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Abstract

Forest plays an increasingly critical role in the global carbon cycle, yet no consistent globally
harmonized dataset exists that distinguishes intact from modified forest across regions and is
compatible with integrated assessment frameworks that are used in global climate and
socioeconomic analysis. Here we compile and compare forest area estimates from four widely
used global datasets, including FAO FRA, MODIS, ESA-CCI, and HILDA+ at the country and
Agro-Ecological Zone (AEZ) level over 2001-2020. While all four datasets show a strong
agreement in total, intact, and modified forest area shares (pairwise r > 0.95) at country level,
substantial disagreement emerges in forest area estimates in certain regions, particularly in
ecologically heterogeneous biomes such as tropical savanna-forest transition zones and sparse
woodland margins, driven by differences in canopy cover thresholds and classification schemes.
Building on these findings, we developed a country- and AEZ-level dataset of modified and
intact forest area covering 2001-2020, compatible with the Global Trade Analysis Project
(GTAP) framework. This dataset provides a valuable resource for quantifying forest biomass and
carbon inventories, modelling land-use-based greenhouse gas emissions, and supporting climate
policy analysis under international frameworks.

1. Introduction

Global forests play a pivotal role in the Earth system, regulating climate, storing carbon,
sustaining biodiversity, and supporting human livelihoods. Quantifying their extent and
characteristics is therefore fundamental for integrated land modeling and climate policy analysis.
However, a large uncertainty in global forest area estimates exists (Schepaschenko et al., 2015).
Estimation of tree cover from satellite data is also a remaining challenge, leading to substantial

uncertainties in forest cover changes analysis (Liu et al., 2024 ; Castle et al., 2026). These

discrepancies do not necessarily reflect errors but arise from differences in satellite sensor
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capabilities, classification algorithms, and the definition of what constitutes a “forest” (Sexton et

al., 2016).

Recent global datasets, including MODIS V6, ESA-CCI, and HILDA+, have improved
spatial resolution, sensor integration, and classification methods. In parallel, emerging
approaches that incorporate human footprint information (Venter et al., 2016; Mu et al., 2022)
now allow for a more explicit distinction between intact and modified (i.e. human-altered)
forests. These developments are particularly important because forest classification choices
directly affect estimates of forest area, management status, and associated carbon stocks (FAO,
2025a; Santoro & Cartus, 2021; Ma et al., 2023b; Chen et al., 2025). However, substantial
inconsistencies remain across products, especially for managed forests where disturbance,
regrowth, and harvest cycles are often poorly represented in global datasets (Xu et al., 2022).
Such structural uncertainties in these forest area datasets can propagate into Earth system models

and can weaken the robustness of policy-relevant assessments.

This study systematically evaluates the estimates and long-term trends in forest areas
across major global land cover map datasets as well as national-level census data, with particular
emphasis on modified and intact forest areas calculated at the country and AEZ level. Our
overarching goal of this paper is to develop a reproducible global dataset of intact and modified
forest using publicly available data which could be used in socioeconomic analysis models to

assess land-based mitigation strategies and broader land—climate—economy interactions.



2. Method
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Figure 1. Overview of the analytical workflow used to compare forest area estimates across multiple land-
cover datasets.

Figure 1 illustrates the overall workflow to compare forest area estimates across multiple
land-cover datasets, including FAO, HILDA+, MODIS, and ESA CCI. First, all datasets were
harmonized using the forest classification framework defined by the System of Environmental-

Economic Accounting Central Framework (UN SEEA 2012). Forest area was then extracted at



both the country and GTAP Agro-Ecological Zone (AEZ) levels. To distinguish human influence
on forests, each forest map was overlaid with the Human Footprint (HF) dataset, allowing forests
to be classified into intact and modified categories based on anthropogenic pressure thresholds.
Forest areas for total, intact, and modified forests were subsequently calculated for each dataset
and spatial aggregation level. Finally, cross-dataset comparisons were conducted to evaluate
similarities, differences, and spatial patterns in forest area estimates across datasets and forest

condition classes.

