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Abstract.

Forests are in decline worldwide due to human activities such as agricultural
expansion, urbanization, and mineral extraction. Forest loss due to generally temporary
causes, such as wildfire and forest management, is important to distinguish from
permanent land use conversion due to the differing ecological and climate impacts of
these disturbances and for the purposes of developing effective policies and management
strategies. Existing global maps of the drivers of forest loss that are widely used are
not spatially or thematically detailed enough for decision makers at local-to-regional
scales, such as governments, land managers, or companies. Using publicly available
satellite observations (Landsat, Sentinel) and ancillary biophysical and population data,
we developed a 1 km resolution, global map of the dominant drivers of forest loss
from 2001 to 2022 with seven classes: permanent agriculture (e.g., commodity crops or
pasture), hard commodities (e.g., mining), shifting cultivation, forest management (e.g.,
logging or wood fiber plantations), settlements and infrastructure, wildfire, and other
natural disturbances. We interpreted nearly 7,000 reference samples to train a global
neural network model that classifies the driver of forest loss with an overall accuracy of
90.5%. Our results show that permanent agriculture was the leading driver of forest loss
globally, representing 35% of loss from 2001 to 2022. The drivers of forest loss vary by
region, with the leading driver identified as forest management in Europe, permanent
agriculture across the tropics, and wildfire in Russia, the Asian mainland, North
America, and Oceania. Our results enable assessment of forest disturbance dynamics
from local to global scales and can support tracking progress towards corporate and
governmental zero-deforestation commitments, monitoring deforestation risks within
jurisdictions and supply chains, and assessment of global biodiversity targets.

Submitted to: Environ. Res. Lett.
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1. Introduction

Forest loss and degradation are a substantial source of carbon emissions, a leading cause
of biodiversity loss, and can negatively impact local communities [27, 22] [12]. While
advances in remote sensing have improved the ability to monitor global forest dynamics,
available data on tree cover loss [26] do not differentiate permanent (e.g., deforestation)
from temporary (e.g., degradation) tree cover loss. The distinction is crucial because the
long-term conversion of forests to other land uses has different — often more severe —
carbon and ecological impacts compared to forest degradation, management, and other
temporary forest disturbances, whether caused by human activities or natural events
[48, 5, 23], 6], [45], 27].

A spatially explicit and up-to-date understanding of the drivers of forest loss is
fundamental for decision-makers to design and implement targeted forest conservation
interventions [69, 20, [33]. Such information is critical for governments devising policies
under international frameworks, such as REDD+ (reducing emissions from deforestation
and forest degradation in developing countries) under the United Nations Framework
Convention on Climate Change (UNFCCC) [35] or National Biodiversity Strategies and
Action Plans (NBSAPs) under the UN Convention on Biological Diversity (CBD) [31].
In addition, it is useful for companies striving to eliminate deforestation from their
supply chains and for land managers developing strategies to increase forest resilience to
disturbances under climate change.

Recognizing this need, attributing the direct drivers of forest loss is an active area
of research. A number of studies have quantified drivers using sample-based assessments
[15], 146, (4, 16], (78, 56, 2T]. However, these methods are challenging to update frequently
and are not operational for users who require wall-to-wall maps. Other recent studies
have developed models that use satellite remote sensing data to classify and map drivers,
including across the tropics [59] or at regional scales, including Africa [49], Europe [68],
and Boreal and Arctic regions of North America [86]. The focus has also been on specific
drivers such as fire [80], shifting cultivation [I1], cocoa 38|, mining [44], soybeans [T1],
logging [34], and rubber [82]. Other studies have focused on the sub-national or country
level [62, 67, 14, 136, 53, 32, 21, 51} [47]. Some of the most novel advancements have been
in near real time classification of drivers to enable rapid interventions by governments
and forest defenders [70]. Many of these studies have used machine learning models,
most commonly random forest models [32] 1T}, [82], [7T], (67, 14, 36, 53, 86, 51, 47]; however,
deep learning approaches are increasingly being leveraged [59] 62], 49, 138, [70].

Despite these recent advancements, one of the most widely used products attributing
the drivers of forest loss is a global study by [13] from 2018 at a coarse spatial resolution of
10 km. Although recent studies offer advantages with regard to higher spatial resolution
or more detailed classes with local relevance, they are limited to a specific region or
shorter time frames, impeding their ability to provide insights globally for the 21st century.
It is crucial to have a globally consistent product to allow for accurate comparisons
across regions and provide a clearer understanding of the dynamics of various drivers
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over the last two decades.

The goal of the present work was to create a global map of the dominant drivers of
forest loss from 2001-2022 at 1 km spatial resolution. To achieve this goal we developed
a deep learning model to classify the drivers of tree cover loss from the Global Forest
Change (GFC) product [26] according to seven classes. We collected a set of 6,955
training samples through interpretation of very high resolution satellite imagery and
developed a single world-wide customized residual convolutional neural network model
(ResNet) using satellite data and ancillary biophysical and population data. Our model
classifies the direct driver that caused the majority of tree cover loss area within each
1 km grid cell from 2001-2022. The improvement in thematic and spatial resolution
allowed us to differentiate losses that may be temporary in nature (due to logging and
wood-fiber harvest, wildfire and other natural disturbances) from deforestation (due to
agricultural activities, settlements and infrastructure, and hard commodity expansion).

2. Methods

2.1. Definitions

This study classifies the dominant driver of forest loss from 2001-2022 at 0.01 degree
(approximately 1 km at the equator) spatial resolution, globally. Forest loss is defined,
following [26], as stand-replacement disturbances that remove woody vegetation exceeding
5 m in height. The "dominant" driver is defined as the direct driver that caused the
majority of tree cover loss area as detected by [20] within each 1 km grid cell from 2001-
2022. In this study we divide the world into seven regions: North America, Latin America,
Europe, Africa, Asia (including East/South/Central Asia & Middle East), Southeast
Asia, and Oceania . We map seven driver classes: permanent agriculture,
hard commodities, shifting cultivation, forest management, wildfires, settlements and

infrastructure, and other natural disturbances (Table 1] [Figure 1J).

2.2. Training data collection

An initial set of training samples were generated using a global stratified random sample
based on the seven driver classes. Samples were collected from the 1 km grid overlaid
with tree cover loss data from the GFC product [26]. To avoid sampling noise, we subset
the grid cells to those where tree cover loss makes up at least 0.5%.

Training data were interpreted by a team of nine trained image analysts using the
drivers of forest loss definitions and a suite of online tools, accessed through
the Google Earth Engine APT [25]. Tmage analysts interpreted drivers on-screen using a
combination of high-resolution imagery, time series of spectral reflectance and indices, as

well as contextual layers (see [section S1} [Table S3|). The 1 km grid cells served as the

basic unit of interpretation. For each grid cell (plot), analysts collected information on
the primary driver of loss (greater than 50% of the loss within the plot), secondary driver
of loss, and their confidence in assigning each label. We had a “Noise” category that
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Driver Definition
Permanent Long-term, permanent tree cover loss for small- to large-scale
agriculture agriculture. This includes perennial tree crops such as oil palm,

cacao, orchards, nut trees, and rubber, as well as pasture and
seasonal crops and cropping systems, which may include a fallow

period.
Hard Tree cover loss due to the establishment or expansion of mining
commodities or energy infrastructure. Mining activities range from small-scale

and artisanal mining to large-scale mining. Energy infrastructure
includes power lines, power plants, oil drilling and refineries, wind
and solar farms, flooding due to the construction of hydroelectric
dams, and other types of energy infrastructure.

