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Abstract. The consumption-based carbon emissions dataset for deforestation provides an important perspective for
developing effective emission mitigation policies. However, existing datasets are largely limited to national-scale and lack
spatially explicit, high-resolution data at the global level. Here, we present a global, gridded dataset of consumption-based
deforestation carbon emissions at 1 km resolution for 2001-2020. The dataset integrates spatial information on road
networks, deforestation, and forest carbon fluxes with country-level global trade statistics. Our dataset shows that trade-
related deforestation emissions amount to 39.6 Gt COze, constituting 31.8% of global deforestation emissions. This new
dataset fills a critical gap in spatially explicit consumption-based deforestation emissions data, and supports the development
of targeted mitigation strategies from the consumer perspective. It also provides a valuable input for climate and carbon
cycle models to assess the contribution of consumption-driven deforestation to global warming. Datasets are available at

https://doi.org/10.6084/m9.figshare.28091879 (Tang et al., 2024).

1 Introduction

Forests represent one of the most important terrestrial carbon sinks and play a critical role in global climate change
mitigation due to their high carbon sequestration potential (Cook-Patton et al., 2020). However, global forest cover has
continued to decline over recent decades, decreasing from 31.6% of global land area in 1990 to 30.6% in 2015 (Fao, 2015).
Although the rate of deforestation has shown a modest decline in recent years, the deforestation continues to occur at an
alarming pace. Consequently, deforestation leads to significant carbon emissions, which remained at approximately 1.9 Gt C
yr ! during the period from 2013 to 2022, accounting for about 17% of total anthropogenic emissions (Friedlingstein et al.,
2023). Therefore, effectively managing deforestation holds significant potential for mitigating global carbon emissions.

International trade remains the primary driver of deforestation, particularly through the expansion of commercial agriculture
(Pendrill et al., 2019b; Pendrill et al., 2019a). Large-scale production of commercial agricultural commodities, including
livestock, oil palm, rubber, and cash crops, accounts for approximately 40% of tropical deforestation (Wang et al., 2023;
Souza Jr, 2023). Previous studies have indicated that 29%-39% of deforestation-related emissions are embodied in

international trade (Pendrill et al., 2019b). Although trade promotes global prosperity, it also creates a spatial disconnection
1
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between locations of production and final consumption (Wiedmann and Lenzen, 2018). This disconnection complicates
accountability and has led to increasing recognition that mitigating deforestation emissions requires a consumption-based
perspective and policy interventions targeting international supply chains (Pendrill et al., 2019b; Lambin et al., 2018). The
concept of consumption-based deforestation emissions, often referred to as the deforestation emissions footprint, captures the
carbon emissions from deforestation that are attributable to the final consumption of specific countries.

Despite its importance, mapping consumption-based deforestation emissions at sub-national or fine spatial scales
remains technically challenging. Most existing studies quantify deforestation footprints at the national level or focus on a
limited number of countries, thereby neglecting substantial spatial heterogeneity within producing regions (Pendrill et al.,
2019b; Pendrill et al., 2019a). This hampers the accurate calculation of trade and consumption footprints, masking and
distorting the causal links between consumers' choices and their environmental impacts, especially in countries with
significant spatial variability in carbon storage conditions (Moran et al., 2020). To address this limitation, some studies have
proposed spatially explicit input-output models (SMRIO) that use geospatial data for finer-resolution footprint mapping
(Hoang and Kanemoto, 2021; Kanemoto et al., 2016). However, existing SMRIO applications typically assume proportional
relationships between production and consumption within countries and do not explicitly account for the possibility that
exports originate from specific sub-national regions. As a result, these approaches remain limited in their ability to capture
spatial heterogeneity in consumption-driven deforestation emissions and to support geographically targeted mitigation
strategies.

