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Abstract

Globally, deforestation produces anthropogenic greenhouse gas (GHG) emissions, contributing substantially to climate
change. Forest cover changes also have large impacts on ecosystem services. Deforestation is the dominant type of land cover
change in tropical regions, and this land cover change relates to distinct causes recognized as direct deforestation drivers.
Understanding these drivers requires a significant effort. Further, GHG emissions due to deforestation are quantified only in
terms of biomass removal, while linking emissions from soil organic carbon (SOC) loss to deforestation is lacking. A closer
picture of associated ecosystem service changes due to deforestation is also needed. We analyze for 2001-2010: (1) the
magnitudes of deforestation drivers, (2) the related carbon loss, and (3) the ecosystem service value change. On the global
scale, agriculture (90.3%) is the primary deforestation driver, where grassland expansion contributed the most (37.5%). The
deforestation drivers differ in magnitude and spatial distribution on the continental scale. The total carbon loss by biomass
removal and SOC loss accounted for 8797 Mt C and 1185 Mt C, respectively. Furthermore, tropical deforestation caused
the ESV loss of 408 billion Int.$ year™!, while the resulting land cover has the ESV of 345 billion Int.$ year~!. Our findings
highlight that agriculture substantially contributes to global carbon loss and ecosystem service loss due to deforestation.
The deforestation drivers differ in magnitude and distribution for different continents. Further, we highlight the danger of
putting a monetary value on nature.
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1 Introduction

Tropical forests play a critical role in the global carbon cycle
and are global biodiversity hotspots, presenting roughly
50% of terrestrial species and two-thirds of all plant spe-
cies (Dirzo and Raven 2003). Globally, approximately 3.1%
of the forest area has been lost between 1990 and 2015, of
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which around 35% of the deforestation occurred within the
tropics (FAO 2016). Deforestation contributes to climate
change, causes biodiversity loss, and degrades ecosystems
significantly (Baccini et al. 2012; IPBES 2019). Between
2007 and 2016, forestry and other land use resulted in green-
house gas (GHG) emissions of 5.8 + 2.6 Gt CO,eq year™!,
mostly due to deforestation (IPCC 2019; Rosenzweig et al.
2020). To achieve global climate targets, forestry, and other
land use GHG emissions must decrease along a nonlinear
trajectory and reach carbon neutrality by 2050 (Rockstrém
et al. 2017). However, to successfully address this road
map, improving our understanding of deforestation drivers
is urgently needed.

The assessment of deforestation drivers is usually
undertaken from two different approaches (Geist and Lam-
bin 2002). Firstly, direct deforestation drivers refer to the
land cover that replaces the forest cover after a deforesta-
tion event (e.g., pasture, cultivated land, urban area). Sec-
ondly, indirect drivers represent the root socio-economic
causes underpinning these land cover changes. Globally,
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the expansion of the agricultural frontier remains the sin-
gle most important direct driver of deforestation (Curtis
et al. 2018; Gibbs et al. 2010). Other direct drivers, such
as timber and mining industries, also operate globally and
play an essential role in deforestation (Asner et al. 2009;
Edwards et al. 2014; Hosonuma et al. 2012). Progress in
remote sensing and the availability of empirical data has
fostered the research on direct deforestation drivers on a
continental or regional scale (Austin et al. 2019; Curtis
et al. 2018; De Sy et al. 2019; Hosonuma et al. 2012).
Despite this progress, very few studies address deforesta-
tion causes systematically at a global level in a spatially
explicit manner (Curtis et al. 2018). Most studies rely on
methodologically inconsistent data coming from country
reporting (FAO 2015). Furthermore, studies examining
direct deforestation drivers in a spatially explicit manner
are only available in a low resolution.

Total GHG emissions arising from deforestation can be
broken down into three components: (i) emissions from
biomass removal (Baccini et al. 2012), (ii) emissions result-
ing from loss of soil organic carbon (SOC) (Don et al.
2011), and (iii) emissions arising from the resulting land
use (Avitabile et al. 2016). Studies that estimate the carbon
loss by biomass removal on a global or regional scale are
relatively common, with assessments ranging between 600
and 1400 Mt C year™! for 2000-2010 period (Achard et al.
2014; Baccini et al. 2012; Houghton et al. 2012; Sy et al.
2015). However, the exploration of SOC loss resulting from
land-use change through deforestation remains unknown
at the global scale. Estimating these emissions is essential,
given that tropical soils represent substantial carbon storage,
accounting for 36-60% of the carbon stored in forests (Don
etal. 2011).

Tropical ecosystems provide a crucial contribution to
human well-being and the subsistence of current and future
generations by providing regulatory, supporting, provision-
ing, and cultural services (Costanza et al. 1997). Deforesta-
tion and land cover changes lead to the widespread loss of
ecosystem services by altering forest biomes. Therefore, it
is crucial to evaluate these impacts in terms of GHG emis-
sions and ecosystem service provisioning. Ecosystem ser-
vice valuation is the attempt to assign a relative value to an
ecosystem and its services. These values may be expressed
in a wide range of different units, but monetary units are
usually preferred due to easier communication (Costanza
et al. 2014). The valuation of ecosystem services can raise
public awareness of ecosystems as scarce resources, which
should not be treated as free, inexhaustible goods (de Groot
et al. 2012).