Shifting Tree cover loss due to small- to medium-scale clearing for

cultivation temporary cultivation that is later abandoned and followed by
subsequent regrowth of secondary forest or vegetation.

Forest Forest management and logging activities occurring within

management managed, natural or semi-natural forests and plantations, often

with evidence of forest regrowth or planting in subsequent years.
This includes harvesting in wood-fiber plantations, clear-cut and
selective logging, establishment of logging roads, and other forest
management activities such as forest thinning and salvage or
sanitation logging.

Wildfire Tree cover loss due to fire with no visible human conversion or
agricultural activity afterward. Fires may be started by natural
causes (e.g. lightning) or may be related to human activities
(accidental or deliberate).

Settlements and  Tree cover loss due to expansion and intensification of roads,

infrastructure settlements, urban areas, or built infrastructure (not associated
with other classes).

Other natural Tree cover loss due to other non-fire natural disturbances, including

disturbances storms, flooding, landslides, drought, windthrow, lava flows,

sediment flow or meandering rivers, natural flooding, insect
outbreaks, etc. If tree cover loss due to natural causes is followed by
salvage or sanitation logging, it is classified as forest management.

Table 1. Drivers of forest loss classes used in this study and their definitions

was used when the tree cover loss data by [26] indicated loss but upon interpretation it
turned out to be a false positive with no actual loss on the ground (e.g., due to cloud
or sensor issues, misclassification, etc.). Each plot was reviewed for quality by a duo of
senior analysts with domain expertise, resulting in a total of 5,179 plots globally.
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Figure 1. Examples of satellite imagery representing the seven driver classes used in
this study. Map data: Google, Maxar Technologies, and Airbus.

We collected 2,607 additional training plots via an active learning workflow to
improve classifications . The initial training dataset and active learning
dataset combined resulted in 7,786 plots, of which 831 (11%) were removed due to low
confidence (7%) and noise (4%). The resulting final training dataset used in model
development had 6,955 plots (Figure S2| [Table S1|), the majority of which had high
confidence (80%). Nearly a quarter (22%) had a secondary driver in addition to a primary

driver.

2.3. Model input data and pre-processing

The basis of this model and a core input is the GFC product v1.10 [26], which includes
the year of tree cover loss along with first and last Landsat 7 cloud-free composite,
updated through 2022, at 1 arc second (approximately 30 m at the equator). The first
composite is from the first available year, circa 2000. The last image composite is from
2022 or the closest year with cloud free data.

Additionally, the model included data from Sentinel-2, as well as ancillary biophysical
and population data relevant to our driver classes . For more information on
the input data specifications and pre-processing steps, see [section S2] Dataset generation
steps were conducted in Google Earth Engine [25], resulting in model input data as

presented in [Table 2|
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Table 2. Model input data description and dimensions ([time|, height, width, bands).

Data source

Bands

Dimensions

Global Forest Change
[26]

9 bands: tree cover in 2000, tree cover loss, tree
cover gain, loss year, data mask, and two Landsat
7 composites (for the year 2000 and 2022) of 4
channels each (red, NIR, SWIR1, SWIR2)

(112, 112, 13)

Sentinel-2

5 bands: peak summer composites for 5 bands (B3,
B4, B5, B7, B12) with 10m and 20m resolution
channels for three years (2018, 2020, 2022)

(3,112, 112, 5)

Global Human Settle-
(GHSL)
Global population sur-
faces [66]

ment Layer

Single band for 7 time intervals (1995, 2000, 2005,
2010, 2015, 2020, 2025 [projected])

(7,112, 112, 1)

Tree cover loss due to
fire [80]

Single binary band indicating fire (1) and not fire

(0)

(112, 112, 1)

Mining dataset [50} 17
75|

Single binary band indicating presence of mining
sites (1) and no mining (0), created by taking the
union of the input data sources

(112, 112, 1)

Dynamic World [9]

3 bands: annual mean probability for 3 land cover
classes (grass, crops, shrub/scrub) for three years
(2016, 2019, 2022)

(3,112, 112, 3)

Copernicus GLO 30 3 bands: elevation, slope, aspect (112, 112, 3)
m Digital Elevation

Model with forest

and building removed

(FABDEM) [28]

Region annotation Single value (1,1, 1)
Latitude Single value (1,1, 1)
Longitude Single value (1,1, 1)

2.4. Model architecture

Initially, we conducted comparisons with a random forest baseline model and compared it
against convolutional [29, 42] and vision transformer [43] 2] based neural network models
[61]. A variant of convolutional neural networks called the Residual Network (ResNet)
model performed best, so we tuned its architecture to better fit our 1 km resolution
geospatial data. We adjusted the first stem layer of the model and reduced the depth of
the network while also increasing the width of the layers. This resulted in a model with
12.8 M parameters.
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2.5. Training a model ensemble

To tune the model and optimize the parameters, we used a 5-fold cross-validation. The
model was trained for 10 epochs with gradient descent using the Adam optimizer with
weight decay [41].

For robust evaluation, we used 20 random seeds to initialize the model weights and
for training data random augmentation, resulting in total in 100 trained models (5 folds
x 20 random seeds). For a full list of the tuned training parameters for the best model
configurations, see [Table S4] The overall scheme of data flow from model training to
global inference map generation is outlined in [Figure 2|

Since we had a relatively small number of examples for a deep learning approach,
we ensemble a set of trained models to reduce model uncertainty [8]. We constructed an
ensemble by varying model depth and width, number of training epochs, and random
seeds for model weight initialization. For each 5-folds model training, we selected the
best two models based on the evaluation fold to be kept in the ensemble. Additionally,
we used the technique of "label smoothing" for some models in the ensemble, which
makes the training more robust against potential errors and uncertainties in the training
data [74]. See for more information.

The spatial extent of the inference map is the global area where tree cover loss is
detected by the GFC product [20], excluding areas where tree cover loss comprised less
than 0.5% of the 1 km grid cell, due to the challenges of making accurate predictions
on these small areas of loss. In addition to the driver of forest loss classification, we

produced maps of the probability of each class (section 7)).

Figure 2. Diagram illustrating the overall flow of data and model training, outlining
different flows for model training and inference, and distinguishing geospatial-data specific
processing and domain-agnostic machine learning.

2.6. Validation data collection

A stratified random sample of 3,574 1 km plots (Figure S3|) was used to estimate the

accuracy of the final classification map. We used a similar interpretation protocol for
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the validation and training data collection (described in [subsection 2.2} [section S1J).

Validation plots were identified and collected independently of training plots following
the best practices outlined in [55] and [73]. We stratified our accuracy assessment based
on seven regions and seven driver classes for a total of 49 strata. Sample sizes per strata
were derived using an initial map version and an optimal sample allocation based on
guidance in [55].

2.7. Sample-based estimation of driver proportions

The validation sample was used to estimate the proportion of tree cover loss from
2001-2022 [20] attributable to each driver in each of the seven regions and globally. The
number of plots randomly selected from each stratum are shown in We used
a ratio estimator as described by [72] and [13]. We weighted the results by the area of
tree cover loss such that plots with more tree cover loss were weighted higher as per [13].
We calculated the overall, producer’s and user’s accuracies, as well as driver proportions
with 95% confidence intervals using the validation plots (Table Sh| [Table 3)). Reported
results include validation plots labeled as "Noise" ; accuracies generated with
noise-free validation plots were comparable.