2.2 Forest Area Datasets and Definitions

We reviewed major global forest datasets and selected four widely used and
representative sources covering the period 2001 to 2020. The first is the Food and Agriculture
Organization Forest Resources Assessment (FAO FRA; FAO, 2025a), which compiles national-
level forest area statistics reported by member countries every five years (1990, 2000, 2010,
2015, and 2020) based on national forest inventories and remote sensing assessments. FAO
defines forest as land spanning more than 0.5 ha with trees higher than 5 m and a canopy cover
exceeding 10%, excluding land predominantly under agricultural or urban use, and serves as the
primary benchmark for comparison in this study given its wide adoption in international policy
contexts. The second is the MODIS Land Cover Product MCD12Q1 Version 6.1 (Friedl & Sulla-
Menashe, 2019), which provides annual global land cover classifications at 500 m spatial
resolution from 2001 to 2020 based on supervised classification of MODIS reflectance data, with
forest area defined as areas exceeding 10% tree coverage. The third is the ESA Climate Change
Initiative Land Cover dataset (ESA-CCI; Copernicus Climate Change Service, Climate Data
Store, 2019), which provides annual global land cover maps at 300 m spatial resolution from

1992 to 2020 derived from multi-sensor satellite observations, with forest area extracted by



aggregating land cover classes corresponding to tree-covered areas exceeding 15% canopy cover.
The fourth is the Historic Land Dynamics Assessment+ (HILDA+; Winkler et al., 2021),
reconstructed from a combination of remote sensing products, national statistics, and historical
records, where forest area represents areas classified as primary or secondary forest including
both managed and unmanaged forest land. Together, these four datasets were selected to
represent both satellite-based land cover products (MODIS and ESA-CCI) and land-use-based
statistical and reconstruction approaches (FAO FRA and HILDA+), enabling a comprehensive
assessment of uncertainty across fundamentally different methodological frameworks. For all
satellite-derived datasets, forest area was aggregated to the country level and expressed in
thousand hectares (Kha) to facilitate direct comparison with FAO FRA statistics.

Forest area from satellite-based datasets was derived following the Food and Agriculture
Organization FAOSTAT Land Cover methodology (FAO, 2025b), which is based on the land-
cover classification framework of the System of Environmental-Economic Accounting Central
Framework (UN SEEA 2012). This provides a consistent, observation-based estimate of tree
cover, enabling comparison across countries independent of national reporting practices.
Specifically, forest area was extracted from the MODIS Land Cover Product MCD12Q1 Version
6.1 and ESA Climate Change Initiative Land Cover datasets using the classification codes and
associated fractional weights defined in the FAOSTAT methodological note. For the HILDA+
land use dataset, all grid cells classified as forest were included in the analysis (Table 1).

To enable comparison at the country level, national forest area reported in the FAO
Forest Resources Assessment (FRA) (FAO, 2025a) was used to calculate forest area ratios using
census-based forests area data from FAO as the denominator. This choice is motivated by three

considerations. First, policy relevance: FRA serves as the official source for international forest



reporting and is widely used in climate and land-use assessments. Second, global consistency:

although based on national reporting, FRA applies standardized definitions and reporting

guidelines, resulting in more consistent estimates than unharmonized satellite products. Third,

national accountability: FRA data are derived from country submissions, linking forest area

estimates directly to national inventories and policy frameworks.

Table 1. Classification codes, categories, and corresponding percentage contributions used in

forest area calculation.

Source Code Percentage Details Reference
ESA-CCI Mosaic cropland (>50%) / natural vegetation
30 0.1 (tree, shrub, herbaceous cover) (<50%)
Mosaic natural vegetation (tree, shrub,
40 0.25 herbaceous cover) (>50%) / cropland (<50%)
Tree cover, broadleaved, evergreen, closed to
50 1 open (>15%)
Tree cover, broadleaved, deciduous, closed to
60 1 open (>15%)
Tree cover, needleleaved, evergreen, closed to FAO
70 1 open (>15%) (2025b)
Tree cover, needleleaved, deciduous, closed to
80 1 open (>15%)
Tree cover, mixed leaf type (broadleaved and
90 1 needleleaved)
Mosaic tree and shrub (>50%) / herbaceous
100 0.4 cover (<50%)
Mosaic herbaceous cover (>50%) / tree and
110 0.15 shrub (<50%)
160 1 Tree cover, flooded, fresh or brakish wate
190 0.15 Urban areas
MODIS
10 1 Dense Forests: tree cover >60% (canopy >2m)
Open Forests: tree cover 10-60% (canopy FAO
20 1 >2m) (2025b)
Forest/Cropland Mosaics: mosaics of small-
scale cultivation 40-60% with >10% natural
25 0.4 tree cover.