Song (2018) estimates an ESV loss of 550.7 billion Int.$
year™! due to tropical deforestation. However, these ESVs do
not consider ecosystem services from the resulting land use
that replaces tropical forests. These studies miss the whole
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picture of ESV change and highlight the underlying danger
of putting a monetary value on nature.

We aim to fill the research gaps presented above on the
understanding of tropical deforestation drivers and associ-
ated GHG emissions and ESV change. For this, we investi-
gate in a spatially explicit manner the following questions
for the entire tropics between 23° North and 23° South: (1)
What are the direct drivers of deforestation across differ-
ent spatial scales? (2) What are the impacts of deforestation
on carbon stocks resulting from biomass removal and SOC
loss? (3) What are the magnitudes of the ESV change result-
ing from tropical deforestation?

2 Data and Methods
2.1 Tropical Deforestation and Drivers

We use the Global Forest Change (GFC) dataset (Hansen
et al. 2013) and the global land cover GlobeLand30 (GL30)
dataset (Chen et al. 2015) to scrutinize tropical deforestation
and the related drivers (table S1). The GFC dataset provides
annual global tree cover loss and gain data for the canopy
density range from 0 to 100% between 2001 and 2012 and
the tree cover for 2000 at a spatial resolution of 30 m. The
GL30 dataset is a global land cover classification data for
2000 and 2010 at a spatial resolution of 30 m, consisting of
ten distinct land cover types.

In the first step, we align and harmonize both datasets due
to differences in their spatial properties. This step creates
a set of similar meta-data raster images for each location
in our study extent. We select the World Geodetic System
1984 (WGS84) as the target coordinate reference system
and the bounding box of the GL30 tiles from 2010 as the
target extent and resolution for the mosaic. The harmoniza-
tion process determines for each selected template tile the
intersecting tiles from each applied raster dataset. Next, the
intersecting tiles are merged, re-projected, and clipped in
terms of the mentioned template tile meta-data.

Second, we harmonize the tree cover definition between
the GFC and the GL30 dataset. We combine the spatial
information of GFC’s tree cover loss and gain records and
GL30’s land cover classification to identify deforestation
drivers. However, both differ in their definition of tree cover
by varying canopy cover thresholds. GFC detects tree cover
over the entire canopy density interval of (0%, 100%], while
the GL30 threshold is set to >10% in sparse tree cover and
>30% in terms of dense tree cover. To successfully extract
stable land cover change by superimposing both datasets,
we have to harmonize the tree cover definition among both
datasets. We hypothesize that if both datasets have the same
tree cover definition, they should agree if a non-forest state
transition occurs. To harmonize the tree cover definition
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between both datasets, we vary the GFC dataset’s canopy
density to determine which is most similar to the GL30’s
tree cover definition. We apply the Jaccard Index (JI) (Jac-
card 1912) to measure tree cover similarity. It is a similarity
measure between two pairs of a binary population. We use
Eq. 1 to estimate the JI, where a is the magnitude of popu-
lation agreement (i.e., presence of tree cover at the pixel
level in both datasets), and b as well ¢ are the magnitudes of
population disagreement (i.e., either a tree cover record in
GFC and not in GL30 or not in GFC but in GL30).

JI= 4 1)

a+b+c

We compute the JI for each GL30 and GFC tile pair for the
canopy density set {0%, 10%, 20%, 30%}, where for each
canopy density set, elements smaller than the threshold are
excluded from the aggregation. After, we apply a two-sided
and one-sided Wilcoxon signed-rank test (i.e., a non-para-
metric statistical hypothesis test) to determine which canopy
density achieves the highest tree cover agreement between
both datasets. We use the one-sided test to determine which
canopy density achieves the highest agreement and the two-
sided test to exclude equality between two pairs. Before sta-
tistical testing, we exclude all samples where the initial JT is
zero since trees do not cover these tiles.

Third, to obtain the different deforestation driver types
between 2001 and 2010, we select all forest loss from the
GFC dataset within the target canopy density >10%. Next,
the selected loss is superimposed by the land cover classi-
fication of the GL30 dataset from 2010. We obtain a data-
set of classified forest loss by this process, which relates to
the deforestation driver types in Table 1. To derive forest
regrowth, we superimpose the obtained deforestation driver
dataset by the GFC gain dataset. Some forest loss pixels (i.e.,
around 10%) are classified as forests by the GL30 dataset.

Table 1 Direct deforestation driver classification scheme of this study

Therefore, we reclassify all forest loss pixels assigned to
this forest type. These pixels are clustered by applying the
Hoshen—Kopelman algorithm, which aggregates single cells
with similar properties to a larger cluster by applying a dis-
tance measurement to determine the neighbourhood (Hoshen
1998).

We use the Von Neumann neighbourhood rule for dis-
tance measurement, which selects a centre cell’s four adja-
cent cells as its neighbours on a two-dimensional lattice.
Next, the most frequent land cover type is determined within
a 500 m side length square-sized buffer around the cluster
centroid. Finally, the land cover type of the most frequent
land cover type is assigned to the cluster. As described
above, we introduce regrowth as a new land cover type from
the GFC gain dataset. The land cover type regrowth accounts
for tree crops like oil palm plantations or forestry activities.
Further, this type could be the natural regeneration of tree
cover after using the area for other purposes like shifting
agriculture or just natural regrowth after non-anthropogenic
forest disturbance (e.g., storm or fire). Forest loss classified
as grassland accounts for expanding pastures (Graesser et al.
2015). Forest loss, classified as wetland and water, is due to
inundation by lakes and rivers; therefore, it relates to natural
changes (Sy et al. 2015).