2.8. Map-based comparison with prior estimates

We compared the results from our map with the Curtis et al. [13] drivers of forest
loss map at 10 km resolution, updated through 2022 to match the time period of our
study. We calculated the proportion of the total area of tree cover loss from 2001-2022
attributed to each driver by overlaying the GFC tree cover loss data v1.10 [26] with our 1
km drivers map and with the updated Curtis et al. drivers map, and summed the area of
loss for each driver globally and by region. We combined our permanent agriculture and
hard commodities class for the comparison, since these were grouped into a single class
(commodity-driven deforestation) in [I3]. We compared our settlements & infrastructure
class to the urbanization class in Curtis et al., and excluded other natural disturbances
from the comparison, since this class was not included in [13].

3. Results

3.1. Global and regional drivers of forest loss

Our results indicate that permanent agriculture was the leading driver of tree cover loss,
accounting for 35+3% of loss globally from 2001-2022 (Table 3)). Permanent agriculture
was predominant in tropical regions , and was attributed to 69+6% of loss in
Latin America, 61+7% in Southeast Asia, and 51+7% in Africa. Our model classified
loss associated with diverse types of permanent agriculture, ranging from commodity
crop production, such as palm oil and rubber in Southeast Asia, pasture and soy in Latin
America, and cocoa in West Africa, to small-scale or subsistence agricultural expansion,
such as in dry tropical forests in Africa.



Global drivers of forest loss at 1 km resolution 9

The second largest driver of tree cover loss was wildfire, approximately 29+2% of
loss globally, followed by forest management at 23+2%. Wildfire and forest management
were predominant in temperate and boreal regions. Wildfire represented 65+5% and
66+5% of loss in Asia and Oceania, respectively, and 45+6% in North America. In Asia,
the majority of wildfire-driven loss occurred in Russia. Forest management accounted
for the majority of tree cover loss in Europe (85+4%) and nearly half of all loss in North
America (45+6%). Our model classified large areas of selective logging in the tropics,
with higher spatial resolution relative to previous studies [13], allowing for delineation
of these disturbances when they co-occur with other land uses, such as agriculture
(Figure 4J).

Globally, 8+1% of tree cover loss was attributed to shifting cultivation, primarily
in Africa and Southeast Asia, with a smaller proportion in Latin America. Shifting
cultivation represented 37£6% of tree cover loss in Africa, 114+4% in Southeast Asia, and
442% in Latin America. Hard commodities, other natural disturbances, and expansion of
settlements and infrastructure accounted for a relatively small percent of tree cover loss
globally (1.54+0.5%, 2.2+0.7%, and 1.24+0.3%, respectively), but were important regional
drivers. For example, in Southeast Asia and Asia, a relatively higher proportion of loss
was attributed to the establishment and expansion of hard commodities— 2.44+1.5%
and 1.74+0.7% of loss, respectively. Other natural disturbances represented 3.9+2.2%
in North America and 3.5+2.1% of loss in Asia. Disease and insect outbreaks, such
as bark beetle, were common in Asia and North America and caused large-scale loss
in those regions. Expansion of settlements and infrastructure represented 2.4+1.2% of
loss in North America and 2.4+1.8% in Europe, primarily around urban centers .

Figure 3. Global drivers of forest loss.
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Figure 4. Examples of global drivers of forest loss at 1 km resolution. Color opacity
corresponds to tree cover loss intensity within each 1 km grid cell. The Global Forest
Change tree cover loss data at 30 m resolution is displayed in white beneath the drivers of
forest loss map. a) Gold mining, natural river meandering, and agriculture expansion in
Madre de Dios, Peru (lon: -70.5378, lat: -12.7778), and b) Planet imagery from 2022. c)
Palm oil plantations surrounding by selective logging in Sarawak, Malaysia (lon: 114.1137,
lat: 3.2739) and d) Planet imagery from 2019 (following selective logging in 2017 and
2018). e) Shifting cultivation in the Democratic Republic of Congo (lon: 19.0567, lat:
0.5707), and f) Planet imagery from 2022. g) Urban expansion in North Carolina, United
States (lon: -78.8480, lat: 35.7784) and h) Sentinel-2 imagery from 2021.

10
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Table 3. Global and regional map-based and sample-based attribution of the proportion
of total tree cover loss by driver. Map-based estimates were calculated using the Global
Forest Change tree cover loss data from 2001-2022 overlaid with our drivers of forest loss
map. Sample-based estimates are based on the validation sample and derived using a
ratio estimator. Sample-based values include +95% confidence interval. *Indicates drivers
associated with permanent deforestation.

Region Perm Hard Shifting Forest Wildfire Settle & Other
ag* com* cult man infra* nat dist

North America

Map 2.7% 0.6% 0.0% 48.2% 45.0% 1.9% 1.7%

Sample 3.0+2.7% 1.1£1.3%  0.0+0.0%  44.7+6.1% 44.9+5.7% 2.4+1.2%  3.9+2.2%

Latin America

Map 73.8% 0.7% 3.2% 11.5% 8.2% 0.4% 2.1%

Sample 68.7+5.7% 1.5+1.6%  4.0£1.7%  11.0+4.4% 13.4+3.9% 0.3+0.2% 1.14+0.5%

Europe

Map 1.6% 0.4% 0.0% 88.9% 7.6% 1.3% 0.2%

Sample 3.842.4%  0.44+0.3%  0.0£0.0%  85.5+4.4% 7.3+3.3%  2.4+1.8%  0.6+0.5%

Africa

Map 53.0% 0.5% 38.9% 4.3% 1.8% 1.0% 0.5%

Sample 51.1£6.6% 1.24+0.9%  36.6+6.5% 3.24+2.3% 5.6+2.1% 1.1£08% 1.1+£0.6%

Asia

Map 2.5% 1.0% 1.5% 26.3% 65.4% 1.4% 1.9%

Sample 3.9+1.9% 1.74+0.7% 1.3+0.6%  23.0+5.1% 65.5+5.3% 1.0+0.5%  3.5+2.1%

Southeast Asia

Map 65.7% 1.8% 14.8% 12.6% 3.7% 0.8% 0.7%

Sample 61.3£6.7% 2.4+1.5% 11.1+4.0% 18.24+5.4% 3.94+2.1% 1.2+0.9% 1.9+1.5%

Oceania

Map 6.0% 0.7% 4.3% 20.3% 66.5% 0.7% 1.5%

Sample 11.24+4.4% 0.8+1.0% 4.4+1.4%  15.5+4.1% 66.1£5.4% 0.6+0.3%  1.44+0.5%

Global

Map 34.4% 0.8% 8.5% 25.2% 28.5% 1.1% 1.5%

Sample 34.842.6% 1.5+0.5%  7.9+1.3%  23.1+£2.2% 29.3+2.3% 1.24+0.3%  2.24+0.7%

3.2. Drivers of permanent and temporary forest loss

Permanent agriculture, hard commodities, and expansion of settlements and
infrastructure are likely to represent a permanent land use change from forest to non-
forest and are therefore indicative of deforestation. Globally, 37% of permanent tree cover
loss was attributed to these drivers, primarily due to permanent agriculture (Table 3)).
Wildfire, forest management, shifting cultivation, and other natural disturbances are
more likely to represent temporary disturbances that may be followed by forest regrowth.
These drivers were associated with 63% of loss globally, of which 47% were associated with
wildfire and 37% were associated with forest management. Although these disturbances
are often temporary, they may lead to degradation, such as logging in primary forests,
intensification of shifting cultivation, or wildfires in non-fire adapted ecosystems, such as
humid tropical forests |7, 5, 58].

Drivers likely to represent deforestation were associated with the majority of loss
in Latin America (71%) and Southeast Asia (65%), and just over half of loss in Africa
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(53%). Drivers representing temporary disturbances were associated with the majority
of loss in North America (93%), Europe (93%), Asia (93%), and Oceania (87%).

