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Abstract

Deforestation monitoring is critical to support compliance with regulatory frameworks such as the
EU Deforestation Regulation (EUDR), which requires that products containing or derived from beef,
cacao, coffee, oil palm, rubber, soy, and timber are deforestation-free after December 31, 2020. Earth
Observation (EO) offers a means to assess deforestation, yet map-based verification remains
technically limited and uncertain. This study addresses the lack of a systematic assessment of global
Forest/Non-Forest (FNF) and Land Use/Land Cover (LULC) datasets by identifying and evaluating
21 publicly available global forest reference maps for their alignment with EUDR criteria. Based on
EUDR-related parameters (temporal proximity, spatial resolution, and forest definition) and accuracy
metrics, eight datasets are evaluated as suitable. However, most fail to fully meet all EUDR
requirements, particularly forest definitions, with only two datasets satisfying all indicators.
Reported accuracy metrics reveal a general overestimation of forest areas, while canopy height-based
maps tend to underestimate tree cover, potentially excluding forested regions. Regional comparisons
show more consistent estimates in South America, while Europe and North America display greater
variability. These findings support informed decision-making by companies and policymakers for
selecting suitable datasets, while also highlighting reveals underlying conflicts and challenges
associated with the use of global forest maps for regulatory compliance.

Keywords: European Union Deforestation Regulation (EUDR); global forest maps; EUDR
compliance; deforestation-free verification; fitness for purpose

1. Introduction

Forest ecosystems provide a wide range of ecosystem services that are crucial for maintaining
life on earth [1]. Nonetheless, over the last three decades forest loss is estimated to have reached
almost half a billion hectares worldwide with anthropogenic disturbances contributing significantly
to the loss of biodiversity, reduction in forest area, and degradation of forest conditions. This severely
undermines the ability of forests to provide essential ecosystem services to local populations and
people who depend on them [2,3,4].

Deforestation and forest degradation have complex, context-dependent causes, but are often
linked to the production and trade of agricultural and forestry commodities [5,6]. During the past
years, voluntary guidelines such as zero deforestation commitments (ZDC) were developed aiming
to foster environmental, social and economic sustainability throughout the value chain [7,8]. Such
governance mechanisms are meant to address related issues beyond national laws, extending
responsibilities to all agents within the value chains [9]. Despite their proliferation, however, private
governance mechanisms such as ZDCs have faced difficulties to address tropical deforestation and
the overexploitation of natural resources as originally anticipated [10,11,12]. Against this backdrop,
the European Union (EU) developed a regulation for deforestation-free products (EUDR, Regulation
(EU) 2023/1115) in which commodities or products in scope cannot be placed on EU markets unless
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they are deforestation-free after the cut-off date of 31 December 2020, and were produced in
accordance to national legislation. This includes products made from, fed by or containing derivates
of oil palm, soy, cocoa, coffee, rubber, cattle, wood (hereafter EUDR-regulated commodities).

The EUDR came into force on 29 June 2023 and will take effect on 30 December 2025. The
regulation is an integral component of the EU Forest Strategy embedded within the Green Deal, the
EU Biodiversity 2030 Strategy and the Farm to Fork Strategy. Together, these initiatives target to
foster a climate neutral and sustainable economy by 2050. The EUDR builds on the premises that the
EU’s consumption of globally produced commodities contributes to the increase in carbon emissions,
through deforestation, forest degradation and other ecosystem disturbances. Hence, the policy aims
to reduce deforestation and forest degradation by preventing the access of specific unsustainable
products into the EU market. The regulation entails a series of steps and requirements that must be
followed in order to qualify the EUDR-regulated commodities eligible for entry into the EU market.
Under this framework, EU-based companies can only place, process or distribute these commodities
on the EU market if they provide a compulsory due diligence statement (DDS) confirming that the
product is “deforestation-free”, and has been produced in accordance with national legislation.
“Deforestation-free” means that EUDR-regulated commodities and their derived products are
produced without subjecting forest cover to deforestation, or in the context of timber extraction, to
forest degradation after the 31 December 2020. Although forest degradation is a key-element of EUDR
regulation, we focus here primarily on deforestation as forest degradation deserves its own separate
analysis. Therefore, in the following we only refer to deforestation (conversion of forest into
agricultural use) when addressing the deforestation-free requirement in case of the EUDR.

EU-based companies have to fulfil certain information requirements, which must include among
others i.) adequately conclusive and verifiable information that the relevant products are
deforestation-free and ii.) must indicate the geocoordinates of the plot of land of production (1 point
for plots < 4 ha and a polygon for plots > 4ha). Building on this, the fundamental roles of the key
actors on assessing the “deforestation-free” criteria are clearly defined: affected companies need to
submit their DDS, and the national competent authorities (NCAs) of the EU member states are in
charge to verify whether the submitted statements comply to the “deforestation-free” production
condition. For this case, data derived from earth observation (EO), e.g., satellite time-series imagery
can be used to prepare a DSS (in case of companies) or to verify (in case of NCAs) the provided
deforestation-free statements. Such an approach, however requires significant efforts, as it demands
expert knowledge and in-house capacity, both of which are not always readily available. One less
demanding way to verify deforestation-free production is by comparing geotagged production areas
with forest reference information such as available from global forest or tree cover maps derived from
EO analysis [13]. A multitude of different map products are publicly available, such as [14] which are
used for deforestation monitoring, available with the open-data repository Global Forest Watch
(https://www.globalforestwatch.org/map/) [15] and Google Earth Engine data catalog
(https://developers.google.com/earth-
engine/datasets/catalog/UMD_hansen_global forest_change 2023_v1_11) [16].

In the era of big data, the production of global forest and tree cover maps rely on analyzing and
processing large volumes of information, such as remotely sensed satellite imagery, and other
geospatial datasets. This requires advanced computational methods and machine learning
approaches, so that meaningful patterns and trends can be extracted from these data [17,18,19].
Therefore, the verification and proving of deforestation-free production using global map products
are data-driven decisions, which can be subject to technical limitations. For example, one of the main
technical challenges when using forest reference maps to verify the deforestation-free requirements
of the EUDR is the potential false detection of deforestation originating from the mismatches when
intersecting commodity production areas with forest reference maps. These potential discrepancies
labeled as “false positives”, can result from several factors, including the poor quality of source
reference dataset, the reliability of map in distinguishing forest from non-forest tree-covered areas,
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mismatches between map features and EUDR requirements, and inaccurate positioning of recorded
geographic coordinates of the production areas.

In general, global forest datasets are known for having certain limitations [20,21], as they aim to
provide a harmonized view of the world. This often leads to compromises in map accuracy, resulting
in an inaccurate representation of forest status in certain regions of the world. This is particularly the
case for tropical forests (both humid and dry) due to: high interference (cloud cover, cloud shadowing
and terrain artifacts and atmospheric noises), seasonal limitations and inter-annual climate variability
(varying spectral signature of vegetation cover), connectivity of forest (fragmented forest patches),
presence of agricultural plantations and agroforestry, forests with low canopy density (dry deciduous
forests), discrepancies between the specific features of particular forest ecosystems and those of
globally-harmonized ones, among others [22,23,24,25,26,27,28,29,30,31,19].