To address these gaps, we developed a global, high-resolution dataset of consumption-based deforestation carbon
emissions by improving existing SMRIO method through pixel-level analysis. By utilizing satellite-based deforestation
observations with economic input-output data, we generate annual global maps of deforestation emissions footprints at a
spatial resolution of approximately 1 km for the period 2001-2020. The dataset enables the identification of spatial hotspots
of consumption-driven deforestation and provides a consistent framework for attributing deforestation emissions to final
consumers while retaining the original locations of deforestation. To our knowledge, this is the first global consumption-
based deforestation emissions at the pixel-level. The dataset is intended to support improved accountability for deforestation
emissions, inform supply-chain governance, and facilitate the development of more spatially targeted policies to reduce

emissions from deforestation.

2 Data and Methods

In this study, we developed a global, annual, gridded dataset of consumption-based deforestation carbon emissions at a
spatial resolution of approximately 1 km for the period 2001-2020, covering 187 countries and regions. The dataset was
constructed using a spatial multi-regional input—output (SMRIO) framework, which allocates national-level deforestation

emission footprints to grid cells based on pixel-level deforestation patch size and road density. The key innovation lies in the
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introduction of export priority zones, which improve the spatial allocation of export-oriented deforestation emissions
according to deforestation patch size and road density. The resulting gridded dataset represents the amount of deforestation
emissions in each grid cell driven by the final consumption of a specific country. An overview of the data processing
workflow is shown in Fig. 1, which comprises three main components: data preprocessing, data mapping, and spatial

plausibility assessment.

a
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Figure 1. Overview of the data processing workflow and methodology. (a) Key steps in generating pixel-level deforestation
emissions footprint dataset, including data preprocessing, data mapping, and spatial plausibility assessment, together with data
sources. Parameter sensitivity analysis was conducted during the data mapping stage using a spatial plausibility assessment
approach. (b) Schematic of the SMRIO method. The method integrates pixel-level geospatial data with national-level statistical
data, and incorporates export priority zones to enhance the spatial allocation of deforestation emissions at the pixel level.
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2.1 Data preparation
2.1.1 Global MRIO tables at the national level

MRIO tables provide a comprehensive representation of global production, consumption, and trade flows, and are widely
used to quantify consumption-based environmental footprints (Kanemoto et al., 2016; Lenzen et al., 2018; Liu et al., 2022).
In this study, we utilized a simplified version of the Eora global MRIO tables, specifically the Eora 26, spanning from 2001
to 2020. The Eora 26 tables provide a consistent time series of global MRIO tables with a harmonized 26-sector
classification across 187 countries and regions (Lenzen et al., 2013). These tables allow us to estimate the deforestation
emissions embodied in final demands and the export-oriented share of deforestation for each producing country. These tables

form the backbone for calculating national-level consumption-based deforestation emissions.

2.1.2 Pixel-level deforestation, deforestation emissions, and road densities

We obtained annual deforestation data from Hansen et al. (2013), which is derived from time-series analysis of Landsat
images and is updated annually on Global Forest Watch. Deforestation is defined as the complete removal of tree cover
canopy or a stand-replacement disturbance at the scale of Landsat pixels, following Hansen et al. (2013). The deforestation
emissions data was obtained from Harris et al. (2021), who also used the annual forest loss data from Hansen et al. (2013),
ensuring consistency with our study's basic data. Harris et al. mapped carbon emissions from global forest extent by
synthesizing information from over 637,000 ground plots, 707,561 waveform lidar observations, and other satellite data into
a spatial forest carbon monitoring framework. To maintain temporal consistency with MRIO tables, we only used
deforestation data up to 2020.

Deforestation drivers were classified following Curtis et al. (2018) into five major categories: commodity-driven
deforestation, shifting agriculture, forestry, wildfire, and urbanization. Wildfire-related deforestation was excluded from this
study, as it is not directly linked to economic activities or final consumption. The remaining drivers were mapped to
corresponding economic sectors in the Eora26 classification. Where a single deforestation driver corresponded to multiple
economic sectors, deforestation area was allocated proportionally based on sectoral value added (Hoang and Kanemoto,
2021; Kanemoto et al., 2016).