3.8. Accuracy assessment

To assess the quality of our map, we performed an accuracy assessment of the map
results against the validation data. The driver attribution model’s global overall accuracy
was 90.5+1.4% (Table 4)). Global per class producer’s and user’s accuracy were highest
for the permanent agriculture, forest management, and wildfire classes (over 90% for
both user’s and producer’s accuracy) (Figure 5)). Global user’s and producer’s accuracy
was lower for rarer classes, such as settlements and infrastructure and other natural
disturbances. The map-based estimates largely fall within the confidence intervals of the
sample-based estimates , suggesting that in future applications the map can be
used to directly quantify the the drivers of forest loss.

All regions except Southeast Asia and Africa had an overall accuracy of 90% or
higher (Table 4). Regional user’s and producer’s accuracies per class were generally
high (frequently over 80% for user’s accuracy and 70% for producer’s accuracy) but
varied by region ([Figure 5). Higher accuracy was obtained for the driver class that was
predominant in each region and for forest management across all regions. Other natural
disturbances and hard commodities, on the other hand, had lower producer’s accuracy
and higher standard error due to their heterogeneous characteristics . In
Europe, rarer classes such as permanent agriculture and hard commodities had lower
accuracy relative to rare classes in other regions. This is likely due to the fact that
forest loss related to these drivers is very small-scale in Europe and harder to detect and
correctly classify at 1 km resolution.

Table 4. Overall accuracy and £95% confidence interval by region

Region Overall accuracy
North America 92.4+3.7
Europe 93.8+3.1
Africa 87.4+4.2
Asia 94.1+2.4
Southeast Asia 82.8+5.1
Oceania 90.2+3.9
Latin America 90.743.0
Global 90.5+1.4

3.4. Comparison with prior estimates

Compared with Curtis et al. [I3], our approach enabled the improved differentiation
of drivers that may have similar spatial patterns, such as small scale commodity crop
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Figure 5. User’s and producer’s accuracy per region with 95% confidence interval. The
shifting cultivation class does not occur in Europe or North America.

production and shifting cultivation. The higher spatial resolution and thematic detail of
our map also allowed for better detection of small-scale drivers, such as small wildfires,
settlements and infrastructure, and selective logging .

Globally, our map attributed 15% more loss to permanent agriculture and hard
commodities . This is mostly due to the smaller proportion of loss attributed
to shifting cultivation in our map (16% less than Curtis et al.) as a result of better
differentiating it from permanent agriculture. The difference between these classes varied
by region. In Southeast Asia, our map attributed 12% more loss to shifting cultivation.
In Africa, on the other hand, Curtis et al. attributed only 1% of loss to commodity-driven
deforestation and 95% to shifting cultivation, while our map attributed 54% and 39%,
respectively. This was likely due to the predominance of small-scale agriculture in this
region. Curtis et al. included many types of small-scale agriculture in their shifting
cultivation class [13|, while our map separated permanent agricultural systems — which
can include small-scale and subsistence agriculture — from shifting cultivation.

Forestry and wildfire were widespread drivers according to both maps, although
their relative importance was different — wildfire represented a larger area in our map
(29% relative to 23% in Curtis et al.), while forest management represented a smaller
area (25% relative to 31%). A higher proportion of loss was attributed to wildfire in our
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map across all regions.

Figure 6. Comparison of the drivers of forest loss map at 1 km produced from this
study with the drivers of forest loss map at 10 km from Curtis et al. [13] (updated to
2022). Color opacity corresponds to tree cover loss intensity within each grid cell. The
Global Forest Change tree cover loss data at 30 m resolution is displayed in white beneath
the drivers of forest loss maps. a) Our map of the drivers of forest loss at 1 km detects
selective logging, fires, and flooding for hydropower in Congo (lon: 15.8601, lat: 1.0377).
b) The Curtis et al. map in the same location classifies all loss as shifting agriculture.
¢) Our map detects mining, smallholder cocoa production, and urban expansion outside
Kumasi, Ghana (lon: -1.7699, lat: 6.5257). d) The Curtis et al. map in the same location
classifies shifting agriculture and urban expansion. e) Our map differentiates small scale
fires from logging in Oregon, USA (lon:-123.1427, lat:42.8824). f) The Curtis et al. map
in the same location classifies all loss as forestry.

4. Discussion

Our study presents a globally consistent wall-to-wall map of the drivers of forest loss.
The higher spatial and thematic resolution relative to prior global studies [13] allows
for a better characterization of forest disturbance dynamics in regions where multiple
drivers are co-located, as well as a more nuanced distinction of drivers that result in
permanent forest loss (deforestation) versus temporary disturbances.

4.1. Permanent agriculture and shifting cultivation

Both permanent agriculture and shifting cultivation play a substantial role in driving tree
cover loss globally, particularly in tropical regions. Although previous studies show similar
findings [13], (59] 46], our study represents an advancement in separating permanent from
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Table 5. Comparison of estimates of the proportion of total tree cover loss attributed
to each driver from this study and Curtis et al. (updated to 2022). Estimates were
calculated using the Global Forest Change tree cover loss data from 2001-2022 overlaid
with each drivers of forest loss map. For this comparison, the permanent agriculture and
hard commodities classes from our map were grouped together and compared with the
commodity-driven deforestation class from Curtis et al.

Region Perm ag &  Shifting Forest Wildfire Settle &
hard com cult man infra

North America

This study 3.2% 0.0% 48.2% 45.0% 1.9%
Curtis et al. 1.1% 0.3% 59.1% 36.2% 3.3%
Latin America

This study 74.5% 3.2% 11.5% 8.2% 0.4%
Curtis et al. 41.0% 42.8% 15.5% 0.5% 0.1%
Europe

This study 2.0% 0.0% 88.9% 7.6% 1.3%
Curtis et al. 0.0% 1.0% 98.5% 0.4% 0.1%
Africa

This study 53.6% 38.9% 4.3% 1.8% 1.0%
Curtis et al. 1.0% 94.9% 3.0% 0.5% 0.6%
Asia

This study 3.6% 1.5% 26.3% 65.4% 1.4%
Curtis et al. 0.4% 0.8% 39.6% 59.2% 0.0%
Southeast Asia

This study 67.5% 14.8% 12.6% 3.7% 0.8%
Curtis et al. 87.3% 3.3% 9.2% 0.0% 0.2%
Oceania

This study 6.6% 4.3% 20.3% 66.5% 0.7%
Curtis et al. 0.8% 12.2% 22.5% 62.9% 1.6%
Global

This study 35.2% 8.5% 25.2% 28.5% 1.1%
Curtis et al. 20.6% 24.8% 31.2% 22.5% 0.8%

cyclical cultivation and shows that a large proportion of what was previously mapped as
temporary loss in the form of shifting cultivation may actually represent deforestation in
the form of permanent agriculture. Shifting cultivation, a form of subsistence farming, has
existed in the tropics for millennia [63], but is increasingly being replaced by commodity
crops [30, B1]. A better understanding of this nuance in land use dynamics is critical
as temporary disturbances and deforestation have markedly different implications for
both carbon cycling and biodiversity. While forests under shifting cultivation typically
undergo periods of recovery, allowing for carbon sequestration, habitat regeneration,
and recuperation of soil fertility, permanent conversion to agriculture represents a long-
term carbon stock loss and more profound habitat disruption [39]. Note, however, that
population growth has led to intensification of shifting cultivation systems in recent
decades, making the environmental impacts of this practice highly dependent on context
811, [87].