To analyze the land cover change classification’s reliabil-
ity, we perform an accuracy assessment by applying ran-
dom stratified sampling and estimate the user’s, producer’s,
overall accuracy, and change area per deforestation driver
with 95% confidence interval at global scale (Olofsson et al.
2014). For the sampling, we selected ten random raster tiles
per continental region (Fig. S1). From each tile, we select
200 randomly classified tree cover losses. Next, we assigned
a land cover change class to each sample by visually inter-
preting Google earth imagery. We used a pixel-based error
matrix to derive the overall accuracy (rate of reference sites

Type Definition

Cultivated land Used for agriculture, horticulture and gardens, including paddy fields, irrigated and dry farmland, vegetable and fruit
gardens, etc

Regrowth Canopy density >50%, inverse of forest loss

Grassland Covered by natural grass with cover over 10%, etc

Shrubland Covered by shrubs with cover over 30%, including deciduous and evergreen shrubs, and desert steppe with cover over 10%,
etc

Wetland Covered by wetland plants and water bodies, including inland marsh, lake marsh, river floodplain wetland, forest/shrub
wetland, peat bogs, mangrove ansalt marsh, etc

Water bodies In land area, including river, lake, reservoir, fish pond, etc

Atrtificial surfaces

Bareland

Modified by anthropogenic influence, including all kinds of habitation, industrial and mining area, transportation facilities,
and interiourban green zones and water bodies, etc

With vegetation cover lower 10%, including desert, sandy fields, Gobi, bare rocks, saline and alkaline land, etc

Type is the land cover type that replaces the forest and the definition is the land cover type that fits into this class. The definitions relate to the

land cover classification scheme of Chen et al. (2015)
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correctly mapped) and producer’s accuracy (per land cover
type, the rate of correctly mapped samples).

For visualizing our results of deforestation and driver,
we use a hexagonal grid and binning of the map data cov-
ered by the hexagon (Fig. S3). The cells cover an area of
approximately 4.9 million ha at the equator. The hexagonal
grid cells are scaled to represent the extent of deforestation,
which is the ratio of total forest loss to tree cover 2000, and
split into segments to show the driver of the binned area. We
use our implementation in Python for the hexagonal grid-
ding, binning, and splitting and QGIS for map composition.

2.2 Carbon Loss

For the evaluation of gross carbon loss through deforesta-
tion drivers, we use the following datasets: above-ground
woody biomass density (AGB), global SOC map (GSOC-
map), and intact forest landscape (IFL) (FAO & ITPS 2018;
Harris et al. 2021; Potapov et al. 2017) (Table S1). The AGB
dataset is a wall-to-wall map of above-ground woody bio-
mass density at approximately 30 m resolution based on the
methodology of Baccini et al. (2012). The GSOCmap pro-
vides data on the topsoil layer’s soil organic carbon content
between 0 and 30 cm at a spatial resolution of approximately
1 km. The IFL dataset records large patches of undisturbed
primary forests and naturally treeless ecosystems that show
no detectable human activity signs. All three datasets are
spatially harmonized, similar to the above-described pro-
cess, while we down-scaled the GSOCmap with the nearest
neighbor resampling to match the other datasets’ spatial res-
olution. Further, we use SOC change rates provided by Don
et al. (2011) to evaluate the SOC loss by proximate deforest-
ation drivers (Table S2). We assign the SOC change rates to
deforestation driver types using the land cover change types.

We interpret the land cover change by a deforestation
driver as the complete removal of the above-ground biomass
to evaluate the carbon loss through biomass removal. We
convert the AGB map’s biomass density to carbon density
by multiplying each pixel value by 0.5 as suggested by the
dataset providers to calculate the carbon loss by deforesta-
tion drivers (Harris et al. 2021; Saatchi et al. 2011). Fur-
ther, we calculate the area a pixel covers per raster tile to
get the entire carbon content per grid cell by applying the
Haversine equation, since in the WGS-84 projection the area
is dependent on its geographical coordinate (Brinck et al.
2017). Next, we derive the below-ground biomass (BGB)
by applying Eq. 2 from Mokany et al. (2006), which sug-
gests that a power function better reflects relation between
BGB and AGB than a linear regression. This power function
is also used by many studies (Bernal et al. 2018; Pearson
et al. 2017; Saatchi et al. 2011). We obtain the total carbon
content of the biomass (BIO) by summing AGB and BGB.
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BGB = 0.489 x AGB"%. 2

To evaluate the carbon loss through SOC change by land
cover change, we convert the per pixel carbon content of
the GSOCmap to absolute carbon content by applying the
Haversine equation to get the area a pixel covers per raster
tile. After, we scrutinize the carbon losses for two differ-
ent scenarios. For scenario one (SC1), we assume that all
deforestation occurs in the primary forest. For the second
scenario (SC2), we distinguish between a land cover change
in a primary and secondary forest using the IFL dataset. We
evaluated the SOC loss for two different scenarios because
selecting primary forest based on the IFL dataset is a very
conservative approach. This dataset only provides large
patches (> 500 km?) of forests and other natural ecosys-
tems uninterrupted by anthropogenic activities (Potapov
et al. 2017). Therefore, primary forest can still exist outside
of these patches.