Transportation accessibility was represented using road density, derived from the Global Roads Inventory Project
(GRIP) dataset (Meijer et al,, 2018). The GRIP dataset harmonizes approximately 60 geospatial datasets on road
infrastructure and provides a global raster of road density at a 5-arcminute resolution. These pixel-level datasets capture

spatial heterogeneity required to distribute national-level deforestation emissions footprints to 1 km grid cells.
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2.1.3 Country income classification

Country income categories were obtained from the World Bank and classified into four groups based on gross national

income (GNI) per capita: Low income (L), Lower-middle income (LM), Upper-middle income (UM), and High income (H).

2.2 Mapping high-spatial resolution deforestation emissions footprint
2.2.1 Multi-regional input-output model (MRIO)

MRIO tables describe the equilibrium of supply and demand among economic sectors across multiple regions, providing
detailed information on the flows of goods and services both within and between economies. This balance of supply and

demand in MRIO tables can be expressed as Eq. (1):
X=T+Y, ¢))

where X = [x] ] denotes total output of sector 7 in region r; T = [z]'] is the intermediate input-output from sector 7 in region
r to sector j in region s; Y = [y/°] is the final demand in region s supplied by sector i in region ». When the technical

coefficient A4 is introduced, Equation (1) can be reformulated as follows:
X=(U-A)"1xY, (2)

where A =T/X = [a{js] represents the amount of input of sector i in region r to satisfy the unit value increase in output of

sector j in region s; I is the identity matrix; (I — A)™* = [b]}

7] is the Leontief inverse matrix (L), which represents the gross

output from sector i in region r to satisfy one monetary unit of final demand in sector j of region s. To establish a connection

between the monetary output and deforestation, we defined a direct deforestation intensity vector f as:

f=0Q/X, 3)
where f is the amount of deforestation per monetary unit of sectoral outputs; @ = [g;] is the deforestation area of sector j in

region s, which is also known as deforestation satellite account.

Thus, the transfer of deforestation between regions driven by final demand can be calculated by
E = flLy, 4

where E is the deforestation transfer matrix; f is a diagonal matrix of f; y is the final demand.

2.2.2. Export priority zones and spatial allocation

To spatially allocate national deforestation emissions footprints to grid cells, we extended the SMRIO framework by
introducing export priority zones, which reflect the likelihood that deforestation in a given location is driven by export-

oriented production. as follows:
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where F* denotes deforestation emissions footprint map of country s in the world; R denotes map of deforestation emissions
for each of h = 1 to 4 drivers, and R1},, R2}, and R3}, are maps of deforestation emissions caused by driver h in the first,
second and third priority export areas in country r, respectively. d denotes deforestation area, and d/, d2, and d3 are
deforestation areas in the first, second and third priority export areas in country ». The embodied deforestation emissions
term (fLy) and d are in absolute values; i and j represent the sectors of origin and destination, and r and s denote the countries
of production and final sale; t is the country of final demand.

The international demand for export-oriented agricultural products is widely recognized as a significant driver of
deforestation (Defries et al., 2010). Profit-driven export trade in agricultural and forestry commodities tends to be
concentrated in regions with extensive farmland (Friis and Nielsen, 2019) and well-connected locations (Verburg et al.,
2011). Export-oriented agricultural and forestry production tends to occur in regions characterized by large deforestation
patches and high transportation accessibility (Meijer et al., 2018). Based on this assumption, export priority zones were
identified using two indicators: deforestation patch size and road density. Larger patch sizes and higher road densities were
assumed to indicate a higher probability of export-driven deforestation.

Deforestation patches were identified through landscape pattern analysis at a spatial resolution of 30 m, with road
density used as a proxy for accessibility. A parameter sensitivity analysis was conducted to determine appropriate thresholds
for both indicators. We tested three deforestation patch size (200 x 200, 300 x 300, and 400 x 400 pixels) and seven road
density values (50, 60, 70, 80, 90, 100, and 110 m km™). For each parameter combination, a preliminary gridded
deforestation emissions footprint dataset was generated and assessed using global accessibility datasets described in Section
2.3. Thresholds were selected based on spatial plausibility criteria. Specifically, the share of deforestation emissions in
accessible areas was maximized, while the share allocated to extremely remote regions was minimized. Using these criteria,
a deforestation patch size threshold of 300 pixels and a road density threshold of 100 m km™ were chosen, resulting in the
delineation of three export priority zones (Table 1).

