Ui) (the number of sample points
mapped to class i with reference to class i):

Ui =
nii

ni·
(3)

Producer’s accuracy for class j is the probability that a refer-
ence sample of class j is correctly mapped as class j . Under
the stratified design, the total proportion of area belonging to
reference class j is estimated by combining all map classes
using their area weights, i.e.,

∑
iWi

nij
ni·

. Therefore:

Pj =
Wj

njj
nj ·∑

iWi
nij
ni·

(4)

2.5.2 Estimating accuracy

The sampling variability associated with the accuracy es-
timates should be quantified by reporting standard errors.
The variance estimators are provided below, and taking the
square root of the estimated variance results in the stan-
dard error of the estimator. For overall accuracy, note that
OA=

∑
iWiOAi , where OAi = nii

ni·
. The estimated variance

is:

V (OA)=
∑
i

W 2
i

OAi (1−OAi)
ni·− 1

(5)

For user’s accuracy of map class i, the estimated variance is

V (Ui)=
Ui (1−Ui)
ni·− 1

(6)

For producer’s accuracy of reference class j , let Pj =
Aj
Bj

,

where Aj =Wj
njj
nj ·
Bj =

∑
i

Wi
nij
ni·

. Using a first-order ap-

proximation, the estimated variance is

V
(
Pj
)
=

1
B2
j

[V
(
Aj
)
+P 2

j V
(
Bj
)
− 2PjCov(Aj ,Bj )] (7)

with

V
(
Aj
)
=W 2

j

(
njj
nj ·

)(
1− njj

nj ·

)
nj ·− 1

, V
(
Bj
)

=

∑
i

W 2
i

(
nij
ni·

)(
1− nij

ni·

)
ni·− 1

and Cov(AjBj )= V
(
Aj
)

because the i = j component of
Bj containsAj , while the remaining components ofBj come
from other strata. The standard error of each estimator is
computed as SE=

√
V (·).

Figure 3. Confusion Matrix of Global Forest Disturbance Classifi-
cation.

2.5.3 Comparison with other datasets

We compared GFD map with these other datasets to calcu-
late the degree of agreement on typical forest disturbance
types. At the global scale, the currently available dataset,
“Classifying drivers of global forest loss (CDGFL)”, has a
relatively low resolution (10 km) (Curtis et al., 2018), and
the concept of forest loss differs from that of forest dis-
turbance in this study. Therefore, the absolute area of for-
est loss under different drivers cannot be directly compared
with the forest area under different disturbance types. Con-
sequently, we only compared the proportional characteristics
of forest cover under the same drivers and disturbance types
across different global regions to validate the agreement of
our global spatial distribution of forest disturbances.

Here, we divided the global continental area into 200
grids (n) with spatial location information, each measuring
10°× 10°. First, we calculated the proportion of forest loss
area under different drivers within each grid relative to the
global forest loss area, denoted as pi , where i represents the
driver type. Second, we calculated the proportion of forest
area under different disturbance types within each grid rel-
ative to the global forest disturbance area, denoted as qi ,
where i represents the disturbance type. The agreement of
this study was determined by examining the spatial consis-
tency between these two proportions. The primary metrics
used for validation included the coefficient of determination
(R2) from linear regression (James et al., 2013), mean abso-
lute error (MAE), and root mean square error (RMSE).
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R2
= 1−

∑n
i (qi −pi)2∑n
i (qi − p̄i)2 (8)

MAE=
1
n

n∑
i

|pi − qi | (9)

RMSE=

√√√√1
n

n∑
i

(pi − qi)2 (10)

3 Result

3.1 Accuracy verification of GFD mapping results

The confusion matrix validation results indicate an overall
accuracy of 99 % (Fig. 3). The highest confusion occurs be-
tween shifting cultivation and forestry replanting, as well
as deforestation of natural forests, though the accuracy re-
mains relatively high. Owing to the high accuracy of current
DP and LUC datasets, such as forest fire maps, plantation
maps, and land use/cover maps, the identification accuracy
of their corresponding disturbance types is considerably im-
proved. The identification accuracy for disturbances such as
fire reaches nearly 98 %. Here, there is no validation of the
three disturbance types of oil palm, flood disaster, and newly
added forests, as the identification of these disturbance types
is based on the superposition with existing datasets, and their
accuracy directly depends on the accuracy of the reference
dataset. Here, we restricted our analysis to areas that had un-
dergone forest disturbance. The observed 100 % accuracy for
the undisturbed class is attributable to the masking procedure
applied using Hansen’s Global Forest Change dataset.