We use the natural earth dataset to estimate the soil
organic and biomass carbon loss per continent and tropical
country. We determine the gross carbon loss per deforesta-
tion driver for each country by accumulating the following
deforestation driver types: cultivated land, regrowth, grass-
land, shrubland, artificial, and bare land. We select these
types because they represent anthropogenic land cover
change.

2.3 Ecosystem Service Values

We use the global ecosystem service unit values in 2007
Int$/year provided by Costanza et al. (2014) to scrutinize the
ESV loss by direct deforestation drivers and the ESV of the
resulting land cover (Table S3). We calculate the ESV loss
by multiplying the forest loss area by deforestation driver
types of cultivated land, regrowth, grassland, shrubland,
artificial, and bareland with the tropical forest’s ecosystem
service unit value, which relates to the methodology of basic
value transfer. Additionally, we evaluate the ESV gain by
multiplying the representative ecosystem service unit value
with the estimated area deforested by a deforestation driver.
Our results are aggregated per continent and tropical country
using the boundaries of the natural earth dataset.

3 Results
3.1 Tropical Deforestation and Drivers

On a global scale, the highest forest cover agreement
between the GFC and GL30 datasets is within the canopy
density interval of (10, 100] (Fig. S2). Our statistical test also
shows that the tree cover agreement of this canopy density
interval is significantly greater than the agreement of other
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intervals (Table S4). Therefore, we use for the direct defor-
estation driver mapping all tree cover loss within the canopy
density interval (10, 100].

Globally, approximately 77 million ha of tropical forest
was lost between 2001 and 2010 (Fig. 1). The expansion of
agricultural land causes approximately 90% of the deforesta-
tion. Table S5 lists the total forest loss and the main deforest-
ation driver we obtained in our study disaggregated by coun-
try, continent, and global. Within agriculture, the expansion
of grassland accounts for 37.5% of deforestation, followed
by regrowth (29.96%) and cultivated land (22.82%). A minor
deforestation driver is the expansion of artificial surfaces
(0.48%). Other causes, like forest inundation, account for
1.56% of the tropical forest loss. However, the entire defor-
ested area and distribution of drivers in terms of total share
and spatial coverage vary per continental region (Fig. 2).

Approximately 39 million ha was deforested in South
and North America between 2001 and 2010. The follow-
ing four countries show large (i.e.,> 1 million ha) cumula-
tive deforestation in these continents: Brazil (27.6 million
ha), Paraguay (2.1 million ha), Bolivia (1.9 million ha),

and Colombia (1. 6 million ha). For these continents, the
primary deforestation driver is the expansion of grassland
with a share of 46.64%, followed by cultivated land (24.04%)
(Fig. 2). In Brazil, forest loss is primarily concentrated in the
north of the country (Fig. 1). The forest loss in this region,
also known as the arc of deforestation (Sy et al. 2015), can
mainly be attributed to grassland expansion. In contrast, the
expansion of cultivated land is mainly detected in the south
of Brazil. In total, approximately 53% of the deforested
land in Brazil is converted to grassland, while 20% can be
attributed to cultivated land. The northern part of Paraguay,
known as the Gran Chaco, shows extensive absolute defor-
estation, of which the expansion of cultivated land drives
over a half. In Bolivia, tree cover loss is primarily concen-
trated at the country’s centre, while the main deforestation
driver is the expansion of cultivated land. On the coun-
try scale, the primary cause for tree cover loss (46.6%) in
Bolivia is the expansion of cultivated land (Sy et al. 2015).
In the north and south of Colombia, grassland expansion
is the primary deforestation driver (Graesser et al. 2015).
These regions represent large forest losses as well.

Legend
\:] Country boundaries ° <3.36 @ <59.07
Tree cover loss [Kha] °© <879 @ <9423
+ =0.01 © <2006 ® <165.44
© =064 ° <3621 @ <1129.64

Fig.1 The area of deforestation varies across the continents: A North
and South America, B Africa, C and Asia/Oceania. Each hexagon
shows by scaling and colour gradient the forest loss in Kha (103 ha)
within the area covered by the grid cell. Each grid cell covers an area
of approximately 4.9 million ha at the equator. Cells appearing not

to cover the continents are a scaling artefact. Unscaled hexagons still
intersect with the landmass (Fig. S3). Hexagonal gridding and bin-
ning are implemented in Python, and we use QGIS for map composi-
tion
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Legend
| Grassland l Water
Shrubland l Artificial land
.| Wetland L Bareland

D Country boundaries

Deforestation driver
l Cultivated land

. Forest regrowth

Fig.2 The deforestation driver and their composition vary across
the continents: A North and South America, B Africa, C and Asia/
Oceania. Each hexagon’s interior shows the composition of the most
dominant deforestation driver sorted from bottom to top. Each grid
cell covers an area of approximately 4.9 million ha at the equator. The