Table 1. the delineation of three export priority in this study

Export priority Spatial extent
First s>300 And d> 100
second (s >300 And d < 100) or (s <300 And d > 100)

6



155

160

165

170

175

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-243
Preprint. Discussion started: 8 May 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

Third 5§ <300 And d <100

Notes: s denotes deforested patch size measured in pixels (30 x 30 m); ¢ denotes the road density (unit: m/km?).
Deforestation emissions embodied in international trade were first allocated to the highest export priority zones. If

emissions exceeded the total deforestation emissions of a given zone, the remaining emissions were sequentially allocated to

lower export priority zones. In contrast, deforestation emissions driven by domestic consumption were allocated in opposite

order, from lower to higher export priority zones.

2.3 Spatial plausibility assessment
2.3.1 Accessibility to cities

Spatial plausibility of the gridded deforestation emissions footprints was assessed based on travel time to cities of different
population sizes. We used the global travel time to cities dataset (Weiss et al., 2018), and classified cities into four categories
according to population: <10,000; 10,000-20,000; 20,000-50,000; and >50,000 inhabitants. Deforestation emissions
footprints located more than five hours from the nearest city were considered less consistent with export-oriented production,
as travel times beyond this threshold substantially reduce market access and trade participation (Hochard and Barbier, 2017).

Accordingly, travel time to the nearest city was divided into four intervals: <1 h, 1-2 h, 2-5 h, and >5 h.

2.3.2 Accessibility to ports

To further assess spatial plausibility with respect to export-oriented deforestation emissions, travel time to ports was assessed
using the Global Accessibility to Ports dataset (Nelson et al., 2019). Ports in the dataset are classified into five categories
Large, Medium, Small, Very small, and Any. Deforestation emissions footprints located at very long travel times to ports
were considered less closely associated with export-driven deforestation (Gries et al., 2009). Travel time to the nearest port

was divided into four intervals for analysis: <24 h, 24-48 h, 48—72 h, and >72 h.

2.3.3 Comparison with conventional spatial allocation approaches

We compared the spatial distribution of deforestation emissions footprints derived from the optimized export priority zones
with those obtained using a conventional proportional allocation approach that does not consider accessibility or patch size.
The comparison focused on the relative shares of footprints in accessible versus remote areas, illustrating the effectiveness of

the proposed approach in enhancing the spatial plausibility of deforestation emissions footprints.
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3 Results
3.1 Overview of the global consumption-based deforestation emission footprint between 2001-2020

We estimated global consumption-based deforestation emissions associated with dominant anthropogenic activities for the
period 2001-2020 using the improved SMRIO model. During this period, global deforestation resulting in total emissions of
180 124.5 Gt COze. Notably, 39.6 Gt COze of these emissions were embodied in trade, accounting for 31.8% of total global
deforestation emissions. Regionally, the largest consumption-based deforestation emissions were observed in Latin America,
Southeast Asia, and the United States (Fig. 2). The deforestation emission footprints in Latin America and the United States
remained relatively stable prior to 2015, followed by a marked increase in 2016 and a subsequent decline. This increase was
particularly pronounced in Latin America. In Western Europe, Southeast Asia, Sub-Saharan Africa, and China, deforestation
185 emission footprints gradually increased before 2015, peaked around 2016, and then showed a decreasing trend thereafter. In

contrast, Russia and the Rest of East Asia exhibited relatively small interannual variability throughout the entire study period.

Latin America

Deforestation emission footprint (Gt)

HRA e
Ir Western Europe
Sub-Saharan Africa

0.5t China

Russia
Rest of East Asia

2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022
Year

Figure 2. Regional aggregation of global consumption-based deforestation emissions, 2001-2020.