HILDA 40
41
42
43
44
45

Forest (unknown/other)
Forest (evergreen, needle leaf)
Forest (evergreen, broad leaf)
Forest (deciduous, needle leaf) )

. Winkler
Forest (deciduous, broad leaf) ot al
Forest (mixed) (202 i’)

P e e e e

Trees with > 5m height (cover > 10%)
including forest plantation, trees on seasonally
or permanently flooded areas, including
mangroves

Land spanning more than 0.5 hectares with
trees higher than 5 meters and a canopy cover
of

FAO(FRA) more than 10 percent, or trees able to reach
these thresholds in situ. It does not include
land
that is predominantly under agricultural or
urban land use.

FAO
(20252)

2.3 Modified and intact forest area

To quantify the intensity of human activities within forest areas at the grid-cell level, we
employed the Human Footprint Index (HFI; Mu et al., 2022), which measures the cumulative
pressure imposed on the eco-environment by human-induced changes to ecological processes
and natural landscapes. The HFI was constructed using eight variables representing distinct
dimensions of human pressure: built environment, population density, night-time lights,
croplands, pasture, roads, railways, and navigable waterways. Pixels with Human Footprint
values > 4 were classified as modified, whereas those with values < 4 were defined as intact.
Following spatial alignment with forest area maps, forest pixels overlapping with modified areas

were extracted to represent forest areas affected by human activities.



2.4 Methods for data comparison

2.4.1 Correlation coefficient and coefficient of variation

Aside from comparing estimated forest areas across datasets, we also quantified the
relative distribution of forests by calculating the share of forest area for each country as the
proportion of its forest area relative to the global total. These country-level forest shares were
then compared across datasets using the Pearson correlation coefficient (Eqn. 1). A higher value
of r indicates greater similarity in the spatial distribution of forest area among datasets.

The Pearson correlation coefficient (r) is defined as:

r = X O0iy)
VEixi—0)2/2ivi-5)?

(1)

Eqn.

where x; and y; represent the forest area shares from two datasets for country i, and X and y are
their respective means across all units. A high positive correlation (i.e., r approaching 1)
indicates strong agreement in the spatial distribution of forest area between datasets.

To quantify the inter-dataset agreement on country-level forest area shares, we calculated
the Coefficient of Variation (CV) across the three satellite-derived datasets (ESA, HILDA, and
MODIS) for each country and year (Eqn. 2). The CV was calculated as the ratio of the standard

deviation to the mean of the three dataset shares, expressed as a percentage:

SD(share_ESA,share_HILDA,share_MODIS)
mean(share_ESA,share_HILDA,share_MODIS)

CV(it) = x 100 Eqn.

)

This was computed separately for total forest area, modified forest area, and intact forest
area. A lower CV indicates higher consistency among datasets for a given country, while a
higher CV indicates greater disagreement. We compared the distribution of CV values across all

countries and years between forest types to assess whether datasets show greater relative



disagreement on modified and intact forest shares than on total forest area shares. All analyses

were conducted for the period 2001-2020.

2.4.2 Quantifying Inter-Dataset Discrepancy at the Country Level

In addition, we compared country-level ratios of forest area estimates from different
datasets relative to the Food and Agriculture Organization Forest Resources Assessment (FRA).
For each country, the ratio was calculated as the forest area from a given dataset divided by the
corresponding FRA estimate. Ratios greater than 1 indicate that the dataset reports larger forest
areas than FRA, while ratios less than 1 indicate smaller estimates.

To identify the countries contributing most to inter-dataset disagreement in forest area
estimates, we quantified pairwise absolute and relative differences between all dataset
combinations for total, modified, and intact forest area. All analyses were conducted at the
country (REG) level, with forest area values averaged across the study period (2001-2020) prior
to comparison.

For each country i and dataset pair (s, ¢), the absolute difference was calculated as:

Absolute Difterence (i, s, t) = Forest Area(i, s) — Forest Area(i, t) Eq (3)
where Forest Area(i, s) and Forest Area(i, #) denote the mean annual forest area estimated by
datasets s and ¢ for country i, respectively, expressed in thousand hectares (Kha). Six pairwise
combinations were evaluated for total forest area (ESA-FAO, HILDA-FAO, MODIS-FAO,
ESA-HILDA, ESA-MODIS, and HILDA-MODIS), and three pairwise combinations were
evaluated for modified and intact forest area (ESA-HILDA, ESA-MODIS, and HILDA-

MODIS), as FAO does not provide a modified or intact forest breakdown.