One frequently debated global forest dataset is the Global Forest Cover of the Year 2020 [32]
published by the Joint Research Centre (JRC). This map was generated with the intention of
supporting the EUDR regulation, however, the use of the map is not mandatory, non-exclusive and
it does not serve as a binding regulatory decision mechanism. This suggests that other global forest
maps may be suitable to support the verification of deforestation-free production. For this reason, we
perform a review of publicly available global Forest/Non-Forest (FNF) and Land Use/Land Cover
(LULC) maps and their capability to match the EUDR requirements regarding mapping traits.
Against this background, we firstly conduct a review of major geospatial data portals, relevant
reports, and literature to produce an extended list of potential global reference maps based on remote
sensing sensors. Secondly, we analyze the maps by applying criteria that follows EUDR guidelines,
and maps’ reliability in accurately mapping forest cover.

While previous assessments on global FNF and LULC datasets have been conducted
[29,33,34,35], they have not followed a systematic approach that aligns with the legal framework of
the EUDR. Most published information on this subject is scientific news pinpointing particular and
localized cases to illustrate a certain viewpoint. One study [36] closely addresses the suitability of
global versus local FNF datasets as reference maps within the EUDR framework, but specifically
assessing these datasets only for the case of Cote d'Ivoire.

The overall objective of this study is to identify, collect, describe and evaluate publicly available
global FNF and LULC reference maps on their capability to match the EUDR requirements using two
groups of relevant indicators, namely EUDR parameters (temporal proximity, spatial detail, forest
cover definition standards) and technical parameters (reported accuracy metrics). We examine the
identified FNF and LULC dataset based on the EUDR parameters criteria because these criteria (i)
constitute the regulatory framework that must be followed by all, (ii) convey a clear and objective
interpretation message, (iii) are independent from secondary factors such as the quality of
input/observation data or the effectiveness of the chosen methodological approach, both of relevance
for the generation of the forest reference maps. Additionally, we classify some of these datasets
according to their bias toward overestimation or underestimation of forest cover, as determined by
the interpretation of the reported accuracy results. Finally, we present a condensed short list of
potential reference maps, and describe pros and cons of the individual maps by answering the
following research questions:

1) Are the existing FNF and LULC datasets equally suitable as verification tools for EUDR
compliance, given the specific requirements outlined in the EUDR regulation?

2) What specific traits hinder alignment of these datasets with EUDR requirements?

3) Do these datasets show a tendency to over-/underestimate forest7tree cover?

4) Are forest/tree cover estimates consistent across world regions, or do notable regional
discrepancies exist?

2. Materials and Methods

2.1 Dataset Compilation and Dataset Information Extraction (Step 1)

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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We conduct a comprehensive search for publicly accessible global maps, which contain
information on forest or tree cover derived from EO and remote sensing sensors, across major
geospatial data portals, including Google Earth Engine, USGS Earth Explorer, NASA EarthData, ESA
Copernicus Open Access Hub, Global Forest Watch, and FAO GeoNetwork, US Open Data Portal,
UNEP Environmental Data Explorer, ArcGIS Living Atlas, UNdata, World bank Open Data. To
supplement the data search, we inspect and cross-reference the datasets included in the Forest
Resource Assessment report from 2020 [37], the digital public infrastructure for deforestation-related
trade regulations [34], and perform a literature review using online search engines (Google Scholar,
Scopus and Web of Science) to identify relevant scientific publications on available global FNF and
LULC datasets [38,39,40,41]. We exclude datasets with a spatial resolution greater than 300 meters,
as well as those of regional or local extent in the database compilation because the former lack
sufficient spatial detail on tree and forest cover, while the latter do not represent global coverage. All
datasets included in this analysis are identified and compiled as of November 2024.

After having finalized a comprehensive list of global map datasets, we collect specific
information for each dataset by reviewing the respective accompanied literature references, tutorials,
websites, reports or any other published document with relevance to a respective dataset. The
retrieved information is used to understand the map features, conditions for its production,
validation and adopted definition and parameters. These information are: a.) metadata (reference
citation and published documents, b.) link to repositories, dataset short description, and dataset
associated organization), c.) technical specifications (geographical coverage, spatial resolution,
minimum mapping unit (MMU) of the map, temporal resolution, covered period, spectral range,
indices/metrics, period of EOs), d.) land cover information (number of classes and short description
of them), e.) map classification procedure (adopted methodology, description and number of training
samples), f.) map validation procedure (validation method, number of validation samples, adopted
validation dataset and its reference period, chosen accuracy metrics, reported accuracy values for
overall accuracy, producer’s and user’s accuracy, values for measuring errors), g.) reported map
limitations and h.) forest definition characteristics (general description and thresholds for height,
MMU and canopy cover of forest class). When critical information is missing (i.e., parameters for
defining forest/tree cover), we contact the referred map representative or corresponding author, in
case of a peer-review publication, for clarification.

2.2 Indicator Nomination and Evaluation (Step 2)

To assess the suitability of the collected datasets as EUDR-reference maps, we extract details
pertinent to EUDR requirements that characterize deforestation-free production and content on
technical specification of forest mapping with EO systems. Therefore, we separate the indicators for
assessing suitability into two categories: “EUDR Parameters” and “Technical Parameters”. The
EUDR parameters comprise three indicators, namely i.) the time frame posed by the regulation
(temporal proximity), ii.) the level of detail in the information provided by the map according to
regulatory definitions (spatial detail), and iii.) the map parameters for defining forest. This builds on
the rationale that each indicator can serve in case of the EUDR as criteria of assessing the reliability
of a due diligence statement. The EUDR parameters are used in the first stage of selection process, as
they directly determine whether a classified map is suitable or unsuitable according to the
terminology of the EUDR. Further assessment of map suitability is provided by the Technical
Parameters, which display the tendencies of the classified forest/tree cover class based on the
reported accuracy values. We describe each particular indicator in the following sub-sections.

2.2.1. EUDR Parameters

Temporal Proximity

According to Art. 3, EUDR (a) EUDR-regulated commodities and products need to be
“deforestation-free”, which is defined in Art. 2 (13) as not having caused deforestation or forest
degradation after 31 December of 2020. This so-called “cut-off date”, is therefore the desired point in
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time to which a reference map should ideally refer to. While such a perfect image of the forest status
at one day in time is not feasible, reference maps should display the forest status of the cut-off date
as close as possible. On the contrary, reference maps that would refer to a period too far away from
the cutoff date, e.g., five years, exhibit the risk that the information provided is essentially outdated
and therefore not accurately reflect the 2020 forest cover status. The latter can introduce biases in the
detection of deforestation according to the cut-off date in 2020 as specified by the regulation.
Moreover, remote sensing-based maps may not accurately detect young forest patches. For example,
a period of 4.2 to 7.4 years is required before saplings can be detected as forest in EO-based map [42].
This is in line with the Food and Agriculture Organization of the United Nations (FAO) [37] which
describes that “forest areas can be temporarily unstocked due to clear-cutting as part of a forest
management practice or natural disasters, and which are expected to regenerate within 5 years.”

For these reasons, we determine a threshold of +5 years from 2020 to evaluate the ability of a
global map to meet the temporal proximity indicator. In the context of EUDR, the +5 years from 2020
enables us to identify possible land use transitions over time. If a map from 2015 classifies an area as
agricultural land, it is very likely that this area continues to exhibit agricultural characteristics, as the
spectral signature and canopy height of trees in a naturally regenerating or planted young forest may
not yet have sufficiently developed to be detected as a forest in 2020. Similarly, an area classified as
forest in 2025 is unlikely to have originated from a non-forest state in 2020, as the ecological processes
required for the development of a late-successional forest typically exceed a five-year timeframe.
Moreover, a +5 years period may limit the inclusion of areas under shifting cultivation, that have not
yet been converted to agricultural production, into a forest class.