Furthermore, permanent agriculture is often the focus of companies that aim to
eliminate commodity crop-driven deforestation from their supply chains. Therefore,
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making the distinction between permanent agriculture and shifting cultivation is critical
for devising appropriate management interventions and land use policies. Our results
suggest that policies requiring full traceability for deforestation risk commodities are
necessary to abate the continued expansion of agriculture at the expense of forests.
However, it is critical to note that our attribution of tree cover loss to permanent
agriculture includes both trade-oriented commodity crop production and permanent
small-scale agriculture for subsistence, which represent different underlying dynamics and
require distinct policy responses. Consideration of local context should guide strategies
for equitable outcomes [69].

4.2. Other natural disturbances and wildfires

Our study is a major advancement in mapping other natural disturbances globally,
detecting events such as bark beetle outbreaks in the Western United States, Canada,
and Russia; hurricane damage in the Caribbean; landslides; as well as natural cycles of
forest loss caused by river meandering and windthrow, for example (Figure 7). Although
these disturbances can play an important role in maintaining forest ecosystem health,
climate change has exacerbated the extent, frequency, or severity of many natural
disturbance events, in some cases increasing the risk of subsequent disturbances and
eventual forest degradation. For example, the warming and drying effects of climate
change have led to dramatic increases in bark beetle outbreaks in some regions [19, 37],
which can increase the severity of impacts from subsequent disturbances, such as wildfire
[83]. Our study also highlights the dominance of wildfire as a driver of forest loss, in line
with findings from other studies [80]. Similarly, although wildfires play an important
role in fire-adapted temperate and boreal forests, increasing fire frequency and severity —
driven in part by climate change — can impede their ability to recover [10]. In non-fire
adapted ecosystems, such as the humid tropics, fires can lead to forest degradation [7].

4.8. Regional importance of mining and enerqy infrastructure

Although a relatively minor driver globally, our study is an advancement in mapping
hard commodities, which have outsized impacts at local and regional scales. Attribution
of forest loss to hard commodities is critical since the establishment of these activities
often leads to long-lasting, acute and localized environmental impacts [65], 88|, [17]. Our
map identified diverse regional dynamics, such as oil drilling in boreal regions of Canada
and Russia, widespread hydroelectric dam creation in Southeast Asia, and expansion of
mining across multiple regions (Figure §). Mining, in particular, can have severe impacts
on local ecosystems and human health, including pollution and exposure to toxins [18],
negative impacts on water quality and availability [17], and ecosystem degradation and
biodiversity loss [3], 8.



Global drivers of forest loss at 1 km resolution 17

Figure 7. Examples from the other natural disturbances driver of forest loss class at 1
km resolution. Color opacity corresponds to tree cover loss intensity within each 1 km
grid cell. The Global Forest Change tree cover loss data at 30 m resolution is displayed in
white beneath the drivers of forest loss map. a) Landslides following Typhoon Morakot
in 2009 in southern Taiwan (lon: 120.8157, lat: 22.9844) and b) Sentinel-2 composites
from 2021, with landslide debris still visible. ¢) Damage from Hurricane Maria in 2017 in
Dominica (lon: -61.3357, lat: 15.3757) and d) Planet imagery from 2017 showing tree
mortality. e) Mountain pine beetle outbreak in the early 2000s in Arapaho National
Forest, Colorado, USA (lon: -105.7764, lat: 40.0843) and f) NAIP imagery from 2009
showing tree mortality.

4.4. Limitations

There are several important limitations to this work. First, our model and resulting
maps are limited in scope to classifying the driver of forest loss as mapped by the GFC
product [26], and therefore the detection and quantification of loss is subject to the
accuracy of that product. Second, tree cover loss as defined by [26] includes disturbances
in both natural and planted forests. In this study, we do not distinguish between the
loss of natural forest and planted forest (e.g., plantations, agroforestry systems, or
other planted trees). While we consider tree cover loss associated with the permanent
agriculture, hard commodities, and settlements and infrastructure classes to represent a
close approximation of deforestation (section S4)), users should note that these classes
do not always represent the conversion of natural forests to other land uses. Similarly,
replacement of natural forest with wood fiber plantations is not distinguished from
routine harvesting within existing plantations established before 2000, as these are both
included in the forest management class. Third, our study includes salvage and sanitation
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Figure 8. Examples from the hard commodities driver of forest loss class at 1 km
resolution. Color opacity corresponds to tree cover loss intensity within each 1 km grid
cell. The Global Forest Change tree cover loss data at 30 m resolution is displayed in white
beneath the drivers of forest loss map. a) Flooding for the construction of the Xekaman 1
hydropower plant in Laos (lon: 107.2103, lat: 15.01915) and b) Planet composite from
2022. ¢) Oil drilling in the Lensky District, Russia (lon: 110.8553, lat: 59.8539) and d)
Sentinel-2 composite from 2020. e) Gold mining in Myanmar (lon: 95.0379, lat: 24.598)
and f) Planet composite from 2022.

logging in the forest management class, due to the challenges of disentangling natural
disturbances from salvage logging when they occur in quick succession. Finally, because
we map the dominant driver of tree cover loss within each 1 km grid from 2001-2022, we
do not disentangle different drivers that are co-located at scales smaller than 1 km. In
some highly heterogeneous landscapes with mosaics of various land uses, multiple drivers
of forest loss can occur in close proximity. Future work should prioritize mapping drivers
of forest loss at a higher temporal resolution (e.g., annually) and spatial resolution (e.g.,
30 m pixel scale or disturbance scale) in order to understand the temporal sequence of
drivers at small spatial scales.

5. Conclusion

This study presents the first global map of the drivers of forest loss at 1 km resolution
for 2001-2022, substantially improving the spatial and thematic detail of existing global
maps [13]. This model is trained on satellite data from various sensors and ancillary
biophysical and population data, many of which are updated at an annual or sub-annual
cadence, allowing for our model to be updated regularly to support forest monitoring
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efforts. A better characterization of the direct drivers of forest loss can support the
development of forest conservation and management policies, alert relevant industry
and government bodies to the risks of carbon emissions and biodiversity loss within
their supply chains and jurisdictions, and track progress towards global goals to end
deforestation. We intend to update the drivers of forest loss map alongside annual
updates to the GFC product [26].
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Supplementary Information

Figure S1. Geographic boundaries used for regional reporting units

S1. Training and validation data collection

An initial set of training samples were generated using a global stratified random sample.
Samples were collected from the 0.01 degree grid (approximately 1 km at the equator)
overlaid with tree cover loss data from the GFC product v.10 [26]. To avoid sampling
noise, we subset the grid cells to those where tree cover loss makes up at least 0.5%.
The stratification was based on the seven driver classes and was aided by ancillary data
layers. The stratified sample was complemented by an additional smaller random sample
to ensure full coverage and potentially capture dynamics not represented by the ancillary
data used for stratification.

Training data were interpreted by a team of nine trained image analysts using
the drivers of forest loss definitions in main text) and a suite of online tools,
accessed through the Google Earth Engine APT [25]. Training data were assigned by
region to each analyst. All analysts received the same training to ensure consistency in
their interpretation, followed by a practice set that was discussed as a group so that
analysts improved the quality of their interpretations and understood the dynamics of
each driver in each region.

Image analysts interpreted drivers on-screen using a combination of high-resolution
imagery from Google Earth Pro and Esri Wayback, annual composites from Landsat
Collection 1 (C1) and Sentinel-2, and biannual Planet composites provided by Norway’s
International Climate and Forests Initiative (NICFI) Satellite Data Program. Image
analysts also referred to time series of spectral reflectance (shortwave infrared (SWIR1)
band), indices (Normalized Difference Vegetation Index (NDVI), Normalized Burn Ratio
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(NBR)), and Tasseled Cap transformations (wetness, brightness) derived from Landsat
C1l. Lastly, image analysts used contextual layers such a tree cover loss due to fire
[80] and MODIS burned area (MCD64A1.061, [24]), along with land cover and land
use products (Table S3). Contextual layers were only used as corroborating evidence
for interpretations made using satellite imagery and time series and were not used as
the sole basis for interpretation, given that the datasets contain errors of omission and
commission. Where available analysts also used Google Earth photos and Places tags
along with Street View as a source of contextual information.