We present our outcomes for Asia and Oceania together
due to low country coverage in Oceania (Table S5). In both
regions, a forest area of approximately 22 million ha was lost
between 2001 and 2010. Our results suggest that 61.8% of
the forest loss can be attributed to regrowth, while cultivated
land and grassland (16% and 7.1%) expansion causes only
a minority of the forest loss. The following four countries
represent the top four in terms of total deforestation within
the region: Indonesia (10.2 million ha), Malaysia (3.3 mil-
lion ha), China (1.8 million ha), and Laos (0.8 million ha).
More than half of the deforestation in Indonesia (76.13%),
Malaysia (87.1%), and China (60.8%) can be attributed to
regrowth dynamics (Table S5), which is also highlighted for
Indonesia by Austin et al. (2019). Deforestation is mainly
distributed over the islands of Sumatra and Borneo in Indo-
nesia. Malaysian deforestation primarily centres on Borneo
and continental Malaysia (Fig. 1). Roughly the same pro-
portion of forest loss can be attributed to the expansion of
cultivated land in China (18.01%), Indonesia (17.13%), and
Laos (16.86%). In Laos, major deforestation is located in the
north of the country.
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hexagons’ size corresponds to the forest loss within the region. Cells
appearing not to cover the continents are a scaling artefact. Unscaled
hexagons still intersect with the landmass (Fig. S3). Hexagonal grid-
ding, binning and splitting are implemented in Python, and we use
QGIS for map composition

In Africa, an area of 17 million ha was deforested
within the period 2001-2010. The primary deforesta-
tion driver of this forest loss is the expansion of grass-
land (50%), followed by the expansion of cultivated land
(25.01%). In Africa, the following four countries show the
highest total deforestation: DR Congo (4.7 million ha),
Mozambique (1.8 million ha), Tanzania (1.5 million ha),
and Angola (1.4 million ha). In DR Congo and Angola,
grassland expansion causes more than half of the defor-
estation (Fig. 2). Forest loss hotspots are scattered over
the entire DR Congo, while the highest total forest loss
can be observed in the country’s south (Fig. 1). In Angola,
deforestation has primarily occurred in the centre of the
country. The expansion of cropland accounts for approxi-
mately one-third and two-fifths of the forest loss in Angola
(34.23%), Mozambique (35.48%), and Tanzania (45.06%),
respectively. In Mozambique, deforestation tends to be dis-
tributed in the country’s north, while in Tanzania, substan-
tial forest loss is primarily located in the south. In both
countries, grassland expansion accounts for approximately
two-fifths of the deforested areas.



Anthropocene Science (2023) 2:81-92

Our mapping of direct deforestation drivers reaches an
overall accuracy of approximately 87% (Tables S6 and S7).
The following two land cover types have a producer’s accu-
racy above 80%: cultivated land (90%), regrowth (84%) and
grassland (90%). Shrubland achieves a producer’s accuracy
of approximately 80%, while permanent water bodies (67%)
have a producer’s accuracy. The lowest producer’s accuracy
is observed for the following three land cover types: wetland
(54%), artificial (64%), and bareland (49%). Globally we
estimate a changing area per deforestation driver in Kha of
17,451.9 (£ 489.9), 25,296.8 (+ 600.7), 27,412.2 (+ 615.0),
5511.9 (£ 357.4), 841.5 (= 166.7),276.5 (+ 98.4), 290.0 (+
96.1), and 60.7 (¢ 41.5) accounting for cropland, regrowth,
grassland, shrubland, wetland, water, artificial, and bareland,
respectively.

3.2 Carbon Loss

On a global scale, tropical deforestation accounts for a
carbon loss of 8§797.32 Mt C due to the removal of woody
biomass between 2001 and 2010 (Table S7). The carbon
loss induced by the SOC carbon change through land cover
transitions is 1555.47 Mt C and 931.58 Mt C for scenario
SC1 and SC2, respectively. Table S8 lists the carbon loss by
related deforestation driver we obtained in our disaggregated
by country, continent, and global. Dependent on the sce-
nario, the total carbon loss caused by deforestation and land
cover changes range between approximately 9734 Mt C and
10,352 Mt C. The primary source for biomass carbon loss is
the expansion of grassland that accounts for approximately
40% of the carbon loss. In contrast, the transition of forests
to cultivated land causes approximately 30—40% of the SOC
loss. Comparable to the deforestation drivers, the carbon loss
patterns varying across the study region, dependent on the
selected scale.

North and South America show the greatest carbon loss
among the continents (Fig. 3). The removal of above-and
below-ground biomass accounts for approximately 4385
Mt C. For scenario SC1 and SC2, SOC loss range between
836.51 and 568.48 Mt C, respectively (Table S7). Transi-
tions of forest cover to grassland, causing over a half (2473.9
Mt C) of the continental carbon loss by removing the woody
above-and below-ground biomass. The expansion of grass-
land is also the primary driver of SOC loss, which accounts
for 393.76 Mt C and 269.14 Mt C for scenarios one and
two. The following countries represent the top four biomass
carbon loss: Brazil (3231.8 Mt C), Bolivia (219.1 Mt C),
Colombia (196.69 Mt C), and Peru (140.41 Mt C). In Brazil
and Colombia, the leading cause for biomass carbon loss is
the transition of forest cover to grassland, while in Bolivia,
the primary source is the expansion of cultivated land. The
carbon loss in Peru can mainly be attributed to the establish-
ment of regrowth. The most immense SOC loss for scenario