The accuracy assessment results reveal significant vari-
ations in classification performance across different for-
est disturbance types. The overall accuracy reaches
99 % (±0.03 %), indicating robust model performance
at the aggregate level (Table 4). Forest fire distur-
bance (98 %± 0.31 % user’s accuracy, 99 %± 0.09 % pro-
ducer’s accuracy) and plantation occupation (97 %± 0.52 %,
98 %± 0.74 %) demonstrate the highest classification reli-
ability. Forestry replanting shows strong (91 %± 0.45 %,
91 %± 0.47 %), while shifting cultivation achieves mod-
erate performance and slightly more variable accuracy
(85 %± 0.86 %, 86 %± 0.70 %). Deforestation of natural
forests exhibits the lowest user’s accuracy (85 %± 1.62 %),
suggesting significant confusion with other disturbance
types. Built-up area expansion shows high user’s accuracy
(98.49 %± 0.23 %) but relatively lower producer’s accuracy
(46.99 %± 3.34 %), indicating omission of this class in the
mapped results. These results highlight the model’s effective-
ness for dominant disturbance types.

3.2 The spatial distribution of GFD

A high-resolution forest disturbance distribution map of the
world has been developed (Fig. 4). The global forest cover
disturbance changes mainly occur in South America, Asia,
Africa, and North America, accounting for 24 %, 23 %, 20 %,
and 18 % of the total, respectively. The evergreen conif-
erous forest exhibits significant disturbance in the central
Cordillera Mountains, southern Labrador Plateau, Eastern
European Plain, and Western Siberian Plain. In the northern
part of Eurasia, forest fires remain the most important fac-
tor affecting forests. Significant changes in evergreen broad-
leaved forests have been observed in the southern Amazon
Basin, South Asia, and Indonesia.

Between 2000 and 2020, the area of disturbed forests
worldwide reached 1247.06 Mha, accounting for 31 % of
the global forest area. The main types of global forest dis-
turbance are forestry replanting (44 %), shifting cultivation
(24 %), and forest fires (11 %) (Fig. 5). The large-scale de-
forestation of natural forests also accounts for 9 % of global
forest disturbance. The disturbance to forests caused by the
cropland occupation, plantation disturbance, oil palm culti-
vation, and built-up area expansion also accounted for 4 %,
2 %, 0.78 %, and 0.22 %, respectively. Meanwhile, the newly
added forests worldwide account for 3 % of the global forest
disturbance area.

3.3 Spatial distribution of typical GFD

The encroachment of cropland expansion into forests is pre-
dominantly distributed in Brazil in South America, the south-
ern coast of West Africa, East Africa, and mainland South-
east Asia (Fig. 6a). Forest fires primarily occur in Siberia,
Russia; Canada and Alaska in North America; the southern
coast of Australia; and the southern edge of the Amazon in
South America (Fig. 6b). Shifting agriculture is mainly con-
centrated in tropical regions, particularly in African forests,
mainland and insular areas of Southeast Asia, and certain
parts of Latin America (Fig. 6c). Global plantation-induced
forest disturbances are primarily observed along the eastern
coast of the United States, the southeastern coast of South
America, Western Europe, Southeast Asia, and the southeast-
ern coastal regions of China (Fig. 6d).

Based on disturbance trajectories and recovery status, this
study classified global forest cover into four categories:
(a) disturbed then recovered, (b) disturbed but unrecovered,
(c) undisturbed forests, and (d) newly established forests
(Fig. 7). The recovered forests were predominantly located in
wildfire-affected areas in North America and Siberia, planta-
tion areas in Southeast Asia and the U.S. Eastern Seaboard,
shifting cultivation regions across Southeast Asia, the Amer-
icas and Africa, as well as the Amazon rainforest (Fig. 7a).
Unrecovered disturbed forests were primarily concentrated
in cropland expansion areas of mainland Southeast Asia,
South America and Africa (Fig. 7b). Globally undisturbed
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Table 4. Accuracy Evaluation of GFD Mapping Results.