EUDR-conform Forest Definition

A second indicator describes how the forest definition utilized by a reference map is in
conformity to the forest definition stipulated by the EUDR. The latter one defines forest, according to
the FAO [37] with forest defined as “land spanning more than 0.5 hectares with trees higher than 5
metres and canopy cover of more than 10%, or trees able to reach those thresholds in situ, excluding
land that is predominantly under agricultural or urban land use”. Considering these parameters, we
collect details on the adopted forest definition for each of the identified global maps: tree height,
MMU of forest class and canopy cover density, and general description of forest/tree cover class. In
cases information of these parameters is not provided, we contact the map developers directly to
inquire about the missing information. Unless otherwise specified, we assume that the MMU refers
to the pixel size, that is, the squared spatial resolution. For example, a map with a spatial resolution
of 30 meters corresponds to a MMU of 0.09 hectares. The information on MMU is critical to assess
map conformity with the EUDR forest definition, as the thresholds used to classify tree-covered areas
as “forest” or another tree-based vegetation class contributes to mismatches and biases when
verifying deforestation-free production [43,44,45,46,47,48,49].

Spatial Resolution

The third indicator refers to the level of detail that a certain global reference map is able to
convey. Such kind of information is commonly referred to by the spatial resolution in remote sensing-
based maps as it describes the real-world area covered by a single pixel-image information. As the
EUDR applies the FAO's definition of "forest" with land spanning more than 0,5 hectares (see Art. 2
(4)), the required MMU for a reference map is 0.5 ha, which sets the smallest unit that needs to be
distinctly mapped and monitored for forest/tree cover classified areas. When a certain reference layer
displays information in a single pixel equivalent to an area larger than the MMU requirement,
verification of deforestation violation becomes complicated. For example, in reference maps with
spatial resolution coarser than approximately 70 meters, a forest patch or agricultural land of 0.5
hectares would be aggregated onto neighboring landscape in order to form a single pixel value,
passing undetected by the data [50]. Additionally, for better representation of vegetation changes and
forest disturbances, through optical satellite sensor data such as available by Landsat, a resolution of
30 meters or finer is preferred [51,51], particularly in heterogenous landscapes [51,51]. Hence, we set
a threshold of maximum spatial resolution of 30 meters. Table 1 summarizes the thresholds (range or
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limit) applied in each indicator within the EUDR Metrics group, to distinguish potentially suitable
from unsuitable maps.

Table 1. Thresholds for each indicator in the EUDR Metrics.

Indicator Threshold
Temporal Proximity 2020 +5 years
Spatial Resolution <30m
Tree Height 25m +Im
Forest Definition | MMU of forest cover >0.5ha
Forest Canopy Cover >10%

2.2.2. Technical Parameters

Complementary to the EUDR parameters, we review relevant technical descriptions and
statistics to the assessment of map uncertainties and their potential implications for detecting true
deforestation-free production through global forest/tree cover datasets. Among other characteristics,
the reported map accuracy statistics, such as overall accuracy, producer’s and user’s accuracy, and
mean bias errors, correspond to technical specifications of the datasets which allows to assess map
quality. Thus, we use the reported map accuracy statistics as further assessment indicator and
because they represent a quantifiable metric that can be directly related to EUDR-relevant compliance
measures. Moreover, accuracy assessment and its metrics are standard procedures in map
classification and are commonly provided by the map developers [52,53]. The other elements of the
technical description are used as supporting information for a qualitative assessment, when
applicable.

Map Accuracy Metrics

Accuracy assessments are essential for evaluating the precision of maps developed through EO
tools and remote sensing sensors. One of the most commonly used metrics is the confusion matrix
[53], which quantifies classification correctness and errors based on a set of validation sample points.
This approach provides both overall accuracy (OA) values and class-specific analyses, often
measured through producer’s accuracy (PA) and user’s accuracy (UA). These two metrics assess the
truthfulness of classified samples from different perspectives: the user’s (actual landscape) and the
producer’s (mapped landscape). Accordingly, we compute the ratio between PA and UA on
forest/tree cover class to better represent the implications of PA and UA values for a considered map,
and to understand potential systematic biases. Although, overall accuracy is the most commonly
used metric for map validation, it is not the optimal measure for assessing map suitability in the
context of the EUDR. This is because overall accuracy reflects the proportion of correctly classified
samples across all existing classes in a certain map, which does not directly address the specific
accuracy of the forest/tree cover class. In this context, the accuracy and precision of the forest/tree
cover classification is rather the appropriate metric to assess the veracity of the forest/tree cover in
the map of consideration. Therefore, we focus on the producer’s and user’s accuracy as technical
indicators for the purpose of our assessment.

Maps with a certain number of land cover or land use classes are typically assessed for their
accuracy using OA, PA, and UA. On the contrary, the accuracy of maps representing forest heights
is commonly evaluated using metrics such as root mean square error (RMSE), mean absolute error
(MAE), and mean bias error (MBE). These metrics derive from comparison between the classified
map and a reference canopy height dataset, such as the Relative height at the 95th percentile (RH95),
from the Global Ecosystem Dynamics Investigation (GEDI) Level-2A products [54]. In case of datasets
referring to forest heights, the error metrics provide significant insights on the magnitude of
differences between predicted/modeled values and (remotely sensed) observed ones, represented by
RMSE and MAE, as well as the direction of these difference, known as MBE. The RMSE and MAE
metrics partially reveals critical inaccuracies of the map, while MBE points out map error tendencies.
MBE is more effective than RMSE and MAE in describing frequently occurring errors for a certain
map, as it not only quantifies the errors but also indicates their direction (i.e., tendency). Table 2
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summarizes information on the accuracy metrics considered for the technical assessment of identified
global map products.

Table 2. Details on the accuracy metrics and their relationship to potential implications on EUDR DDS

verification through global forest/tree cover maps.

Producer’s Accuracy

User’s Accuracy

Calculation pA = Correctly classified samples < 100 _ Correctly classified samples < 100
(class-specific) Reference samples Classified samples
Probability True forest pixel being classified as forest | Classified forest pixel actually representing
cover forest cover
Measure Completeness Reliability
Associated Omission error: number (%) of true forest Commission error: number (%) of
Error pixels incorrectly identified incorrectly classified pixels as forest
Interpretation Low producer’s accuracy values may Low user’s accuracy values may indicate

indicate forest underestimation

forest overestimation

Ratio (PA/UA)

Ratio>1 (PA > UA, Oerror < Cerror)

Ratio<1 (PA < UA, Oerror > Cerror)

RSME

MAE

Definition Squared differences between Absolute differences between
predicted/modeled values and the true predicted/modeled values and the true
values values
Measure Scale and magnitude of errors, where Scale and magnitude of errors, where all
higher weights are given to large errors are equally treated
differences (spotting outliers)
MBE
Definition Average of differences between predicted/modeled values and the true values
considering
Measure Direction and tendency of errors
Interpretation Positive indicates overestimation; Negative indicates underestimation

2.3 Exclusion of unsuitable datasets (Filtered Datasets I) — Step 2

The first selection criteria aim to identify those global reference datasets that comply with EUDR
terminology based on two of the aforementioned metrics (see Figure 1). We choose two out of the
described three EUDR metrics due to incompleteness of the reported forest definition parameter in
some of the reviewed maps. With this approach, we seek to ensure an unbiased exclusion procedure.
Subsequently, we filter out datasets that do not meet the thresholds for temporal proximity or spatial
resolution as described in section 2.3.1. These two indicators are the most commonly retrieved
information across all datasets, while information on “forest definition” is not always consistently
reported.