87
_BlO I Cultivated
mmm Regrowth
40007 [ Grassland
= Shrubland
@ Bareland
mmm Artificial
%) 3000 BIO
o
=) \
@
o
5
8 20001
3 BIO
1000 + sC1
SC2
SC1 sc1
sc2 SC2
North/South America Asia/Oceania Africa

Fig.3 Carbon loss through removal of above- and below-ground bio-
mass (BIO) and soil organic carbon change (under scenario SC1 and
SC2) on the continental scale per dis-aggregated deforestation driver.
In scenario SC1, all land cover changes occurred in the primary for-
est. We distinguished between land cover change in primary and sec-
ondary forest in scenario SC2. Carbon loss by bareland is not visible
in the figure because it is <1 Mt C but depicted in table S7

SC1 and SC2 is observed in the following four American
countries: Brazil (580.96 Mt C, 408.46 Mt C), Bolivia (59.1
Mt C, 42.24 Mt C), Paraguay (38.86 Mt C, 30.67 Mt C), and
Colombia (34.86 Mt C, 15.2 Mt C). Grassland is the primary
cause of SOC loss in Brazil and Colombia, while the expan-
sion of cultivated land is the primary source of SOC loss in
Paraguay and Bolivia.

In Asia and Oceania, the gross carbon loss from bio-
mass removal and SOC ranges between 2915.22 Mt C and
3163.44 Mt C. The majority of biomass removal is caused
by the expansion of regrowth, accounting for 2056.91 Mt
C of carbon loss. The second largest source for carbon loss
is the expansion of cultivated land followed by grassland.
For SOC loss, cultivated land and grassland are the primary
sources as well. The following four countries contribute
most to the continental gross carbon loss through biomass
removal: Indonesia (1421.09 Mt C), Malaysia (493.09 Mt
C), China (241.99 Mt C), and Laos (120.97 Mt C). In all
four countries, regrowth expansion is the primary source
of above- and below-ground biomass carbon loss. SOC loss
in scenario SC1 is primarily distributed over the following
countries: Indonesia (170.46 Mt C), Malaysia (75.71 Mt C),
China (45.28 Mt C), and Vietnam (25.28 Mt C). Regrowth
dynamics are the primary cause of these carbon losses in
Indonesia, Malaysia, and China, while the forest transition
to cultivated land is the primary source in Vietnam. The fol-
lowing four countries are the primary sources for carbon loss
if these are calculated in line with scenario SC2: Indonesia
(80.67 Mt C), China (17.64 Mt C), Vietnam (15.27 Mt C),
and Cambodia (16.74 Mt C). A primary cause for this SOC
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carbon loss is the expansion of cultivated land in all four
countries.

For Africa, the gross carbon loss by biomass removal
accounts for 1607.54 Mt C, while SOC loss is 292.58 Mt C
and 184.94 Mt C for scenario SC1 and SC2, respectively.
At the continental scale, the primary source of biomass
removal is the expansion of grassland. The same account
for SOC loss under scenario SC1, while SOC loss calcu-
lated in line with scenario SC2 is primarily driven by the
forest’s transition to cultivated land. Substantial carbon loss
through biomass removal can be observed primarily in DR
Congo (623.3 Mt C), Mozambique (138.64 Mt C), Mada-
gascar (128.48 Mt C), Tanzania (91.51 Mt C). The carbon
loss of the first two countries plus Tanzania is dominated by
the expansion of grassland, while in Madagascar, the pri-
mary cause for biomass carbon losses is regrowth dynamics.
Substantial SOC loss can be observed in the following four
countries: DR Congo (81.29 Mt C, 55.66 Mt C), Mozam-
bique (34.58 Mt C, 22.79 Mt C), Zambia (16.78 Mt C, 21.74
Mt C), and Tanzania (21.72 Mt C, 16.11 Mt C). In the last
three countries, the carbon loss is primarily dominated by
the expansion of cultivated land, while grassland transitions
are the primary cause of SOC loss in DR Congo.

3.3 Ecosystem Service Values

Between 2001 and 2010, tropical deforestation accounts for
an ESV loss of approximately 408 billion Int.$/year, while
the ESV gain through land cover change is approximately
345 billion Int.$/year. Table S9 lists ESV loss and gain
related to the deforestation driver we obtained in our study
disaggregated by country, continent, and global. The transi-
tion of forests to grassland contributes the most to the ESV
losses with about 155 billion Int.$/year, while the largest net
gain can be observed for transitions to cultivated land that
account for approximately 3 billion Int.$/year.