Cumulative deforestation emissions from 2001 to 2020 were further disaggregated by deforestation drivers for both
190 consumption- and production-based perspectives across world regions (Fig. 3). From the consumption perspective, Latin

America and Southeast Asia exhibit large emission footprints associated with commodity-driven deforestation. In contrast,

8
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the United States, China, Russia, and Canada show relatively larger contributions from forestry-related activities. Sub-
Saharan Africa exhibits the highest share of emissions footprints associated with shifting agriculture (Fig. 3a). From the
production perspective, Latin America and Southeast Asia are the dominant contributors to deforestation emissions, with a
large proportion of emissions attributable to commodity-driven deforestation. In the United States, Western Europe, China,
and other regions, forestry is the primary driver of deforestation emissions, whereas deforestation emissions associated with

these regions from a consumption perspective arise from multiple drivers (Fig. 3a, 3b).

(a) (b)

Latin America | |

Southeast Asia | | | | ‘ |
usal ] I I
Sub-Saharan Africa ‘ |

Western Europe

China

Russia

Rest of East Asia

Canada

Eastern Europe

Middle East and North Africa

India
ndi [CICommodity-driven deforestation
Rest of the World [T shifting agriculture
. [ Forestry
Central and Northern Asia I Urbanization
0 5 10 15 20 25 30 0 3 10 15 20 25 30
Deforestation emissions footprint (Gt COzc) Deforestation emissions(Gt CO,e)

Figure 3. Cumulative deforestation emissions by drivers across world regions, 2001-2020: (a) consumption-based deforestation
emissions by driver, (b) production-based deforestation emissions by driver.

3.2 Spatiotemporal distribution of consumption-based deforestation emissions for major consuming countries

The new dataset, generated using the improved SMRIO model, captures the spatial distribution of consumption-based
deforestation emissions at high spatial resolution. Fig. 4 and 5 present four consecutive 5-year cumulative maps of
deforestation emission footprints associated with consumption in the United States and China, the two largest net importers
of deforestation emissions. Deforestation emissions induced by consumption in the United States are widely distributed
across both domestic and international regions. Major emission footprints are observed within the United States and in
Southeast Asia, especially in Indonesia and Malaysia. Additionally, hotpots of emissions footprints occur in Brazil,
particularly in the Amazon Basin, and in coastal West Africa countries, including Céte d'Ivoire and Liberia, as well as in
eastern Madagascar and Chile. Across the four 5-year periods, spatial concentration of deforestation emission footprints
increases in Southeast Asia and coastal West African countries after 2005. In South America, deforestation emissions
initially decline and then followed by an increase in later periods. In contrast, deforestation emission footprints in other

regions show relatively limited temporal variation and remain spatially stable throughout the study period.
9
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Figure 4. Consumption-based deforestation emissions linked to the United States, (a) 2001-2005, (b) 2006-2010, (c) 20112015, (d)

2016-2020.

In contrast, China's consumption-based deforestation emissions are more spatially concentrated (Fig. 5). Domestic

emission hotspots are mainly located in north China, while international footprints extend primarily to Southeast Asia,

particularly Indonesia and Malaysia, as well as to Central and West Africa, including Gabon and Cameroon. Temporally,

China’s deforestation emission footprint shows a clear expansion after 2005, with increasing spatial intensity and geographic

extent in Southeast Asia and African regions during the 20112015 and 20162020 periods, reflecting a strengthening link

between domestic consumption and overseas deforestation. Spatially, China’s consumption-driven deforestation emission

footprints gradually expand over the first three 5-year periods and remain relatively stable after 2015, with no significant

shifts in their spatial distribution.