2.4 Removing Redundancies (Filtered Datasets Il = Shortlisted Datasets) — Step 3

Based on the outcomes of the first selection, we apply a second selection criteria by reviewing
further map characteristics. We review the initial list of maps (filtered datasets I) and exclude those
already incorporated into the most recently listed dataset to avoid redundancies. Furthermore, we
apply other exclusion criteria, such as condensing multiple year information into a single layer, refer
to an outdated dataset according to the “temporal proximity” indicator, or do not provide a forest
status layer but rather information on forest gains and losses. Based on this step, we compile a concise
list of selected datasets that meet our inclusion criteria, hereafter referred to as “shortlisted datasets”.
2.5 Forest Extent Area Comparison (Map Variability) — Step 3

As a next step, we compare the shortlisted datasets with additional forest information
concerning the size of the mapped forest area and conduct assessments on a per-continent basis. This
assessment involves comparing shortlisted maps with one another, as well as against an additional
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and independent dataset. For this purpose, we rely on continental forest cover information reported
for year 2020 by the forest resources assessments report (FRA) of FAO, referring to a sample-based
approach of forest estimates reported at country level by national authorities [38]. Hence, we compare
forest area estimates (in thousands of hectares) from the shortlisted datasets by counting the number
of pixels for forest cover and scaling that to the respective area size.

Excludi g Ci iteria Jataset List O Assessment F

vt oo e ond O rformsion |
L LULC datasets ‘ “ ,,,.Détant L= Extractions )

¥

EUDR Metrics ﬁ
: (spatial detail and b
= temporal proximity) 2
(%] " —
: Technical i

Filtered Datasets (I
Duplicates and Other _ 3
) Criteria s
o ®
(=)
~ . ©
) Filtered Datasets (I1) i
2

= Shortlisted Datasets

Figure 1. Schematic illustration of the systematic assessment procedures.

3. Results

3.1 Complied Datasets

We identify in total 21 global datasets, that either are referring to FNF (N=11) or LULC (N=10)
maps, spanning from 1992 to 2024 and with spatial resolutions of 300, 100, 30, 25, 10, and 1 meter
(Table 3), respectively. The implemented methods for the creation of these maps include a range of
Machine Learning algorithms (random forest, unsupervised classification, regression tree,
continuous change detection, pixel-object-knowledge, and different decision tree model algorithms),
deep learning models (convolutional neural network), and composite mapping techniques. Optical
Multispectral sensors (MSS, e.g., Sentinel-2) are the most frequently applied type of data sources for
global forest/tree cover and land cover maps, followed by Light Detection and Ranging (LiDAR, e.g.,
GEDI) and Synthetic Aperture Radar (SAR, e.g., Sentinel-1) instruments.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202507.1296.v1
http://creativecommons.org/licenses/by/4.0/

9 of 29

Table 3. List of collected datasets categorized by the EUDR metric indicators and data compilation methods. Shortlisted datasets, selected using criteria from steps 2 and 3 (Methods), are shown

in bold and underlined letters.

Forest/Tree cover

Inclusion of

g = 9 Type of g v
= .9 S & o ? P ckE
Dataset Short Name/ g o Typeof & Z g & Class Parameters non-forest tree ol o Satellite g
ID . .. =] Institution © = &9 (Crop plantation, Classification approach 2 9
Abbreviation 2 Map &8 E 2 Sensor/Input g &
& = e Height MMU  Canopy :;grofio;estry, ) Dataset & &
woodlands/savannas
(m) (ha) (%)
1 ESA-CCI (v207) and [55,56] ESA LULC 300 1992 to >5 >9 >15 Not explicitly Unsupervised classification and MSS SP
ESA-CCICS3 (v2.1.1) 2020 reported Multiple-years Strategy
2 JRC GFC v2 [32] JRC FNF 10 2020 >5 >0,5 >10 Yes Composite Map (CM) Multiple third-
party datasets
3 GFM 100 [57] ITASA FNF 100 2015 n.a n.a >10 No Random Forest (RF) classifier MSS sp
4 Globcover [58] ESA LULC 300 2009 >5 na. >15 Not explicitly Supervised and unsupervised MSS T+SP
reported classifications, and Cluster-Based
Classification
5 ESA WC (v100 and [59,60] ESA LULC 10 2020 to >5 n.a >10 Yes Gradient boosting decision tree ~ MSS and SAR R
v200) 2021 algorithm (CatBoost)
6 CGLS-LC100 v3 [61] Copernicus EU LULC 100 2015 to n.a n.a >15 Yes RF classification and Biome- MSS and SAR sp
2019 cluster classification
7 ESRI-10m [62] IO in cooperation ~ LULC 10 2017 to >4.57 n.a. n.a. Yes Deep learning model MSS
with ESRI and 2023 (convolutional neural network
Microsoft Al for for image segmentation)
Earth
8 Dynamic World [63] WIR LULC 10 2015 to Forest defined as significant Yes Semi-supervised deep learning MSS
2024 clustering of dense vegetation (supervised label data to train
with a closed or dense canopy Fully Convolutional Neural
that is taller and darker than Network
surrounding vegetation (if
surrounded by other vegetation).
9 GLC-FCS30D [64] CBAS LULC 30 2000 to n.a n.a >15 Yes Continuous change detection MSS with
2022 (CCD) algorithm with a local Panchromatic
adaptive updating method band (PB)
10  GlobeLand30-ATS2010 [65] NGCC LULC 30 2010 na. >5.76 na. Not explicitly Pixel-Object-Knowledge (POK) ~ MSS with PB T
reported
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c - Forest/Tree cover Inclusion of Type of c o
= .8 g & lass P t -f ? Che!
Dataset Short Name/ § . Type of S = 8 & S G non-forest tree chover e . Satellite 5 &
ID . . =] Institution w = &9 (Crop plantation, Classification approach 5 9
Abbreviation 3 Map &2 E B Sensor/Input ¢ £
M = O Height MMU  Canopy zio’mflo;es“y ’ ) Dataset & =
o woodlands/savannas
(m) (ha) (%)
11 FROM-GLC10 [66] Department of LULC 10 2017 n.a. n.a. n.a. Not explicitly RF classification MSS
Earth System reported
Science, Tsinghua
University
12 Forest Height - GLAD [67] UMD GLAD FNF 30 2000 and > 3* >05 n.a. Yes Regression tree model (RTM) LiDAR R
ARD 2020 ensembles
13  Forest Extent - GLAD [67] UMD GLAD FNF 30 2000 and >5 >05 n.a. Yes Dataset based on Forest height- ~ Forest Height
ARD 2020 GLAD GLAD ARD
14 GFW/Hansen Map [68] UMD GLAD and FNF 30 2000 to >5 > 0.09 >10 Yes Bagged decision tree (bootstrap MSS with PB R
(Global Forest Change GFW 2023 aggregating)
Data v1-11)
15 GFW UMD Tree cover [68] UMD GLAD and FNF 30 2010 >5 > 0.09 >10 Yes RTM MSSwithPB  T+R
GFW
16 GEDI-Height [69] UMD GLAD FNF 30 2019 >0* > 0.09 n.a. Yes RTM LiDAR R
17 PALSAR-2 ENF v2.0.0 [70] JAXA ENF 25 2017 to >5 >05 >10 Yes RF classification SAR
(3-class) 2020
18 GLCLU - GLAD [71] UMD GLAD LULC 30 2019 >3 > 0.09 >0 Yes Global/Regional hybrid decision ~ MSS with PB R
tree (RTM for global and regional
classification and local
calibration); Regional Quality
Assurance models of water and
snow/ice, Regional deep learning
convolution neural networks.
19 CHM-1m [72] = Meta Sustainability =~ FNF 1 2009 to >1* > 0.0001 n.a. Yes Self-Supervised learning and MSS with PB ocC
and WIR 2020 simple convolution network
20 ETH [73] EcoVision Lab, FNF 10 2020 >0 >0.01 n.a. Yes Convolutional neural networks MSS and
Photogrammetry (CNNs) LiDAR