To account for differences in country size and forest extent, the relative difference was
calculated as the absolute difference normalized by the mean forest area across all available
datasets for that country:

Relative Difterence(i, s, t) = (Forest Area(i, s) — Forest Area(i, t))/ Mean Forest Area(i) x
100% Eq (4)
where Mean Forest Area(i) is the mean forest area across all available datasets for country i. The
relative difference therefore captures the proportional disagreement between datasets,
independent of country size, and facilitates comparison across countries with vastly different

forest extents.



3. Results

3.1. Temporal changes in global total forest area
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Figure 2. Global total forest area estimated with ESA, HILDA, MODIS, and FAO (a), and global
modified (b) and intact (c) forest area estimated by ESA, HILDA, and MODIS over the period 2001—

2020. Total forest area from FAO is included as a reference benchmark. All values are reported in
thousand hectares (kha).

Across all products, total forest area shows broadly consistent but systematically different

magnitudes between 2001 and 2020 (Fig. 2). MODIS has highest total forest area compared to

other sources. HILDA and FAO are close to each other, and provide intermediate estimates,

while ESA consistently produces the lowest total forest extent. Despite differences in absolute



values, all datasets indicate a relatively stable total forest extent over the two-decade period, with
inter-dataset differences substantially larger than interannual variability within each product.

All datasets show a consistent increase in modified forest area over time, although the
magnitude and rate of change differ among products. ESA shows a gradual increase from 1.58 X
106 kha in 2001 to 1.67 x 10¢ kha in 2020, representing a steady expansion of approximately
5.8% over the study period. HILDA+ exhibits higher absolute values than ESA and a similar
increasing trend, rising from 1.92 % 10¢ kha to 1.95 x 10¢ kha, though with a more subdued
relative change. MODIS reports the largest modified forest extent among the three datasets,
increasing from 2.60 x 10°¢ kha in 2001 to 2.70 x 10¢ kha in 2020, with a more pronounced
monotonic upward trend. Despite consistent directionality, the spread among datasets remains
substantial throughout the study period, with MODIS consistently estimating ~60—70% larger
modified forest area than ESA and ~35-40% larger than HILDA+. This systematic bias suggests
that differences in classification criteria and land-use definitions strongly influence estimates of
human-modified forest extent.

In contrast to modified forest, all datasets show a consistent decline in intact forest area
over the 2001-2020 period. ESA indicates a reduction from 2.03 x 10°¢ kha to 1.92 x 10¢ kha,
corresponding to a loss of approximately 5.4%. HILDA shows a similar but slightly larger
decline, from 2.22 x 10¢ kha to 2.09 x 10¢ kha. MODIS again reports the highest absolute values,
but also a persistent downward trend from 2.50 x 10° kha to 2.37 x 10°¢ kha. The rate of decline
appears broadly linear across ESA and HILDA, while MODIS exhibits a slightly more variable
trajectory, including periods of relative stability in the mid-2000s followed by stronger declines
after 2012. Nevertheless, the overall signal is robust across datasets: intact forest consistently

decreases while modified forest increases over the study period.



3.2 Comparison between various datasets and our estimates

Across all datasets (ESA, HILDA, MODIS, and FAO), the share of forest classified as
total, modified, and intact exhibits very strong agreement across datasets. Pairwise correlations
are consistently high, with HILDA-FAO showing near-perfect agreement (r = 0.999), and
correlations among ESA, HILDA, MODIS, and FAO all exceeding 0.95 (Figure 3), indicating
that despite differences in absolute magnitudes, all datasets capture highly consistent spatial and

temporal patterns of forest share.

Agreement Across Forest Datasets: Total vs. Modified vs. Intact

a Correlation Matrix by Forest Type and Source Pair b Coefficient of Variation Across Sources by Forest Type
200%
HILDA vs MODIS
2]
]
o
ESAvs MODIS = 150% -
<
Pearsonr O
ESAvs HILDA . (ﬂ)?g T
0.50 3
025 % 100% 4
0.00 ul
MODIS vs FAD :8;%8 2 [ ]
w002 o
-1.00 S
©
— 50%
HILDA vs FAD ®
>
(@]
ESAvs FAO
0% mm e et LTS

T T T T T
Total Modified Intact Total Modified Intact

Forest Type Forest Type

Figure 3. Pairwise correlation matrix (a) and coefficient of variation (CV, b) of country-level
forest area shares across four datasets (ESA, HILDA, MODIS, and FAO) for total, modified, and
intact forest area over the period 2001-2020. In panel (a), color indicates the strength of the
Pearson correlation coefficient (r), with blue indicating strong positive agreement. In panel (b),
the CV is calculated as the standard deviation divided by the mean across datasets for each
country and year, expressed as a percentage; a lower CV indicates higher consistency among
datasets.