10
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Figure 5. Consumption-based deforestation emissions linked to China, (a) 2001-2005, (b) 2006-2010, (c) 2011-2015, (d) 2016-2020.
3.3 Regional examples of consumption-based deforestation emissions

To illustrate the spatial details of the consumption-based deforestation emissions dataset, we selected three sample areas
representing hotspots of deforestation emissions footprints, each with a spatial extent of approximately 25 km x 25 km (Fig.
6). These samples are located in the Amazon Basin (Brazil), Southeast Asia, and West Africa, representing regions with
distinct deforestation drivers, trade linkages, and accessibility conditions. The 1 km resolution allows for clear delineation of
the spatial distribution of deforestation emissions footprints associated with different drivers. As shown in the Fig. 6, the
deforestation emissions footprints are primarily concentrated in road-dense areas, with relatively larger and more aggregated
patch. For instance, in the Amazon Basin, the deforestation emissions footprints extend along roads and gradually spread
outward, forming patches with relatively regular shapes (Fig. 6a-6¢). In Southeast Asia, where the road network is less
evenly distributed than in the Amazon, the deforestation emissions footprints are less aggregated and display a more uniform
spatial distribution pattern (Fig. 6d-6f). In the West African region, the road network is less dense than in Southeast Asia,
and the deforestation emissions are dispersed into smaller patches, resulting in a more scattered spatial distribution compared

with Southeast Asia (Fig. 6g-6i).

11
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Figure 6. Regional examples of consumption-based deforestation emissions (Gg CO:e) at 1 km resolution. Panels (a—c) show
cumulative emissions attributable to U.S. final consumption within a 25 km % 25 km sample window in the Amazon Basin from
2001 to 2020, along with high-resolution Google Earth imagery in 2001 and 2020. Panels (d—f) and (g-i) present the corresponding
results for the 25 km x 25 km sample windows in Southeast Asia and West Africa. Second column: 2001 imagery; third column:
2020 imagery. Satellite imagery © 2001, 2020 Landsat / Copernicus, Map data © 2001, 2020 Google.

3.4 Spatial plausibility assessment using accessibility indicators

The optimal parameter combination used in this study was selected based on the spatial plausibility of the resulting datasets
under different parameter settings. Fig. 7 presents the changes in the distribution of global export-driven deforestation
emissions across accessibility zones for datasets generated under different parameter combinations, relative to the
conventional approach. Compared with the conventional dataset, the dataset produced in this study generally increases the
share of deforestation emissions located within areas with travel times to ports of less than 12 hours, while reducing the
share in areas with travel times between 12 and 48 hours. Except for parameter combination 2 (dioo—s300), all other
combinations increase the share of deforestation emissions in regions with travel times to ports exceeding 72 hours (Fig. 7a).
Similarly, relative to the conventional dataset, the dataset generated in this study increases the share of deforestation
emissions in areas with travel times to cities of less than 2 hours, while reducing the share in areas where travel time to cities

exceeds 2 hours. The magnitude of change follows a clear gradient: the closer to cities (higher accessibility), the larger the
12
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increase, whereas more remote areas (lower accessibility) experience larger reductions (Fig. 7b). Considering both port and
city accessibility, parameter combination 2 (d100—s300) Was selected as the optimal setting. Although the increase in emissions
within 12 hours of ports under combination 2 (di00—s300) is smaller than that under combination 4 (dso—s300), it is the only
combination that reduces emissions in areas with travel times to ports exceeding 72 hours. In addition, combination 2 (d100—
s300) achieves the strongest improvement in areas within 1 hour of cities. Based on these considerations, parameter

combination 2 (d100—s300) Was adopted in this study.
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Figure 7. Sensitivity analysis of parameter combinations showing changes in export-driven deforestation emissions across port (a)
and city (b) accessibility zones relative to the conventional approach. Nine parameter combinations (d100—s400, d100—s300, d100—5200,
ds0—s300, deo—s300, d70—s300, dso—s300, doo—s300, and di10—s300) were evaluated, where d denotes road density (m/km?) and s denotes
deforested patch size ( pixels, 30 x 30 m resolution).