On a continental scale, the most substantial ESV loss
is present in North and South America, accounting for the
loss of 207 billion Int.$/year (Fig. 4). For the following
four countries, we observed the highest ESV loss over the
Americas: Brazil, Paraguay, Bolivia, and Colombia. In Bra-
zil, the ESV loss through deforestation is about 146 billion
Int.$/year, while the largest ESV gain can be attributed to
the conversion of forest areas to grassland (60 billion Int.$/
year). For Bolivia and Colombia, the losses are approxi-
mately 10 and 8 billion Int.$/year, while in Bolivia, the ESV
gain is mainly attributed to cultivated land conversions (5
billion Int.$/year) and in Colombia fostered by grassland and
regrowth transitions (2 billion Int.$/year). The loss of ESV
is about 11 billion Int.$/year in Paraguay, while conversions
to cultivated land are the most relevant gains (7 billion Int.$/
year).
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Fig.4 Ecosystem service value (ESV) loss and gain on a continen-
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In Asia and Oceania, the ESV loss and gain account for
107 billion and 104 billion Int.$/year. Over the study period,
the most substantial ESV loss is in Indonesia, with about 54
billion Int.$/yr. The expansion of regrowth primarily drives
this loss. Similar ESV dynamics can also be observed in
Malaysia, China, and Laos.

For Africa, we estimate the ESV loss of 93 billion Int.$/
year and the ESV gain of 80 billion Int.$/year through land
cover changes. The largest ESV loss can be attributed to
the conversion of forest cover to grassland, which accounts
for 48 billion Int.$/year, respectively. In Africa, transitions
of forests to cultivated land translate to a more gain in the
ESV than the loss in the monetary term. However, forest
ecosystem services could not be replaced and compensated
by the ecosystem services from cultivated land. The follow-
ing four African countries contribute most to the continental
ESV loss: DR Congo (24 billion Int.$/year), Mozambique
(9 billion Int.$/year), Tanzania (7 billion Int.$/year), and
Angola (7 billion Int.$/year). Most of this loss is driven by
the expansion of grassland and cultivated land, while these
transitions also represent major ESV gains.

4 Discussion

This study scrutinises the distribution of direct deforestation
drivers across the tropics. Further, we evaluate carbon loss
and changes in ESV due to tropical deforestation. Our study
brings several new insights into understanding the drivers
and impacts of tropical deforestation between 2001 and
2010. These insights are crucial for deriving forest-based
measures for limiting global warming well below 2°C and
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overall sustainable transformation, e.g., to achieve Sustain-
able Development Goals (SDGs).

First, our study highlights the variation in deforestation
drivers across regions. For example, deforestation resulted
in expanding cultivated land (24%) and pasture (46%) in
North and South America. In contrast, regrowth occurred
after most deforestation in Asia. This regrowth could relate
to the large amounts of newly established tree crops in this
region (Austin et al. 2019; De Sy et al. 2019). These find-
ings address our first research question on deforestation driv-
ers across spatial scales. Agriculture is the most relevant
deforestation driver globally, accounting for approximately
90% of the forest loss. This deforestation can also be linked
to the growing food trade (Foong et al. 2022). Therefore,
sustainable transformation of food systems is essential to
reduce deforestation and explore synergies between achiev-
ing zero hunger (SDG2) and conservation of life on land
(SDGL15). Currently, protecting biodiversity and natural
habitats (SDG Target 15.5) is one of the challenging aims
of the 2030 Agenda for Sustainable Development (Anderson
et al. 2022). Moreover, our global estimate on forest loss due
to agriculture is larger than the estimates from previous stud-
ies, i.e., 85% (Hosonuma et al. 2012) and 77% (Curtis et al.
2018) of the deforested area. These differences may come
from our higher-resolution analysis to detect deforestation
or the usage of different datasets and also the use of different
definitions of agriculture, as mentioned previously.

Second, we present fine-grained insights into defor-
estation drivers’ continental and regional distribution. For
example, our study highlights that although Brazil presents
the most severe deforestation countrywide, forests’ conver-
sion into pastures dominates its northern part. This con-
version pattern is also reported by other studies (Graesser
et al. 2015; Sy et al. 2015). Similarly, our study shows large
expansions of cultivated land into forests in the centre of
Bolivia. These understandings of a variation in deforesta-
tion drivers within a country help tailor policies, target-
ing specific drivers to halt deforestation. For example, our
findings provide location-specific deforestation drivers that
must be tackled to meet the Bonn Challenge’s goal to restore
degraded and deforested areas and the Kunming-Montreal
Global Biodiversity Framework target to protect 30% of
Earth’s lands. Moreover, our research emphasises the need
for targeted frameworks [Reducing Emissions from Defor-
estation and forest Degradation (REDD+), Latin American
and Caribbean Initiative 20 X 20] to protect forests from
expansion and conversion to agriculture. To successfully
implement these frameworks, they must address location-
specific deforestation drivers that may vary within a country.
Their success is critical in the background of climate change
mitigation and the call of the IPCC for reduced deforestation
and afforestation to limit global warming to 1.5 °C or well
below 2 °C (IPCC 2014).

Third, our study captures a more holistic picture of carbon
loss by including soil organic carbon losses associated with
deforestation, answering our second research question. Our
estimates of carbon loss account for removing forest bio-
mass and SOC loss due to land-use change; we also link the
carbon loss to the deforestation drivers. Between 2001 and
2010, we estimate the total carbon loss of 8797 Mt C due
to biomass removal by anthropogenic deforestation activi-
ties. This value is slightly lower than the estimates of exist-
ing literature that range between 10,000 and 11,400 Mt C
(Baccini et al. 2012; Houghton et al. 2012). This difference
may be explained due to the overestimation of carbon loss
by the previous studies based on coarse resolution data and
differing estimates of total forest loss. Additional to biomass
removal, land-use change resulting from deforestation also
contributed to 1185-1833 Mt C of the SOC loss during the
study period. So far, this emission from SOC changes due
to deforestation is not included in the carbon accounting,
underestimating the total carbon loss due to deforestation
by 13-20%.