and Remote
Sensing, ETH
Zirich
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c - Forest/Tree cover Inclusion of Tvpe of c o
Dataset Short Name/ Y Tvve of = ._8 g o0 Class Parameters non-forest tree cover? Saytle,llite o T‘é
= wn
ID . . 5 Institution M T = S g (Crop plantation, Classification approach B2 0
Abbreviation 3 Map &2 E B Sensor/Input ¢ £
2 & O Height MMU Canopy agroforestry, Dataset & =
) ) (%) woodlands/savannas)
0
21 GFCC30TCC-v4 [74] NASA FNF 30 2000, 2005, >5 > 0.09 > 0* Yes Rescaling Coarse dataset with MSS with PB OoC
2010 and finer dataset

2015

R =redundant, as it is utilized in JRC/GFC 2020; SP = low spatial resolution; T = older than 2015;0C = other criteria, such as newest version unavailable or absence of forest status layer; n.a. = not available information or
a measure that does not apply; *tree height or canopy cover dataset is adjustable to user’s preferred value
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3.2. First Selection Criteria (Step 2)

Based on the temporal proximity to the “cut-off-date” in 2020 and adequate spatial resolution
(EUDR Metrics), 6 global forest datasets are considered not suitable as reference maps for assessing
deforestation-free compliance according to the EUDR. These maps represent information on forest
cover older than 5 years prior to the required cut-off date, and further have a spatial resolution coarser
than 30 meters. From the remaining 15 datasets only 2 (JRC GFC v2 and PALSAR-2-FNF) fully agree
with all the adopted parameters for forest definition according to EUDR, while the other datasets
either agree on at least one forest definition parameter or not fully report how forest cover is defined
in their classification scheme (Figure 2). Among the forest definition parameters, tree height most
commonly aligns with the standards adopted by the EUDR, as many datasets define a minimum tree
height of 5 meters for forested areas. In conjunction with that, except for 5, all datasets, explicitly
report the inclusion of non-forest tree cover classes (such as agroforestry, crop plantations,
woodlands or savannas) into their forest or tree cover classification, which is in accordance to the
EUDR's definition of non-forest tree cover (see also: Table 3).

Temporal Spatial
proximity Detail Tree height MMU Canopy cover

ESA-CCI, ESA-CCI CS3
+ JRC GFC v2

GFM 100

Globcover

+ ESA WC v100,v200
CGLS-LC100 v3

+ ESRI 10m

+ Dynamic World

+ GLC-FCS30D
GlobeLand30-ATS2010
+ FROM-GLC10

+ Forest Height-GLAD ARD
+ Forest Extent-GLAD ARD
+ GFW/Hansen Map
GFW UMD Tree cover
+ GEDI-Height

+ PALSAR-2 FNF

+ GLCLU-GLAD

+ CHM-1m

+ ETH

+ GFCC30TCC v4

Figure 2. All 21 compiled datasets and their matching capability with the EUDR metric indicators. Green color
means that a dataset fulfils the minimum threshold set by EUDR for the respective indicator, while red color

ey

means not fulfilling. Gray-colored boxes represent unavailable information. The “*” sign refers to forest MMU
is assumed according to the spatial resolution of the dataset. The “>” means that the dataset set a threshold above
the minimum required parameter adopted by the EUDR (10%). The selected datasets by the first filter criteria,

step 1 (N=15), are marked with “+”.

Nearly all datasets apply a randomly stratified validation approach based on selected thematic
class groups. Some maps (Dynamic World, GFW/Hansen Map) make further distinction of strata per
biome. Others use additional landscape information such as Képpen climate groups (GLC-FCS30D),
geographic sub-regions (CHM-1m), or land ratio proportions (Forest Extent GLAD) for stratification.
For most datasets, the reference validation sample collection derives independently through visual
interpretation of very high-resolution satellite image. These images have a resolution finer than that
of the corresponding map and are labeled by experts or trained interpreters. In fewer cases, reference
samples are obtained from detailed third-party datasets, especially for the canopy height datasets
(GEDI-height, Forest Height-GLAD, CHM-1m, ETH, GFCC30TCC-v4). The temporal coverage of the
validation samples aligns with that of the created map. However, particular datasets include data
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from different years (Globcover, ESA WC, CGLS-LC100-v3, Forest Height-GLAD) or, in some cases,
contain an older dataset of high quality (FROM-GLC10, Dynamic World, JRC GFC v2). In some
instances, the sampling points consists of not only information of the corresponding class (thematic-
label), but also include an attribute representing the robustness of the judgment of the expert into
“high confidence/certain” or “low confidence/uncertain” and the homogeneous level of a certain
point or validation unit.

Regarding the accuracy metrics, we evaluate the filtered 15 datasets (step 2) against their
reported accuracy ranges, although not all datasets stated their values. The reported overall
accuracies for forest status products range from 73.8% (Dynamic World) to 97.2% (Forest Extent-
GLAD), which is typical for global datasets, where the minimum required accuracy is usually 70%
(Table 4). Two of the FNF datasets, GEDI-Height (87.8%) and Forest Extent-GLAD (97.2%) reach the
highest overall accuracies of all datasets (Table 4).

A PA/UA ratio above 1 suggests a tendency to incorrectly classify non-forest areas as forest cover
(false positives), which could result in non-compliant production areas according to the EUDR
(Figure 3). Conversely, a ratio below 1 indicates that the dataset favors missing true deforestation
(false negatives). For 9 out of 11 datasets, the ratio of PA/UA is above one (Figure 4). Three datasets,
FROM-GLC10, Forest Extent GLAD and GFW/Hansen Map Forest Loss (L), show PA/UA ratios very
close to one, suggesting balanced commission and omission errors.

When considering exclusively tree and forest canopy height map products (Forest height-GLAD
ARD, ETH and GFCC30TCC-v4), MBE values are negative for ETH and GFCC30TCC-v4, suggesting
that the datasets have a tendency to underestimate canopy height by a reported average of 1,8m and
6%, respectively (Table 4, Figure 3). Although, the Forest height-GLAD ARD does not report MBE, it
provides information on the magnitude of errors between predicted values and reference validation
datasets, indicating that predicted canopy heights are often miscalculated by about 4,76m.

Table 4. Accuracy metrics for the 15 datasets selected based on the first criterion (Step 2). Datasets that also met
the second criterion (Step 3) are bolded and underlined (shortlisted datasets, N=8). Reported accuracy ranges
represent the highest documented values for each dataset.