Agreement among datasets is slightly lower for modified forest share compared to total

forest, but remains high overall. Correlations range from 0.958 (ESA-MODIS) to 0.972
(HILDA-MODIS), with ESA-HILDA also showing strong consistency (r = 0.969). These

results indicate that modified forest classification introduces slightly greater uncertainty



compared to total forest estimates, likely reflecting differences in land-use classification
thresholds and human disturbance definitions.

Among the three forest categories, intact forest share exhibits the greatest inter-dataset
divergence. Correlations remain high overall but are more variable, ranging from 0.948 (ESA—
MODIS) to 0.992 (HILDA-MODIS). ESA shows comparatively lower agreement with MODIS
(r=0.948), indicating stronger sensitivity of intact forest classification to methodological
differences of these two satellite datasets.

The distribution of share values (cv_share) indicates substantial spatial heterogeneity
across regions and forest types. The coefficient of variation (CV) spans a wide range, indicating
pronounced variability in forest share estimates across spatial units. The modified forest share
exhibits higher variability in upper quantiles (3rd quartile up to ~0.59 for MODIS), while intact
forest share shows relatively lower median values but occasional extreme outliers (e.g., ESA
intact max >36). These patterns suggest that discrepancies among datasets are not uniform across
space but are concentrated in specific regions with complex land-use and forest fragmentation
dynamics.

In addition, we compared country-level ratios of forest area estimates from different
datasets relative to FAO (Fig. 4). ESA generally reports lower forest area than FAO (ratio < 1)
across most countries, whereas MODIS tends to produce higher estimates (ratio > 1). In contrast,
HILDA+ shows close agreement with FAO, with ratios largely centered around 1. The largest

discrepancies, indicated by darker colors in the figure, are primarily concentrated in Africa.
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Figure 4. Country-level ratios of total forest area estimates from ESA, HILDA, and MODIS relative to
FAO benchmarks in 2001 and 2020. Each map panel shows the ratio of a satellite-derived dataset to FAO
forest area per country, where a ratio of 1 (white) indicates perfect agreement, values greater than 1 (red)
indicate that the dataset estimates more forest area than FAQO, and values less than 1 (blue) indicate that
the dataset estimates less forest area than FAQ. Black outlines denote major geographic regions. Panels
are arranged by dataset (rows) and year (columns).



MODIS vs FAO
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Figure 5. Top 10 countries ranked by absolute difference (Kha, left column) and relative
difference (%, right column) in forest area estimates between MODIS—FAO for total forest area,
averaged over 2001-2020. ESA-FAO and HILDA-FAO are in Appendix Figure A3-A4. For
countries ranked by absolute difference (left column), the corresponding relative difference is
shown in the right column for the same set of countries, and vice versa, enabling direct
comparison of both the magnitude and proportional importance of inter-dataset disagreement.
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Figure 6. Top 10 countries ranked by absolute difference (Kha, left column) and relative
difference (%, right column) in forest area estimates between ESA-MODIS for total, modified,
and intact forest area, averaged over 2001-2020. ESA-HILDA and HILDA-MODIS are in
Appendix A5-A6. For countries ranked by absolute difference (left column), the corresponding



relative difference is shown in the right column for the same set of countries, and vice versa,
enabling direct comparison of both the magnitude and proportional importance of inter-dataset
disagreement. Bar colors indicate forest type: total (orange), modified (red), and intact (blue).

The spatial distribution of discrepancies among datasets reveals systematic geographic
patterns. Countries with the largest absolute differences are predominantly located in regions
with extensive forest cover, including South America, North American, Central Africa, and
Southeast Asia (Figure 4 and 5). This pattern reflects the strong influence of total forest extent on
absolute differences, as even small proportional disagreements in large forest systems can
translate into substantial absolute deviations. In contrast, relative differences are more spatially
dispersed and are often highest in regions with comparatively limited forest area, such as Europe,
North Africa, and the Middle East. In these regions, small absolute differences can correspond to
large proportional deviations, highlighting the sensitivity of relative metrics to baseline forest
extent.