The spatial plausibility of the gridded deforestation emission footprint developed in this study was assessed using an
independent global accessibility dataset. Results show that consumption-driven deforestation emissions are concentrated in
areas with high accessibility. The proportion of deforestation emissions increases as accessibility improves. Only a minimal
fraction of emissions occurs in very remote regions (Fig. 8a and 8c). Compared with conventional approaches, the dataset
produced in this study increases the proportion of deforestation emissions in well-accessible areas (e.g., travel time to ports
<12 h or to cities <2 h) while reducing the share in less accessible areas (e.g., travel time to ports >12 h or to cities >2 h),

with the reductions becoming more pronounced as accessibility decreases.
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Figure 8. Proportion of export-driven deforestation emissions across accessibility zones. Accessibility is measured as travel time to
ports (panel a-b) and cities of different population sizes (panel c—d). Panels (a) and (c): this study; panels (b) and (d): conventional
methods.

We further compared the spatial distribution patterns of deforestation emission footprints derived from this study with
those obtained using the conventional approach (Fig. 9). Using the U.S. consumption-driven deforestation emission
footprints as an example, three representative regions with substantial deforestation emissions were selected: Russia (b, e),
Southeast Asia (c, f), and Brazil (d, g). These regions span different climate zones and exhibit varying levels of
transportation infrastructure. The spatial patterns of deforestation emission footprints in these regions show consistent
characteristics. Compared with the conventional approach, the deforestation emissions estimated in this study are confined to
a smaller spatial extent and exhibit a more clustered distribution, whereas those derived from the conventional approach are
more broadly distributed and relatively uniform across deforested areas. Regional differences are also evident: deforestation

emission footprints in Southeast Asia and Brazil are more spatially clustered than those in Russia.
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Figure 9. Spatial distribution of deforestation emission footprint hotspots from 2001-2020 derived from this study and from the
conventional method.

4 Discussions

4.1 Significance of mapping deforestation emissions embodied in international trade

Deforestation emissions are a significant source of greenhouse gases, making large-scale and accurate accounting crucial for
mitigating these emissions. However, at this stage, fine-scale consumption-based inventories of deforestation emissions
remain limited. In this study, we utilized an improved SMRIO model to map the global 1 km deforestation emission
footprint for 2001-2020 from a consumption-based perspective. During this period, total deforestation emissions amounted

to 124.5 Gt COze. Of these emissions, 39.6 Gt CO»e were embodied in international trade, accounting for 31.8% of global
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deforestation emissions. The share is slightly higher than that reported for land-use emissions (27%; Hong et al. (2022)) and
is comparable to the share of fossil-fuel emissions embedded in international trade (23-30%; Wiedmann and Lenzen (2018)).
Land-use and fossil-fuel emissions embedded in international trade have received increasing attention in climate mitigation
(Hong et al., 2022; Yang et al., 2020; Wiedmann and Lenzen, 2018; Kanemoto et al., 2016). Our results suggest that
deforestation emissions hidden in international trade should also receive similar attention. Accurate accounting of
consumption-based deforestation is therefore essential for international climate mitigation initiatives such as REDD+
(Pendrill et al., 2019b; Lambin et al., 2018). The gridded dataset developed in this study provides spatially explicit
information that complements national-scale accounting approaches. For example, in West Africa, the dataset captures fine-
scale spatial heterogeneity in deforestation emissions footprints associated with cocoa-producing regions in Cote d’Ivoire
and Ghana. The gridded representation reveals localized hotspots that are not evident in nationally aggregated statistics,

underscoring the value of high-resolution spatial data for informing targeted local policy interventions.