I Name General Validation Approach+  OA PA UA PA/U RSM MA MB
D Reference Dataset/Year (%) (%) (%) A E E E

2 JRC GEC v2 ITASA reference dataset. Year(s): 2015 91.5 91.8 82 1.12 X X X

5 ESA WC 2020 CGLS-LC validation dataset 76.7 91.9 80 1.15 X X X
(v100 and v200) (Copernicus Global Land Service).
Year(s): 2019 to 2021

7 ESRI-10m @ Very high-resolution imagery visually 85 na. n.a. na. X X X
interpreted. Year(s): n.a.

8 Dynamic World Samples per biome and region from 73.8 93.2 70.2 1.33 X X X
NASA MCD12Q1 land cover. Year(s):
2017

9 GLC-FCS30D Visually interpreted global samples 80.88 92.83 86.35 1.08 X X X
and two third-part datasets: Land
Use/-Cover Area frame Survey
(LUCAS) and the Land Cover
Monitoring, Assessment, and
Projection (LCMAP) Collection 1.0
annual land-cover product. Year(s):

2020
11 FROM-GLC10 Multi-seasonal sampling collected 72.76 84.2 83.47 1.01 X X X
from Landsat 8 images. Year(s): 2015
12 Forest Height- Sampling from GEDI Collection 1 and X X X X 6.75m 4.76m  x
GLAD Collection 2. Year(s): 2019 and 2020
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13 Forest Extent- Sampling from Landsat GLAD ARD 97.2 94.8 94.6 1.00 X X X
GLAD 16-day time series data, annual and
bimonthly image composites, and
high-resolution image time series from
Google Earth, Year(s): n.a.
14 Global Forest Image interpretation of time-series (L)9%.6 (L)87.8 (L)87 (L)1.01 X X X
Change Data v1-11 Landsat, MODIS and very high spatial (G)99.7 (G)73.9 (G)76.4 (G)0.97
- GFW/Hansen imagery from Google Earth and
Map ® LiDAR (light detection and ranging)
data from NASA’s GLAS (Geoscience
Laser Altimetry System). Year(s): n.a.
16 GEDI-Height Sampling from 10% of the GEDI 87.8 66.7 89 0.75 X X X
observations. Year(s): 2019
17 PALSAR-2FNF  Visual interpretation of Google Earth 86 na. na. na. X X X
v2.0.0, 3-class imagery within a radius of 40m.
Year(s): n.a.

18  GLCLU-GLAD Google Earth imagery and Moderate ~ 78.35  87.36 74 1.12 X X X
Resolution Imaging Spectroradiometer
(MODIS) time-series data. Year(s): n.a.

19 CHM-1m Sampling from 10% of NEON ALS 74 77 78 1.14 X X X
collection (LiDAR observations)
dataset. Year(s): n.a.

20 ETH All samples located within 20% of the X X X X 7,3m 5,5m -
Sentinel-2 tiles (each 100 x 100 km). 1,8m
Year(s): 2020
21  GFCC30TCC v4 Sampling from 250-m MODIS VCF X X X X 16,83 13,16 -6%
Tree Cover layer. Year(s): 2000-2005 (5- % %
year dataset)

@ They do not provide PA and UA for the entire globe, only for certain places such as California, Costa Rica, Belgium and

Laos. ® They only provide validation based on forest loss (L) and forest gain (G).

Ratio Ratio

(PA/UA) (PA/UA)

Ratio<1 Negative

Ratio>1 Positive

y

Incorrect increase in
non-compliant
production
(false positives)

Forest Forest

Underestimation Overestimation

Figure 3. Indicated tendencies from datasets based on accuracy metrics (ratio PA/UA above or below 1 and with
positive or negative MBE) and their respective implications when verifying “deforestation-free” production for
the EUDR.
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v FNF
1.3 |Dynamic World ® LULC

Forest Overestimation
I Forest Underestimation

1.2
CHM ESAWC
v O GLCLU-GLAD JRC GFC v2
1.1 GLC-FCS30D
< 1
2 GFW/Hansen
E Map (L)
5 FROM-GLC10 Forest Extent-GLAD
B 10 B e e Nf---V--
GFW/Hansen
Map (G)
0.9
0.8
GEDI-Height
75 80 85 90 95 100

Overall Accuracy

Figure 4. PA/UA ratios against the OAs discriminated by the type of dataset (FNF or LULC). Datasets above the
red dashed line, marked by orange color, denote datasets with tendencies to overestimate forest/tree cover, while

datasets below the red line indicate and marked by green color denote a forest/ tree cover underestimation.

3.3 Second Selection Criteria (Step 3)

The second selection criterion filters out redundant datasets (marked with a “R” in Table 3) and
particularly maps with EUDR-contextual constraints, such as the absence of forest status information
(Table 3). Following the second filtering procedure (N=8), eight datasets are shortlisted for further
analysis (JRC GFC v2, ESRI-10m, Dynamic World, GLC-FCS30D, FROM-GLC10, Forest Extent-
GLAD, PALSAR-2 FNF v2.0.0, ETH). Furthermore, we compare the forest area, in 1.000 hectares,
mapped by each shortlisted dataset with the reported forest area of FAO FRA 2020 [37] for selected
world regions. The mapped forest area estimates are shown in Figure 5 categorized by
region/continent. Shortlisted datasets consistently overestimate forest areas when compared to their
counterparts as reported by FAO FRA. This is particularly visible in Central America and Caribbean
regions, North America and Europe (excluding Russian federation), deviating on average by +49%,
+56% and +86%, from the reported FAO FRA data in 2020, respectively. In case of South America, the
shortlisted datasets exhibit greater consistency with FAO FRA, with significant discrepancies
observed for JRC GFC v2 and ETH.

A notable case is the lower (-38%) forest area mapped by FROM-GLC10 in Africa compared to
the FAO reference (Figure 5). Moreover, Dynamic World consistently exhibits lower forest/tree cover
compared to the other datasets, including FAO FRA estimates. The datasets with the highest
estimation of forest area on average and for all regions are ETH followed by PALSAR-2 FNF. These
datasets belong to the FNF type of maps.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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South America (SA) Caribbean (CC) Africa (A)
T +9 1 +49 H +21
JRC GFC v2 (2020) +15 +39 +36
ESRI-10m (2020) +2 +30 +35
Dynamic World (2020) -36 -21 -58
GLC-FCS30D (2020) +13 +56 +58
FROM-GLC10 (2017) -3 +54 -38
Forest Extent-GLAD (2020) 0 +36 +16
PALSAR-2 FNF v2.0.0 (2020) +11 +66 +45
ETH (2020) +71 +132 +78
FAO Global FRA (2020)
H H H
0.0 0.5 1.0 1.5 0 2 4 6 0.00 025 0.50 0.75 1.00
Forest Area (in 1000 ha) *2** Forest Area (in 1000 ha) 1 Forest Area (in 1000 ha) *1*
South and Europe excl.
Southeast Asia (SS) Russian Federation (E) North America (NA)
H +30 H +86 ; +56
JRC GFC v2 (2020) +17 +96 +71
ESRI-10m (2020) +31 +85 +49
Dynamic World (2020) -19 -66 -88
GLC-FCS30D (2020) +41 +93 +93
FROM-GLC10 (2017) +24 +82 +60
Forest Extent-GLAD (2020) +30 +63 +27
PALSAR-2 FNF v2.0.0 (2020) +5 +43 +72
ETH (2020) +110 +290 +163
FAO Global FRA (2020)
H H
0 2 4 6 0 2 4 6 8 0.0 1.0 15
Forest Area (in 1000 ha) *** Forest Area (in 1000 ha) ** Forest Area (in 1000 ha) *1*

Figure 5. Estimations of forest area per region estimation for each shortlisted dataset and the values from FAO
FRA 2020 [37]. The red dashed line indicates the reference line, using FAO FRA as the basis for the comparison.
The right Y-axis of each sub graph represent the percentage difference for each dataset relative to the FAO FRA

reference. The green-colored number exhibit the average of the percentage differences within each region. The

forest area estimate refers to the year shown in parentheses.