The largest discrepancies between ESA and MODIS forest estimates are concentrated in

countries characterized by fragmented and heterogeneous landscapes, such as savannas and

agricultural mosaics, reflecting the effect of 10% vs 15% tree cover threshold in classification.

3.3 Modified Forest and intact forest area

In temperate regions, modified forest area consistently exceeds intact forest area across
datasets, indicating a higher degree of human influence and land-use intensity (Fig. 7). In
contrast, boreal regions are characterized by a predominance of intact forest, with intact area
substantially larger than modified forest, reflecting relatively limited anthropogenic disturbance.
Tropical regions exhibit more complex and dataset-dependent patterns: while MODIS suggests

that modified forest area exceeds intact forest, ESA and HILDA+ indicate that intact forest



remains dominant overall. However, all datasets consistently show a declining trend in intact
forest area accompanied by an increase in modified forest area in tropical regions over time. This
pattern points to an ongoing transition from intact to more human-influenced forest conditions,
despite differences in absolute estimates among datasets. This finding aligns with previous
studies indicating that tropical forests have experienced the most pronounced increases in

fragmentation since 2000 (Ma et al., 2023a).

Modified and Intact Forest Area by Climate Zone (2001-2020)
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Figure 7. Time series of modified (left column) and intact (right column) forest area (Kha) estimated by
ESA, HILDA, and MODIS across tropical, temperate, and boreal climate zones (rows) over the period
2001-2020. Climate zones are defined based on Agro-Ecological Zones (AEZ): tropical (AEZ 1-6),
temperate (AEZ 7—12), and boreal (AEZ 13—18). Each line represents one dataset, colored by source.
Note that y-axis scales differ across climate zones to accommodate the large differences in absolute forest
area magnitude.



We mapped the ratio of modified forest to total forest area for three datasets in 2001 and
2020 (Fig. 8). Across all datasets, the highest ratios of modified forest are consistently observed
in Europe, North Africa, and the Middle East, indicating a high degree of human influence on
forest ecosystems in these regions. In contrast, lower ratios are generally found in more forest-
rich and less intensively managed regions. While the spatial patterns are broadly consistent
across datasets, some differences in magnitude remain, reflecting variations in how modified
forests are defined and classified. Overall, the results highlight strong regional contrasts in forest

condition.
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Figure 8. Country-level ratio of modified forest area to total forest area (modified fraction) for ESA,
HILDA, and MODIS in 2001 and 2020. The modified fraction is calculated as modified forest area
divided by total forest area for each country, expressed as a percentage. Higher values (yellow—green,
approaching 100%) indicate that a large proportion of total forest area has been modified by human
activities, while lower values (blue—purple, approaching 0%) indicate that most forest area remains intact
with little modification. Black outlines delineate major geographic regions. Panels are arranged by dataset
(rows) and year (columns).



3.4 Drivers of inter-dataset differences relative to FAO

Table 2. Regression results from the linear model relating the ratio of satellite-based to FAO
forest area estimates to log-transformed forest area and the ratio of modified forest. Forest area
with units of kha.

Variable ESA (CCI) MODIS HILDA
Intercept 20.192%%* 14.215%%* 1.820%**
log(forest area) -1.203%*%* -0.960%** -0.079%**
ratio_mod -1 1 157%** -5.387*** -0.252%%x*
R? 0.29 0.149 0.076
Adjusted R? 0.29 0.149 0.075
Residual SE 4.571 4.829 0.601

N 3063 3063 3063

*#% represents 777

The regression analysis reveals consistent and statistically significant relationships
between the ratio of satellite-based forest estimates to FAO and both forest area and forest
modification (Table 2). Across all three datasets, the coefficient for log(forest area) is negative
and highly significant, indicating that discrepancies relative to FAO systematically decrease with
increasing forest area. In other words, larger forest countries tend to show smaller proportional
differences between satellite products and FAO, whereas smaller forest countries exhibit greater
relative divergence. This pattern is consistent with earlier spatial results, where relative
differences were highest in regions with limited forest extent, suggesting that proportional
metrics are more sensitive to baseline area in sparsely forested regions.

The ratio of modified forest (ratio_ mod) also shows a strong and consistently negative
relationship with the satellite-to-FAO ratio across all datasets. This indicates that as the
proportion of modified forest increases, satellite-based estimates tend to be lower relative to
FAO. One possible explanation is that areas with higher levels of human modification, such as

managed forests, plantations, or fragmented landscapes, are more difficult to classify consistently



using remote sensing, leading to greater disagreement with FAO’s land-use-based reporting
framework. This effect is particularly pronounced for ESA and MODIS, where the magnitude of
the coefficients is substantially larger than for HILDA+, suggesting greater sensitivity of
satellite-derived products to forest condition and disturbance.