Type User’s Accuracy Uncertainty (±) Producer’s Accuracy Uncertainty (±) Overall Accuracy

11 85 % 0.86 % 86 % 0.70 % 99 %± 0.03 %
12 91 % 0.45 % 91 % 0.47 %
13 97 % 0.52 % 98 % 0.74 %
14 85 % 1.62 % 82 % 1.24 %
15 98 % 0.31 % 99 % 0.09 %
18 98 % 0.23 % 47 % 3.34 %
19 97 % 0.45 % 95 % 1.13 %

Note: the uncertainty is the standard error of the estimate.

Figure 4. Global Forest Disturbance Distribution Map in 5.5 km resolution.

forests over the past two decades were mainly distributed
across tropical rainforests in Africa, the Americas and South-
east Asia, along with primary forest regions in southeastern
China, Russia, the United States and Canada (Fig. 7c). Newly
added forest since the 2000 were principally found in India,
China, southern Brazil, northern Australia, mountainous ar-
eas of the western United States, and Siberia (Fig. 7d).

3.4 Spatial consistency with other products

We compared the proportional characteristics of forest cover
under the same drivers and disturbance types across different
global regions. The agreement of this study was determined
by examining the spatial consistency between these two pro-
portions. The goodness of fit coefficient (R2) between the
two was used as the consistency coefficient. According to
200 grids covering a wide range of forest areas worldwide,
the proportion of GFD in each grid has a high consistency
with the proportion of CDGFL, with a consistency coeffi-
cient of 0.93 (R2

= 0.93). From the perspective of error, the
MAE and RMSE of the two are 0.13 % and 0.19 %, respec-
tively (Fig. 8). From the statistical proportion of different

types of forest disturbance or forest loss drivers worldwide,
both show forestry replanting> shifting cultivation> forest
fires> deforestation of natural forest.

Across different forest disturbance types, all categories ex-
hibit strong spatial consistency with the existing CDGFL
dataset (Fig. 9). We quantified the four dominant distur-
bance types with the largest proportions: forestry replant-
ing, shifting cultivation, forest fire, and deforestation of
natural forests (Fig. 9). The comparative analysis reveals
that these four major disturbance types display high spa-
tial agreement with the existing low-resolution CDGFL
dataset, with the following metrics: shifting cultivation
(R2
= 0.78, MAE= 0.07 %, RMSE= 0.16 %), forestry re-

planting (R2
= 0.83, MAE= 0.11 %, RMSE= 0.17 %), for-

est fire (R2
= 0.85, MAE= 0.06 %, RMSE= 0.12 %), and

deforestation of natural forest (R2
= 0.62, MAE= 0.05 %,

RMSE= 0.11 %). Notably, forestry replanting, despite hav-
ing the highest consistency coefficient (0.91), shows the
largest error index (RMSE= 0.17 %) (Fig. 9b). In con-
trast, deforestation of natural forest, with the lowest con-
sistency coefficient (0.75), exhibits the smallest error index
(RMSE= 0.11 %) (Fig. 9d). This discrepancy is likely at-
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Figure 5. Global Forest Disturbance Classification Map in 30 m resolution.

Figure 6. Global Typical Forest Disturbance Statistics. (a) is the cropland occupation on forests; (b) is the disturbance caused by forest fires;
(c) is the disturbance of shifting cultivation; (d) is the disturbance of plantations (excluding oil palm). These results are presented on a grid
of 1.5°× 2.5°, and note varying scales.

tributable to the high degree of confusion between forestry
replanting and other disturbance types (Fig. 3).

4 Data availability

Landsat data and auxiliary data are sourced from pub-
lic data archives and GEE’s user team (https://code.
earthengine.google.com/, last access: 10 May 2025), which
requires logging into a GEE account. The GFD type
map produced in this study is openly available at

https://doi.org/10.6084/m9.figshare.28465178 (Liu et al.,
2025a).