Figure 6 presents the summary of the eight shortlisted datasets in comparison to the chosen

EUDR criteria and accuracy metrics, with additional information on whether non-forest tree-based

systems are included in the considered forest cover information.
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Figure 6. Overview of each shortlisted dataset with respect to the EUDR and accuracy metrics, complemented
by additional qualitative insights. Two datasets, ESRI-10m and PALSAR-2 FNF v2.0.0 did not report UA, PA or
MBE accuracy metrics (see Table 4).

4. Discussion

The findings of this study suggest several key implications for the use of global FNF and LULC
datasets in deforestation monitoring within the EUDR context, which are discussed in detail below.

4.1 Spatial detail and temporal proximity

The spatial resolution and the classification year of the map impact the level of spatial variation
contained in a single pixel and influences the applicability of a map as reference for compliance
checks under the EUDR regulation. Following this rationale, a pixel that is detailed enough to display
small features in a landscape is thus more suitable to represent for example small-scale farming
systems such as coffee or cacao, or heterogeneous mosaic landscapes common for agroforestry [75].
However, the compiled global datasets range from 10 to 30 meters resolution with the exception of
CHM which has 1-meter spatial resolution. Therefore, a cropland plot with an area below the
reported pixel size (e.g., 0.09 hectares, for a 30m spatial resolution) would be aggregated to the
neighboring dominant landscape features to form a single pixel value. If the dominant landscape is
a forested area, the small agricultural plot may be assigned to the forest class, even though in reality
it represents a non-forest class, leading to false conclusions of non-compliance of deforestation-free
production. This can increase the error of smallholder farming plots misidentification. For example,
in case of coffee, one of the seven EUDR commodities, about 60% of total global production originates
from plots smaller than 5 hectares [31]. Conversely, small-scale tree cover or forest cover losses may
go undetected, as demonstrated by a study in the Mato Grosso region of Brazil, which identified more
deforestation using a product with 5-meter spatial resolution compared to one with a coarser
resolution of 6.5 hectares [50].
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Another advantage of finer scaled datasets is the expected better representation of heterogenous
landscapes, such as characterized by mixed farming plots of multi-cropping or agroforestry systems,
shrub-grass-tree mixed landscapes or even the detection of small changes within a forest patch. A
global cross-map comparison concluded that locations with more homogeneous characteristics
typically exhibited higher overall accuracy, compared to areas where not all pixels within a block
belong to the same class [35]. However, higher spatial resolution is not a definitive determinant of
precision in capturing smaller features, as the accuracy of mapping classifications depends on quality,
representativity and uniformity of the reference (e.g., training) data [35]. Furthermore, the spatial
resolution and map capability to detect deforestation, particularly forest degradation is a trade-off
between the wall-to-wall coverage and cost-time efficiency of monitoring over large areas, but
reduces the ability to detect smaller changes and fragments [76]. Finally, the EUDR regulation lacks
explicit guidance regarding the MMU for detecting forest change processes such as deforestation and
forest degradation. This omission adds to the ambiguity surrounding the required spatial resolution
for compliance monitoring, particularly in relation to whether the 0.5-hectare MMU defined for forest
classification should also be applied to change detection.

The threshold for the temporal proximity metric is set by the requirements of the regulation,
even though dynamics of natural ecosystems may not follow such a fixed “cut-off-date”. From the
legality point of view of the regulation, a dataset older than the 2020 or 2021 may not necessarily
represent an accurate status of forest around the cut-off date. Nevertheless, a global map dataset that
is 5 years older or newer than the 2020 reference year, may still serve as good indicator for possible
land use transitions. On the one hand, the likelihood that non-forest areas mapped in 2015 still exhibit
properties of non-forest areas in 2020 is high, as forests do not usually regrow to a mature stage within
this short period of time. On the other hand, naturally regenerating (young) forest stands may have
been incorrectly classified as forest cover in 2015, or the regeneration process may have started at a
later point in time, both resulting in a misclassification of forest cover in 2020 as non-forest. The latter
scenario can implicate in missing true deforestation pixels (false negatives), while the former may
prevent false allegation of regulation violation (false positives). A similar logic applies to maps
created for 2025, where identifying mature forests in 2025 can provide better insights into the 2020
classification, helping determine whether an area was truly non-forest or a young regenerating forest
in 2020.

Another point related to temporal proximity concerns the harvesting of wood as part of mapping
forest degradation. Harvesting of wood can causes structural changes to forest cover and is
considered as forest degradation under the EUDR. This activity occurs within a specific timeframe,
typically over hours or days. Excepting the “forest disturbances alert” type of datasets [76] and other
few exceptions, most static datasets of FNF and LULC represent the land use/cover status of a single
year based on monthly satellite imagery, which poses threats to precise degradation detection.
Consequentially the time in which degradation can be observed through remote sensing could be
reported later than the respective DDS, permitting certain wood products to be mistakenly labeled
as "deforestation-free" production. The compiled datasets in this study does not include “forest
disturbances alert” datasets as we primarily focus on the tree cover or forest cover and deforestation.

4.2 Physical Thresholds Applied in Forest Definition

Of the selected datasets, only JRC GFC v2 and PALSAR-2 FNF v2.0.0 fully meet all three EUDR
forest definition parameters, while the others align with at least one parameter, often forest height.
In most cases, global datasets classify vegetation shorter than 5 or 3 meters as low vegetation such as
shrubs and grasslands, excluding it from the “forest/tree cover” class. Vegetation taller than these
thresholds is usually classified as “forest/tree cover”, with heights above 10 meters associated with
tall trees. Among forest datasets, those generated using LiDAR technology offer tree cover maps with
heights starting from zero, as LIDAR captures three-dimensional information on the shape of surface
features [69]. This allows users to define specific height thresholds for “forest/tree cover”
classification.
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Regarding canopy cover, some datasets distinguish between dense/close and open canopies,
with threshold set at values above 40% [58] or 70% of the surface [77] referring to dense canopies, and
below the respective thresholds indicating open canopies. However, most global datasets adopt a
more general threshold of 10% or 15% when defining forest/tree cover, with tree cover canopy below
10% typically classified as “Other wooded land”. The MMU parameter further defines the minimum
area of tree cover required to classify an area as forest. Below a certain threshold, trees may be too
sparse to meet the forest classification criteria, which is particularly problematic for dryland forests
[78].