The magnitude of coefficients differs notably among datasets, highlighting structural
differences in how forest area is represented. ESA and MODIS show stronger dependence on
both forest area and modification ratio, while HILDA+ exhibits much smaller coefficients,
indicating weaker sensitivity to these drivers. This likely reflects the hybrid data sources of
HILDA+, which integrates multiple data sources, including FAO statistics, thereby reducing
divergence from FAO estimates. The pure satellite-based datasets rely more heavily on
biophysical signals, making them more sensitive to factors such as canopy structure and
disturbance.

Both forest extent and degree of modification are key determinants of disagreement
between satellite-based datasets and FAO, with stronger effects observed in purely remote
sensing products. The findings reinforce that differences among datasets are systematically
related to underlying forest characteristics rather than random noise, and that dataset choice may
have greater implications in regions with smaller forest area or higher levels of human
modification. Discrepancies between satellite-based forest estimates and FAO FRA statistics are
driven by differences between land cover and land use definitions, and are amplified in small

countries and human-modified landscapes.



4. Discussion

4.1 Sources of bias and uncertainty

Differences among datasets used in this study arise from distinct definitions,
methodologies, and data sources, which introduce multiple layers of uncertainty in global forest
estimates. Each dataset provides unique strengths while also carrying inherent limitations that
influence the interpretation of forest extent and condition.

Satellite-based products such as MODIS and ESA-CCI offer annually resolved, spatially
explicit observations at moderate resolution (300-500 m), making them well suited for detecting
temporal dynamics and spatial heterogeneity in forest cover. However, their definitions of forest
are primarily based on biophysical characteristics, such as canopy cover thresholds, which may
not fully align with policy-relevant or land-use-based definitions. FAO Forest Resources
Assessment (FRA) data are derived from country-reported statistics that integrate ground
inventories, national remote sensing products, and expert assessments. While these data provide
a harmonized and policy-relevant long-term record, they lack consistent high-resolution spatial
detail and may be affected by differences in national reporting capacity and methodology. The
HILDA+ dataset represents a hybrid approach, combining multiple data sources, including ESA-
CCI, MODIS, and FAO statistics, into a consistent, long-term global land-use reconstruction. As
a result, it inherits uncertainties from each contributing dataset.

Three primary types of uncertainty emerge from these differences. First, definitional
uncertainty arises from inconsistencies in how “forest” is defined. For example, FAO adopts a
land-use-based definition (“land primarily used for forestry”), whereas satellite datasets rely on
land-cover characteristics (“land covered by trees””). FAO FRA data represent nationally reported

forest area based on land-use definitions, which differ fundamentally from satellite-based land-



cover estimates. Differences between datasets such as MODIS and ESA further reflect varying
canopy thresholds and classification algorithms. For example, the differences in canopy cover
thresholds alone (10% vs 15%) lead to measurable discrepancies in forest area estimates (Table
1).

Second, methodological uncertainty stems from differences in data processing and
reporting frameworks. FAO data are reported at multi-year intervals (typically every five years)
and often interpolated to produce annual estimates, which can obscure short-term variability and,
in some cases, result in temporally static values over extended periods. In contrast, satellite
products provide annual updates but may introduce classification noise and inconsistencies due
to sensor limitations or algorithms. Differences between accounting frameworks, such as those
aligned with SEEA versus FRA reporting systems, further contribute to discrepancies in reported
forest area.

Third, different datasets are developed with different data sources and classification
approaches. For example, HILDA+ combines satellite observations with statistical
reconstructions and historical data (Winkler et al., 2021), which can improve temporal continuity
but also propagate uncertainties from multiple inputs. As a result, differences between HILDA+
and purely satellite-based datasets may reflect not only data quality but also the assumptions
embedded in data fusion and reconstruction processes.

These sources of bias highlight that discrepancies among datasets are not random but
systematic, arising from differences in conceptual definitions, methodological frameworks, and
underlying data systems. Understanding these uncertainties is critical for interpreting global
forest assessments and for ensuring appropriate use of different datasets in land use modeling

and policy applications, such as carbon accounting.