5 Conclusion

The study presents the first high-resolution global forest dis-
turbance (GFD) dataset, which significantly advances the
monitoring and understanding of forest dynamics from 2000
to 2020. By integrating Landsat-based Continuous Change
Detection and Classification (CCDC) time-series analysis
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Figure 7. Global Forest Disturbance Characteristics. (a) is recovered forest area; (b) is unrecovered disturbed area; (c) is undisturbed forest
area; (d) is newly added forest area. These results are presented on a grid of 1.5°× 2.5°, and note varying scales.

Figure 8. Overall spatial consistency comparison with CDGFL.

with spatial predictors and machine learning techniques, the
dataset achieves an impressive overall accuracy of 99 %,
demonstrating robust performance in classifying 11 ma-
jor forest disturbance types. The results highlight forestry
replanting (44 %), shifting cultivation (24 %), and forest
fires (11 %) as the dominant drivers of global forest cover
changes, collectively accounting for nearly 80 % of the total
disturbed area. Meanwhile, the newly added forests world-
wide account for 3 % of the global forest disturbance area.
These findings underscore the pervasive impact of anthro-
pogenic activities and natural disturbances on forest ecosys-
tems, with significant regional variations observed across
tropical, temperate, and boreal forests.

The spatial distribution of disturbances reveals critical
patterns: cropland expansion primarily affects forests in
South America, West Africa, and Southeast Asia; forest
fires are concentrated in Siberia, North America, and Aus-
tralia; and shifting cultivation dominates tropical regions.
The study also identifies areas of forest recovery, particularly
in wildfire-affected zones and plantation regions, as well as
newly established forests in countries like China, India, and
Brazil. These insights are vital for informing targeted conser-
vation strategies and climate change mitigation efforts, such
as those under the Paris Agreement.

Despite its achievements, the study acknowledges limita-
tions, including the exclusion of weak disturbances (drought
and pests) due to data constraints and the challenges in distin-
guishing between certain disturbance types, such as forestry
replanting and deforestation. Future research should focus
on incorporating higher-resolution data and refining classi-
fication algorithms to address these gaps. Nevertheless, the
GFD dataset provides a valuable foundation for global forest
governance, carbon accounting, and sustainable land man-
agement, offering policymakers and scientists a reliable tool
to track forest changes and implement evidence-based inter-
ventions.

In conclusion, this study represents a significant step for-
ward in global forest monitoring, combining advanced re-
mote sensing technologies with machine learning to deliver
a comprehensive, high-accuracy dataset. Its findings empha-
size the urgent need for coordinated international efforts to
mitigate forest degradation and promote restoration, ensur-
ing the continued provision of essential ecosystem services
in the face of escalating environmental challenges.
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Figure 9. Spatial consistency under different forest disturbance types. (a)–(d) represent the spatial consistency of between the GFD and the
CDGFL in shifting cultivation, forestry replanting, forest fire, and deforestation of natural forest, respectively.

Appendix A

Table A1. Target and actual sample sizes by disturbance type.

Disturbance Type Code Target sample size Actual sample size

Undisturbed 0 3500 3476
Shifting cultivation 11 1800 1760
Forestry replanting 12 4000 4030
Plantation disturbance 13 1100 1065
Deforestation of natural forests 14 600 557
Forest fire 15 1600 1597
Built-up expansion 18 3000 2939
Cropland occupation 19 1600 1535
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Appendix B

The selection of sample points was primarily based on the
time-series changes observed in Landsat images from 2000
to 2020, supplemented by historical high-resolution imagery
from Google Earth. Through extensive analysis, eight types
of forest disturbances were preliminarily identified: undis-
turbed (0), shifting cultivation disturbance (11), forestry re-
planting (12), plantation disturbance (13), deforestation of
natural forests (14), forest fire disturbance (15), built-up area
expansion (18), and cropland occupation (19). A total of
57 000 sample points representing these disturbance types
were visually interpreted. These sample points are evenly
distributed across global forest disturbance areas (Fig. B1).

Figure B1. Overall spatial consistency comparison with CDGFL under logarithmic scale.
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