The 1 km grid cells containing tree cover loss according to [26] (updated through
2022) served as the basic unit of interpretation. For each grid cell (plot), analysts collected
information on the primary driver of loss (greater than 50% of the loss within the plot),
secondary driver of loss, and their confidence in assigning each label. Confidence was
assigned as low, medium, or high. We collected additional levels of detail that were not
used in the analysis: 1) for hard commodities we differentiated between mining and
energy, 2) for permanent agriculture we differentiated between tree crop management
and agriculture. Tree crop management was defined as loss associated with pruning,
replanting, or other management activities within orchards or tree crop plantations that
were already established as of the year 2000 (or before the year of loss), and agriculture
was defined as loss of tree cover for new agricultural activities.

Each plot was reviewed for quality by a duo of senior analysts with domain expertise.
If necessary, the plot was reinterpreted in consultation between the senior analysts. Plots
that remained low confidence after the quality review were dropped from the analysis but
are provided in the Zenodo data repository (see of main text). Units remained
labeled low confidence in cases where there was no high-resolution imagery available and
team members had no reliable alternative way to assign a driver of forest loss. Lastly, we
had a “noise” category that was used when the tree cover loss data by [26] indicated loss
but upon interpretation it turned out to be a false positive with no actual loss on the
ground (e.g., due to cloud or sensor issues, shadows, misclassification of wetland water
fluctuations etc.). In some cases, shrubland loss was detected as tree cover loss by [26].
For the purposes of training data collection, shrubland loss (such as shrubland fires or
conversion, or the pruning of shrubby crops such as grape vines, coffee and tea) were
labeled according to the corresponding driver of loss. All of these transitions represent
the loss of woody vegetation, sometimes at heights near the 5 m threshold. In addition
to the quality assessment outlined above, the training plots were reviewed for clerical
errors and compiled into a unique database for each region. This resulted in a total of
4,820 plots globally.

We collected additional training plots via an active learning workflow to improve
the initial drivers of forest loss classification because the initial training plots were
geographically incomplete and did not adequately represent all forest loss dynamics
globally. We took an additional sample of 2,433 plots that were identified in three
ways: 1) visual inspection of the maps to identify large scale misclassification, 2) plots
where the first and second most likely class had a probability margin (difference between
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probabilities) of 1% or less, and 3) plots for which the classification of the two models
we were initially testing disagreed (a random forest model and a ResNet model- see

isubsection 2.4|in main text).

The initial training dataset and active learning dataset combined resulted in 7,786
plots, of which 831 (11%) were removed due to low confidence (7%) and noise (4%). The
resulting final training dataset used in model development had 6,955 plots
[Table S1)), the majority of which had high confidence (80%). Nearly a quarter (22%)
had a secondary driver in addition to a primary driver.

An additional stratified random sample of 3,574 1 km plots was used to
estimate the accuracy of the final classification map. We used the same interpretation
protocol for the validation and training data collection with two differences: 1) we used
monthly Sentinel-2 and Landsat composites as opposed to annual composites, and 2)
we used Landsat C2 as opposed to C1, due to the deprecation of C1 in Google Earth
Engine and the improvements in processing for C2. Validation plots were identified and
collected independently of training plots following the best practices outlined in [55]
and [73]. We stratified our accuracy assessment based on seven regions and seven driver
classes for a total of 49 strata. Sample sizes per strata were derived using an initial
map version and an optimal sample allocation based on guidance in [55]. We targeted
standard errors from 0.05% to 0.2% for rare and common classes respectively, and 95%
confidence interval. Plots were allocated to strata using a minimum sample size of 40 for
rare classes, and the rest were allocated proportionally as recommended in [55]. The
sample size was a compromise between practical considerations (e.g., resources) and
precision.

Figure S2. Global training plots



Table S1. Number of training plots per region and driver class. LaAm stands for Latin

America, NoAm stands for North America, SEAsia stands for Southeast Asia

Driver category ‘ Africa Asia Oceania Europe LaAm NoAm SEAsia ‘ Total
Permanent agriculture 487 200 115 66 693 114 311 1986 (28.6%)
Hard commodities 67 143 36 51 84 69 59 509 (7.3%)
Shifting cultivation 243 48 64 0 91 0 118 564 (8.1%)
Forest management 92 423 193 373 236 290 95 1702 (24.5%)
Wildfire 113 324 162 91 103 270 50 1113 (16.0%)
Settlements and infrastr. 80 154 100 99 80 111 41 665 (9.6%)
Other natural disturbances 35 86 61 21 105 74 34 416 (6.0%)
Total 1117 1378 731 701 1392 928 708 ‘ 6955

Figure S3. Global validation plots

Table S2. Number of validation plots per region and driver class. LaAm stands for Latin

America, NoAm stands for North America, SEAsia stands for Southeast Asia. Number of

non-noise plots are shown first along with total number of plots in parenthesis
Driver category ‘ Africa Asia Oceania Europe LaAm NoAm SEAsia
Permanent agriculture 232 (236) 46 (54) 91 (105) 31 (35) 351 (372) 37 (44) 207 (210)
Hard commodities 9 (9) 38(38)  13(13)  9(10) 17 (17)  13(13)  27(27)
Shifting cultivation 126 (126) 28 (28) 51 (51) 0 (0) 41 (41) 0 (0) 50 (50)
Forest management 27 (27) 132 (132) 86 (88) 262 (264) 38 (38) 155 (155) 68 (68)
Wildfire 05 (96) 134 (136) 193 (194) 37 (37) 70 (70) 84 (84) 45 (45)
Settlements and infrastr. 35 (35) 30 (30) 35 (35) 42 (42) 34 (34) 50 (50) 30 (30)
Other natural disturbances | 28 (44) 72 (81) 58 (69) 31 (37) 42 (50) 77 (86) 37 (38)




Table S3. Description and sources for contextual data layers used in visual interpretation
and training data collection, Contextual layers were only used as corroborating evidence
for interpretations made using satellite imagery and time series and were not used as
the sole basis for interpretation, given that the datasets contain errors of omission and

commission.

Name Theme Date of Resolution Source
Content

Global forest loss due to  Fire 2001 to 30 m [80]

fire 2022

MODIS burned area Fire 2001 to 500 m [24]

(MCD64A1.061) 2022

ITASA mining Mining 2000 to 30 arc- [50]
2019 second

Global Land Cover and ~ Forest 2000 and 30 m [60]

Land Use Change: forest 2020

extent and height

Global Land Cover and ~ Urban 2000 to 30 m [60]

Land Use Change: built- 2020

up

ESA WorldCover Land Cover 2020 and 10 m [85]
2021

Spatial Database of Plantation  Varies Varies [64]

Planted Trees v2 2015

USGS Global Cropland ~ Croplands 2015 30 m [76]

Extent Product at 30m

Resolution (GCEP30)

Global Land Cover Croplands 2000 to 30 m [60]

and Land Use Change: 2019

croplands

Digital Earth Africa’s Croplands 2019 10 m [1]

cropland extent map

Africa

Ensemble Source Africa  Croplands 2016 30 m [52]

Cropland Mask

ETH/Ecovision Cocoa Tree crops 2019 to 10 m [38]

Map 2021

Laos shifting cultivation ~ Shifting cul- 1991 to 30 m [11]

tivation 2020
Southeast Asia rubber Tree crops 2021 10 m 182]
extent

Africa follow on land use  Land Use 2020 5 m [49]




S2. Specifications and pre-processing of model input data

The basis of this model and a core input is the GFC product v1.10 [26], which includes
the year of tree cover loss along with first and last Landsat 7 cloud-free composite,
updated through 2022, at 1 arc second (approximately 30m at the equator). The first
composite is from the first available year, circa 2000. The last image composite is
from 2022 or the closest year with cloud free data. The reference composite imagery
are median observations from a set of quality assessed growing season observations in
four spectral bands: red, near-infrared (NIR), and two short-wavelength infrared bands
(SWIR1 and SWIR2). Since our analysis is based on the Global Forest Change [26] tree
cover loss data, it is subject to its limitations (see subsection 4.4 in main text).