Fourth, our study also provides a holistic picture of ESV
changes due to deforestation, answering our third research
question. We account for the loss of ESV due to deforesta-
tion and ESV of the resulting land use. Our study estimates
deforestation accounts for the ESV loss of 408 billion Int.$/
year. This value is close to the estimate of a loss of 550 bil-
lion Int.$/year by Song (2018). Additionally, we estimate the
ESV gain of 345 billion Int.$/year by land use that replaces
forest. That means ESV loss through deforestation could
be close to the ESV gain from the resulting land use. These
findings reveal the need to take the ecosystem service valu-
ation approach cautiously because deforestation consists of
two components—the ESV loss through deforestation and
gain by new land cover types. The subsequent land use can-
not replace ecosystem services and biodiversity loss due to
deforestation. However, the monetary evaluation of ecosys-
tem services might depict similar values, giving a wrong
impression. Therefore, our study highlights the underlying
danger of putting the monetary value on nature, giving the
impression that ecosystem services are replaceable.

Our study also has a few limitations. First, we do not cap-
ture the dynamic dimension of deforestation drivers, e.g., the
shift of forest to pasture, followed by a conversion to other land
use. Nevertheless, our deforestation drivers’ results are still
valid because our study focuses on capturing the initial rea-
son for deforestation. Second, we cannot distinguish between
regrowth by establishing tree crops, forestry activities, or natu-
ral regeneration. For example, Chen et al. (2019) highlighted
that greening in China is related to its ambitious afforesta-
tion programs. Nevertheless, most regrowth is related to tree
crops, mainly oil palm plantations, in many countries. Third,
our study estimates only the gross carbon loss through defor-
estation but not the carbon gain by the subsequent land use.
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Additionally, our insights for carbon losses by SOC change
should be understood as a rough estimate due to the low cover-
age of land cover change coefficients (Don et al. 2011). Simi-
larly, we assume the removal of above- and below-ground
biomass following the approach of Pearson et al. (2017).
However, some below-ground biomass may remain in the
deforested areas depending on substituting land use. Fourth,
our estimates on ESV changes could be more precise by tak-
ing country-specific values instead of global ones. However,
country-specific values are not available in sufficient coverage
Costanza et al. (2014). Moreover, we estimate ESV changes
to highlight the potential pitfall of putting a monetary value
on nature. Fifth, the study results are only up to 2010 due to
the unavailability of recent data at the time of the study. How-
ever, the study can still serve as an example of updating data
to a more recent period, given that recent data has become
available. Despite the limitations, the study provides valuable
insights into different deforestation dynamics such as drivers,
carbon loss, and ecosystem degradation, which are general
impacts of deforestation even for the last decade, 2011-2020.
Finally, our study points to agriculture as the primary defor-
estation driver, which is still the leading cause of deforestation
(Curtis et al. 2018).

To limit global warming well below 2 °C as envisioned
by the Paris Agreement, emissions from deforestation need
to reduce to zero. Simultaneously, carbon sequestration
from afforestation and sustainable land management needs
to increase (Rockstrom et al. 2017). REED+ is mentioned
as an instrument to address these needs in Nationally Deter-
mined Contributions of many countries (Hein et al. 2018).
For a good implementation of instruments like REDD+, our
study explains deforestation drivers at a high spatial resolu-
tion. Our study also fosters implementing the UN goals for
sustainably managed forests until 2030 (UN 2019). By scru-
tinising the global deforestation driver dynamics, we directly
contribute to the vital goal of providing relevant, accessible
forest-related information. Further, we highlight that agri-
culture and its expansion into forested areas must be stopped
actively to prevent ongoing deforestation. Therefore, it is
required to include agriculture in decision-making, land-use
planning, and other demand-side management strategies to
ensure food security, such as avoiding food waste and chang-
ing diets (Bodirsky et al. 2019; Landholm et al. 2019b).
Further, conflict prevention and avoidance help to exclude
these as an additional crucial underlying driver of deforesta-
tion (Landholm et al. 2019a). Moreover, overall sustainable
development should explore strategies that will synergise
the conservation of life on land (SDG15) and other SDGs,
opposite to the current situation (Warchold et al. 2022).
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5 Conclusion

Our study highlights the variation of deforestation drivers
across regions and countries and their considerable impact
on carbon loss and ecosystem degradation. Each country
must target its policy toward individual deforestation driv-
ers for conserving forests. Halting tropical deforestation is
crucial for climate change mitigation and conserving biodi-
versity and ecosystem services, and it could also contribute
to rescuing the 2030 Agenda from failing (Pradhan 2023).
However, implementing conservation interventions requires
further understanding of deforestation mechanisms, includ-
ing its indirect drivers, i.e., socio-economic causes, and
exploring win-win solutions with other development goals.
Future research can apply a multi-method approach to under-
stand the root causes of deforestation, and this approach can
consist of periodically updated datasets on direct deforesta-
tion drivers and stakeholder interactions.
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