4.2 Comparisons with existing datasets

To date, several datasets of deforestation footprint have been developed in previous studies (Pendrill et al., 2019b; Henders
et al., 2015). However, these datasets have significant limitations. For instance, some studies focus only on tropical forests
(Henders et al., 2015), while others use accounting methods that do not fully capture detailed deforestation emissions
(Pendrill et al., 2019b). In addition, many existing datasets are compiled at national scales, which limits their ability to
represent spatial heterogeneity in deforestation emissions. Global deforestation footprint datasets derived from SMRIO
model partially address the scale limitation. However, these datasets typically distribute footprints uniformly across
producing regions, ignoring intra-country spatial heterogeneity (Hoang and Kanemoto, 2021; Yang et al., 2020). In this
study, our data overcame these limitations by introducing export priority areas to spatially allocate deforestation emissions,
thereby improving the spatial representation of deforestation emission footprints. By integrating spatially explicit
deforestation emissions data from Harris et al. (2021), which are consistent with the annual forest loss data from Hansen et al.
(2013), our dataset provides a more detailed representation of the spatial distribution of deforestation emissions and enables

more precise estimation of deforestation emission footprints.

4.3 Limitations and uncertainties

Although this study provides a global fine-scale dataset of deforestation emission footprints for 2001-2020, several
uncertainties should be considered when using the dataset. First, due to the lack of detailed supply-chain information, it is
not possible to identify the exact export destinations of deforestation emissions at the sub-national level (Yang et al., 2020).
Consequently, this study assumes equal export probabilities across regions, consistent with previous research (Yang et al.,
2020). Second, this dataset includes only deforestation emissions associated with economic activities. Emissions from

wildfire are excluded because they cannot be directly linked to economic drivers. Third, the temporal coverage of the dataset
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is constrained by the availability of input—output databases. Input-output tables typically involve significant time lags in
compilation and release (He et al., 2022). In contrast, many underlying datasets used in this study, such as satellite-based
deforestation observations and related drivers, are updated more frequently (Hosseiny et al., 2024; Liu et al., 2025). Once
updated input-output databases become available, our dataset can be readily extended to include more recent years. Future
improvements would benefit from more traceable and transparent global supply-chain data, which would enable more

accurate spatial allocation of consumption-based deforestation emissions.

4.4 Potential applications

This dataset provides the 1 km gridded deforestation emission footprints associated with the major consuming countries for
the period 2001-2020. Compared with existing datasets, it offers a longer time series, broader spatial coverage, and higher
spatial resolution, enabling detailed analyses of spatial heterogeneity of deforestation emission footprints within countries.
The spatial plausibility of the dataset has been evaluated using accessibility data, demonstrating its suitability for quantitative
analyses. The dataset has significant applications in climate change mitigation research from a consumer perspective,
providing essential information for accounting consumption-based deforestation carbon emissions. It is also critical for
designing targeted emission reduction policies in deforestation hotspot regions. In addition, the dataset can serve as input to
climate and carbon cycle models to assess the contribution of consumption-driven deforestation emissions to global warming
and to quantify the relative contributions of major consuming countries to cumulative CO: emissions and associated

temperature responses.

5 Data availability

The global gridded dataset of consumption-based deforestation carbon emissions for 2001-2020 generated in this study is
publicly available at https://doi.org//10.6084/m9.figshare.28091879 (Tang et al., 2024). The dataset includes annual global
deforestation emission footprints associated with seven major consuming countries, along with accompanying
documentation describing the dataset overview, usage notes, and limitations. The documentation is provided in a
README.txt file. The dataset is provided in GeoTIFF format at a spatial resolution of 30 arc-seconds (approximately 1 km
at the equator). Each grid cell reports annual deforestation-related carbon emissions attributed to the final consumption of

specific countries.

6 Conclusions

The proportion of consumption-driven deforestation emissions is comparable to that of consumption-driven fossil fuel
emissions, underscoring the importance of accounting for and mitigating these emissions. Despite their significance, detailed

global datasets on consumption-based deforestation emissions remain scarce. This study presents the first time-series,
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gridded datasets of consumption-based deforestation emissions from 2001 to 2020. The dataset indicates that deforestation
emissions footprint is increasing in most regions worldwide. Although the use of spatially explicit data addresses some
limitations of previous datasets, uncertainties remain, particularly in the allocation of exports from individual regions. Future
improvements will require more detailed and traceable supply chain information to enhance the accuracy of consumption-

based deforestation emission datasets.
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