The model included three years of Sentinel-2 data from 2018, 2020, and 2022,
representing the later years of the time period included in the model. We tested the

inclusion of all available years of Sentinel-2 data and various combinations of years at
regular time intervals, and selected this combination based on evaluating performance
benefits versus computational costs. Sentinel-2 data were further processed by filtering
out cloudy areas using the Cloud Score+ with a default clear threshold below 60%
[57]. We tested both top-of-atmosphere (L1C) and processed surface reflectance (L2A);
the results were similar, and we selected to use L1C, because it has a larger temporal
range of data availability within Google Earth Engine (data available in 2015 vs. 2017
for L2A). Sentinel composites are created by taking the mean value of the 3-month
peak summer period, corresponding to June-August for the northern hemisphere and
December-February for the southern hemisphere. We used the following Sentinel-2 bands:
[B3, B4, B5, B7, B12|, which have 10 or 20 m nominal resolution.

In addition to satellite observations, we included ancillary biophysical and population
datasets as predictor variables such as tree cover loss due to fire [80], elevation data [2§],
the Global Human Settlement Layer (GHSL) Global Population Surfaces [66], Dynamic
World v1 [9], and a mining dataset that we created by combining three publicly available
datasets [50} 17, [75]. Elevation and topographical variables have been found in previous
studies to be an important predictor variable in forest disturbance attribution, as some
types of disturbances may occur more frequently at higher elevations [40, [54] [67]. Data
on fires and population distribution has relevance for our driver classes and similar
variables have been used in prior studies [13]. The tree cover loss from fires data [80]
has a particular advantage over other fire datasets, such as MODIS-based burned area
products [24], in that loss due to fire is defined in a similar manner as our wildfire class.
We converted the tree cover loss due to fire data to a binary raster with values of 0
(not fire) and 1 (fire), including medium to high levels of certainty in the fire category
[80]. These data are available at 1 arc second (approximately 30 m at the equator),
and updated through 2022. Elevation data were obtained from the Copernicus GLO 30
resolution Digital Elevation Model with forest and building removed (FABDEM). The
data are available at 1 arc second (approximately 30 m at the equator) for the globe
[28]. We used the elevation, slope, and aspect. Global population data were obtained



7

from the GHSL Global Population Surfaces, which depicts the spatial distribution of
residential populations derived from CIESIN GPWv4.11 and disaggregated from census
and administrative units to grids at a resolution of 100 m [66]. We use GHSL estimates
for the years 1995, 2000, 2005, 2010, 2015, 2020, and 2025 (projected). We used the
grass, crops, and shrub/scrub class probabilities from the Dynamic World dataset [9] for
the years 2016, 2019, and 2022. We took the mean class probability for each of these
three classes over each year. Similar to Sentinel-2, we initially tested the inclusion of all
class probabilities and all available years of Dynamic World and various combinations of
years at regular time intervals, and found that this class and year combination yielded
the best performance benefits across a range of accuracy metrics. We created the mining
dataset by combining (via union) three separate datasets mapping the location of mining
sites [50} [75] and alluvial mining [I7] worldwide. All three datasets were created through
manual delineation of polygons using satellite imagery. We converted these datasets to a
binary raster (0/1) corresponding to the presence of mining sites. Lastly, we included
latitude and longitude as predictor variables and created a one hot encoding for the
seven regions, a binary numerical value (0/1) that corresponded to each region.

All input data were resampled to a common spatial resolution of 0.5 arc seconds, or
approximately 15 m at the equator, which we found provided a good trade-off between
accuracy and computational costs. Although inference maps were generated at 1 km, we
used a larger context window (approximately 1.5 km) for the input image, as we found
that including more contextual information improved the training accuracy and reduced
noise in the resulting inference maps. These dataset generation steps were conducted in
Google Earth Engine [25] using the GeeFlow package, resulting in model input data as
presented in of the main text.

To create inputs for model training and evaluation, additional operations were
performed. All non-binary data layers were normalized to have 0 mean and 1 standard
deviation. Pixels with no valid data were assigned a value of 0 post normalization. The
temporal dimension in multi-temporal tensors was moved to the channels dimension, and
all input data sources were stacked together in the channels dimension, to form 112 x 112
x 59 (height x width x channels) input tensors (including 13 GFC channels, 15 Sentinel-2,
7 GHSL, 1 fires, 1 mining, 9 Dynamic World, and 3 channels from spherical encoding of
latitude and longitude, and 7 channels for one-hot region encoding). During training,
the input tensors were randomly augmented using random rotations and flipping as
well as cyclical shifts—a standard approach in deep learning to increase the diversity
of training data. This allowed for the training data to appear slightly different at each
epoch iteration of the model and to avoid overfitting (memorization of example specifics).

S3. Model training and ensembling

To tune the model and optimize the parameters, we used a 5-fold cross-validation. The
model was trained for 10 epochs (that is, each example is seen 10 times by the model,
slightly randomly augmented each time) with gradient descent using the Adam optimizer



Table S4. Parameters for the best model configuration (deviating from default) and
training configuration.

Name Value
model depth 2
model width 256
model stem conv kernel size (1, 1)
model stem conv stride (1, 1)
model stem pool kernel size (6, 6)
model stem pool stride (2, 2)
optimizer Adam
base learning rate 0.01
weight decay 0.00003
gradient clip norm 1.0
batch size 128
training epochs 10
learning rate schedule cosine decay
warmup 2 epochs
loss softmax cross-entropy

with weight decay [41].

For robust evaluation, we used 20 random seeds to initialize the model weights and
for training data random augmentation, resulting in total in 100 trained models (5 folds
x 20 random seeds). For a full list of the tuned training parameters for the best model
configurations, see [Table 54, We also tested training a separate model for each region
versus training one global model, and found that we achieved higher performance with a
global model.

Since we had a relatively small number of examples for a deep learning approach,
we ensemble a set of trained models to reduce model uncertainty [§]. Model ensembling
delivers the best results if the underlying models or training schemes are slightly different.
Therefore we constructed an ensemble by varying model depth and width (2x deeper /
broader), number of training epochs (10, 20, 40 epochs), random seeds for model weight
initialization, etc. For each 5-folds model training (training on 4 folds, evaluating on
the 5th), we selected the best two models based on the evaluation fold to be kept in the
ensemble. Additionally, we used the technique of "label smoothing" for some models
in the ensemble, which makes the training more robust against potential errors and
uncertainties in the training data [74].



Table S5: Regional class accuracies and driver proportions. PA stands for producer’s
accuracy, UA stands for user’s accuracy, SE stands for standard error, CI stands for 95%
confidence interval.