4.2 Comparison with Previous Studies

Our findings on global forest area trends are broadly consistent with those reported by Xu
et al. (2024), who documented a declining trend in natural forest area alongside an increasing
trend in managed forest area over a comparable study period. Although the definitions of natural
and managed forest in Xu et al. (2024) do not directly correspond to our classifications of intact
and modified forest, the directional agreement between studies lends confidence to the temporal
patterns observed across all four datasets in Figure 1. Specifically, the consistent decline in intact
forest area and the corresponding increase in modified forest area across ESA, HILDA, and
MODIS suggest that the transition from intact to modified forest is a robust signal that
transcends differences in dataset methodology and forest definition.

The spatial distribution of inter-dataset discrepancy also aligns with recent findings in the
literature. Sexton et al. (2016) demonstrated that the different forest datasets disagree over the
semi-arid savannahs, shrublands and woodlands, and over the northern limits of the boreal forest.
Our results corroborate this finding: the largest absolute and relative differences between datasets
are concentrated in countries with limited forests and fragmented landscapes, including tropical
savanna-forest transition zones. This suggests that efforts to harmonize global forest monitoring
should prioritize the development of consistent classification criteria, especially for ecologically

ambiguous biomes.

5. Conclusion

We developed a country- and Agro-Ecological Zone (AEZ)-level dataset of modified and
intact forest area compatible with the Global Trade Analysis Project (GTAP) framework. Given
that most existing studies focus predominantly on natural forest loss while modified and

managed forests remain comparatively underrepresented in global carbon inventories, this



dataset provides a valuable resource for quantifying forest biomass and carbon stocks, modelling
land-use-based greenhouse gas emissions, and supporting evidence-based climate policy
analysis, including applications within computable general equilibrium frameworks such as
GTAP and international reporting processes. Our analysis indicates that while global forest area
estimates from ESA-CCI, HILDA+, MODIS, and FAO FRA show a strong agreement in total
forest area shares (r > 0.95) across countries, substantial and systematic disagreement emerges
exists in absolute and relative area in specific regions, especially for intact and modified forest.
These inter-dataset discrepancies are driven by differences in canopy cover thresholds, forest
classification schemes, and dataset-specific definitions of human disturbance, underscoring the

need for a globally harmonized framework for distinguishing intact from modified forest.
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Appendix

Modified and Intact Forest Area by AEZ (2001-2020)
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Figure A1l. Time series of modified (left column) and intact (right column) forest area (Kha) estimated by
ESA, HILDA, and MODIS across 18 AEZ zones. over the period 2001-2020. \Each line represents one
dataset, colored by source. Note that y-axis scales differ across climate zones to accommodate the large
differences in absolute forest area magnitude.



Modified and Intact Forest Area — Top 10 Countries (2001-2020)
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Figure A2. Time series of modified (left column) and intact (right column) forest area (Kha) estimated by
ESA, HILDA, and MODIS of the top 10 countries with the largest forest area. over the period 2001—
2020. Each line represents one dataset, colored by source. Note that y-axis scales differ across climate
zones to accommodate the large differences in absolute forest area magnitude.



HILDA vs FAO
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Figure A3. Top 10 countries ranked by absolute difference (Kha, left column) and relative
difference (%, right column) in forest area estimates between HILDA—FAO for total forest area,
averaged over 2001-2020. For countries ranked by absolute difference (left column), the
corresponding relative difference is shown in the right column for the same set of countries, and
vice versa, enabling direct comparison of both the magnitude and proportional importance of
inter-dataset disagreement.
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Figure AS. Top 10 countries ranked by absolute difference (Kha, left column) and relative
difference (%, right column) in forest area estimates between ESA—HILDA for total, modified,
and intact forest area, averaged over 2001-2020. For countries ranked by absolute difference
(left column), the corresponding relative difference is shown in the right column for the same set
of countries, and vice versa, enabling direct comparison of both the magnitude and proportional
importance of inter-dataset disagreement. Bar colors indicate forest type: total (orange), modified

(red), and intact (blue).
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Figure A6. Top 10 countries ranked by absolute difference (Kha, left column) and relative
difference (%, right column) in forest area estimates between MODIS—-HILDA for total,
modified, and intact forest area, averaged over 2001-2020. For countries ranked by absolute
difference (left column), the corresponding relative difference is shown in the right column for
the same set of countries, and vice versa, enabling direct comparison of both the magnitude and
proportional importance of inter-dataset disagreement. Bar colors indicate forest type: total
(orange), modified (red), and intact (blue).