Region Class UA UASE UACI PA PASE PACI
North America Perm ag 81.1 12.8 25.1 78.9 12.8 25.1
North America Hard com  56.5 23.4 459 2.3 2.1 4.2
North America Forest man 91.5 2.7 54 96.3 2.3 4.6
North America Wildfires 96.0 2.7 54 97.6 2.0 3.9
North America Settle 68.8 14.1 27.7 42.1 12.2 23.9
North America Nat dist 75.8 10.1 19.8 55.2 15.4 30.2
Europe Perm ag 86.4 7.1 13.9 322 13.0 254
Europe Hard com  47.1 23.8 46.7 34.0 19.1 374
Europe Forest man 95.1 1.6 3.2 99.1 0.5 1.0
Europe Wildfires 94.8 3.0 59 91.2 5.6 10.9
Europe Settle 51.6 18.6 36.4 39.7 17.8 34.8
Europe Nat dist 18.4 16.0 31.3 74 4.3 8.5
Africa Perm ag 86.8 2.9 5.7 94.8 2.5 4.9
Africa Hard com  98.2 2.0 3.9 553 20.7 40.5
Africa Shift cult 88.8 3.6 7.1 89.6 3.7 7.2
Africa Forest man 83.3 8.8 17.2 85.3 8.8 17.2
Africa Wildfires 94.4 3.4 6.6 29.6 74 14.4
Africa Settle 84.4 10.4 20.4 73.3 16.1 31.6
Africa Nat dist 57.7 20.5 40.1 25.9 12.6 24.7
Asia Perm ag 84.2 8.0 15.7  52.0 13.3 26.0
Asia Hard com  96.5 2.5 4.9 50.9 11.0 21.6
Asia Shift cult 74.9 11.5 22.6 81.2 15.0 29.3
Asia Forest man 87.0 3.3 6.4 97.8 1.0 1.9
Asia Wildfires 98.2 1.3 2.6 99.3 0.3 0.6
Asia Settle 66.6 10.3 20.2 81.0 8.2 16.0
Asia Nat dist 88.9 6.3 12.3 49.1 15.5 30.3
Southeast Asia Perm ag 87.6 2.8 5.5 90.1 2.8 5.4
Southeast Asia Hard com  82.6 11.4 22.3 82.2 8.1 15.9
Southeast Asia  Shift cult 61.3 8.5 16.7 70.6 9.0 17.6
Southeast Asia Forest man 88.9 7.5 14.8 75.3 7.2 14.2
Southeast Asia Wildfires 71.0 14.1 276 73.9 13.0 25.5
Southeast Asia  Settle 58.0 20.2 39.6 77.3 10.9 214
Southeast Asia Nat dist 30.4 12.7 249 104 4.9 9.7
Oceania Perm ag 71.2 10.0 19.7 65.0 10.4 204
Oceania Hard com  87.7 8.7 17.1 91.2 7.5 14.7

Continued on next page




10

Table S5: Regional class accuracies and driver proportions. PA stands for producer’s
accuracy, UA stands for user’s accuracy, SE stands for standard error, CI stands for 95%
confidence interval.

Region Class UA UASE UACI PA PASE PACI
Oceania Shift cult 62.2 12.2 24.0 83.0 5.6 10.9
Oceania Forest man 91.5 2.6 5.0 89.7 4.5 8.9
Oceania Wildfires 96.2 1.8 3.5 95.6 1.8 3.6
Oceania Settle 67.2 9.4 18.5 80.2 8.2 16.1
Oceania Nat dist 62.8 9.1 17.8 66.8 7.2 14.2
Latin America Perm ag 93.6 1.4 2.8 96.6 1.0 1.9
Latin America Hard com  99.1 1.0 2.0 83.0 11.2 22.0
Latin America  Shift cult 55.1 11.8 23.1 49.2 10.8 21.1
Latin America Forest man 82.9 7.0 13.7 97.6 1.2 2.4
Latin America Wildfires 98.6 1.2 2.3 715 8.3 16.3
Latin America Settle 72.9 14.3 28.1 83.8 7.5 14.6
Latin America Nat dist 42.3 12.5 24.4 49.0 13.3 26.0
Global Perm ag 90.3 1.2 2.3 928 1.1 2.1
Global Hard com  92.2 3.9 7.6 60.3 8.9 17.5
Global Shift cult 78.5 3.3 6.5 80.6 3.4 6.7
Global Forest man 89.6 1.7 3.3 95.0 1.1 2.2
Global Wildfires 96.9 1.1 2.1 92.8 1.3 2.6
Global Settle 67.1 6.4 12.5 61.8 7.2 14.2
Global Nat dist 67.8 5.9 11.6 45.1 7.5 14.7

S4. Discussion of Limitations

There are several important limitations to this work. First, our model and resulting
maps are limited in scope to classifying the driver of forest loss as mapped by the
Global Forest Change product [26], and therefore the detection and quantification of
loss is subject to the accuracy of that product. Known limitations include, but are not
limited to, algorithm adjustments that cause inconsistencies in the data over time [84],
underestimation of tree cover loss in the early 2000s and overestimation of loss in the
2010s in the Congo Basin [78] and Brazilian Legal Amazon [79], underestimation of
tree cover loss in forest ecosystems with low canopy cover [77], and misclassification of
shrubland /grassland loss, cropland dynamics, or wetland dynamics as tree cover loss
observed by the authors of this study through training and validation data collection.
Tree cover loss as defined by [26] includes disturbances in both natural and planted
forests. In this study, we do not distinguish between the loss of natural forest (including
primary or secondary forest) and planted forest (including plantations, agroforestry
systems, or other planted trees). While we consider tree cover loss associated with the
permanent agriculture, hard commodities, and settlements and infrastructure classes to
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represent a close approximation of deforestation, users should note that these classes do
not always represent the conversion of natural forests to other land uses. For example, the
permanent agriculture class includes the replacement of existing tree crops established
before 2000, in addition to the conversion of natural forest to tree crops or other forms of
agriculture. However, the replacement of existing tree crops likely represents a relatively
small proportion of the total area of the permanent agriculture driver — 14% of training
plots and 11% of validation plots within the permanent agriculture class contained
the tree crop management tag (see , indicating loss of existing tree crops.
This percentage increases for regions with a longer history of tree crop establishment.
Users should consider this when interpreting this driver for regions where tree crops
were established prior to 2000, such as the Central Valley in California, United States
and parts of peninsular Malaysia, for example. Similarly, replacement of natural forest
with wood fiber plantations is not distinguished from routine harvesting within existing
plantations established before 2000, as these are both included in the forest management
class. Overlaying our drivers product with ancillary data on primary or natural forest
extent to limit analysis to tree cover loss occurring within natural forest can address
these limitations.

Our study includes salvage and sanitation logging in the forest management class,
due to the challenges of disentangling natural disturbances from salvage logging when
they occur in quick succession. This is particularly relevant in Europe, where salvage
logging following natural disturbances, such as windthrow or bark beetle outbreaks, is
common. Prior studies found that the increasing frequency of natural disturbances in
Europe has led to increased harvest rates in recent years [67), 54]. Our data cannot
separate harvest or logging in routine management cycles from logging in response to
natural disturbances.

Finally, because we map the dominant driver of tree cover loss within each 1 km
grid from 2001 to 2022, we do not disentangle different drivers that are co-located at
scales smaller than 1 km. In some highly heterogeneous landscapes with mosaics of
various land uses, particularly in the tropics, multiple drivers of forest loss can occur
in close proximity. Future work should prioritize mapping drivers of forest loss at a
higher temporal resolution (e.g., annually) and spatial resolution (e.g., 30 m pixel scale
or disturbance scale) in order to understand the temporal sequence of co-located drivers
at small spatial scales.
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