Major international environmental and forestry organizations commonly adopt a minimum tree
height of 5 meters, a canopy cover threshold of 10%, and a minimum forest area of 0.5 hectares [43],
similar to the FAO and corresponding to EUDR adopted definitions. However, these parameters do
not always align with national standards. A comprehensive list of forest definition parameters
available for several tropical countries reveals a range of thresholds, including minimum tree heights
from 2 to 5 meters, minimum forest areas of 0.05 to 1 hectare, and canopy cover percentages between
15% and 30% [44]. In Germany, the parameter for canopy cover can be as high as 50% [45], a study in
the flatlands of Ukraine identified the optimum threshold as 40% [46], while in Indonesia, it may
reach up to 60% for certain regions [47]. These variations illustrate the discrepancies in forest
classification standards across different regions and the EUDR defined parameters. Therefore, not
only global datasets may disagree with the adopted parameters of forest definition by the EUDR, but
also these parameters may not match certain national standards or regional guidelines. Taking the
example of Indonesia, the minimum canopy cover density for a tree covered area to be classified as
forest is 30%. The EUDR regulation defines forest as tree covered areas with a minimum canopy cover
of 10%, which introduce uncertainties for locations with canopy cover between 10% and 30% due to
mismatches between the applied thresholds of forest definition. Mismatches in any of the three forest
definition parameters increase the uncertainties in verifying deforestation-free production using
global generalized datasets. This likely contributes to the significant discrepancies in global forest
area estimates derived from these datasets and national/regional forest estimates which is further
discussed in the next section.

Moreover, [43] argued that these types of structural measures may be more relevant to ground-
based inventories and not necessarily remote sensing surveys as they may (1) prevent the
identification of real deforestation because an area, after considerable tree loss, is below an artificially
set threshold, and (2) be unable to capture natural forest regeneration or early stages of restored
forests that do not yet satisfy certain forest definition.

Beyond the structural measures, another frequently occurring issue is whether a forest
assessment, either remotely sensed or sample-based approach, actually discriminate natural forest
cover from planted forest and tree or agricultural plantations, thus dissociating “land use” from “land
cover” [43]. A study [28] estimated that globally more than 43% of agricultural land is within
agroforestry systems with 10% tree cover. Ensuring proper differentiation of tree cover classes is thus
essential for accurately detecting deforestation.

4.3. Accuracy Metrics

Although the technical parameters are not applied in selection criteria (step 2 and step 3), they
provide a further assessment of the shortlisted datasets. More precisely, the accuracy metrics give
supporting evidence to the dataset quality in mapping forest and tree cover areas. All collected
datasets, except the forest/tree canopy height products, provide a measure of overall accuracy.
However, overall accuracies are not an appropriated way to particularly examine the forest or tree
cover class precision. A better approach is to look at the producer’s and users’ accuracy of tree/forest
class as a ratio. This ratio conveys the relationship between a measure of completeness in mapping
forest or tree cover areas over the reliability in correctly classifying true forest areas.

With the exception of GEDI-Height and GFW/Hansen Map, all the shortlisted datasets display
a PA/UA ratio above 1, which indicates that most maps potentially have a tendency to falsely identify
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areas of non-forest or non-tree cover as forest or tree cover (false positives, commission errors). In
contrast, the 2 datasets with ratio lower than 1 suggest that potentially true forest or tree cover area
is missing, thus they are inclined to omission errors. A key factor explaining this pattern is that these
datasets aim to accurately map (individual) tree cover, rather than forest areas specifically, resulting
in potential underestimation of tree cover and not inherently forest cover. This is because trees can
also be present in non-forest environments, such as crop plantations, woodlands/ savannas, and
shrublands. Evidence for this is found in the GEDI-height dataset, which features forest areas, with
tree height 25 m, extending into savannas and open canopy forests in Africa [67].

Furthermore, FNF map datasets generally reveal a PA/UA ratio smaller or very close to 1 and
higher OA. Binary maps like FNF implements a simpler classification scheme, reducing error
potential and positively affecting OA. Conversely, multi-class land cover maps introduce more
classes, increasing the likelihood of misclassifications due to, among other reasons, the difficulty of
distinguishing similar classes. Hence, the PA/UA, for forest/tree cover class, and OA provide essential
insights into systematic biases in the datasets and further reflect the map type under consideration
(FNF or LULC). Nonetheless, the reported accuracy values may not truly represent the local and
regional realities with diverse and complex landscapes, where typically land use classification
experts expect higher commission than omission errors [52,79,35].

Another accuracy metric examined in this study is the MBE, which is applied to assess
systematic bias in exclusively forest/tree canopy height datasets. While RMSE and MAE reveals the
magnitude of the prediction errors observed in these datasets, they do not inform whether forest
height estimations tend to overestimate or underestimate actual values. This distinction is important,
as forest height is a key-parameter considered in forest definitions. MBE, therefore, suggest an
indirect interpretation of these systematic biases and their implications in relation to the EUDR, as
MBE relates to the tendency of a dataset in mapping higher (positive) or lower (negative) height than
the validation data. Positive values imply that predicted heights exceed actual values, potentially
classifying more tree covered areas as forest (overestimation). Contrarily, negative values indicate
underestimation, possibly excluding certain tree covered areas due to lower height than the
minimum threshold considered in the EUDR forest definition. Additionally, continuous forest
canopy height datasets are less suitable to represent discrete multi-class land cover classifications
than to function as datasets on vegetation structure and above ground biomass [67].

It is thus important to acknowledge common aspects that can influence the accuracy results,
such as the quality of the employed reference datasets (including spatial resolution and geolocation
errors) [80], the homogeneity of the landscape classes in question, the representativity of certain class
(frequency of occurrence), the specific sampling strategy used for validation (e.g., stratified or area-
weighted approaches), and independence of validation points [53,26].

4.4. Shortlisted Dataset Cross-Comparison on Forest Area

The three regions with the highest percentage average difference in forest estimations against
the forest area statistics reported by the FAO FRA 2020 [37] are Central America and Caribbean,
Europe and North America. Some of the commonly known issues in North America and Europe
include the overestimation or underestimation of forest cover in the boreal and tundra ecotones and
their transition zones [79], and the misclassification in low tree cover [78] and shrubland areas such
as the Mediterranean region in Europe. The case of Europe is the most significant one, with the
highest average differences shown. A plausible explanation for the observed pattern is the abundance
of urban parks/forests, green spaces, and small tree-covered patches across Europe [46,20] in addition
to differences in forest cover threshold definitions discussed in previous sections. The JRC GFC v2
dataset [79] reported persistent challenges in differentiating agricultural plantations and urban
vegetation from forest cover in already present in its first version. These two land use types do not
fall under the classification of forest according to EUDR, even though they contain trees. Urban green
areas and urban tree parks are unlikely to conflict with EUDR regulation, as these areas are not
expected to be sources of EUDR commodities. However, other tree-based land use systems, such as
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plantations, managed planted forests and agricultural plantations, may present conflicts with EUDR
definitions. These classes are generally categorized as forest or tree cover in most global maps,
without distinguishing whether they represent primary forests, secondary forests, plantations, or
other sub-classes of tree-based land cover. This lack of differentiation contributes significantly to the
discrepancy between FAO estimates and globally mapped areas.

South America is the region exhibiting the highest consistency between the shortlisted datasets
and the reported FAO estimate. This region contains major dense forest areas primarily concentrated
in the Amazon Basin, which facilitates the differentiation between forest and agricultural lands and
certain plantations, often including clear edges and structural patterns such as oil palm plantations
[21,78]. A paper [27] evaluated an index designed to measure the similarity of spatial patterns
between two numerical raster maps at the pixel level. Their findings revealed that the Amazon Basin
and Central Africa exhibited the highest similarity values among the regions analyzed globally.
However, due to the systematic mapping of observed dense forest in this region the risk of
misclassification of some agricultural plantations and agroforestry systems is quite high as most
global FNF and LULC maps are often unable to capture such a fine scale information. Moreover, a
large rate of misclassification of mixed landscapes and confusion between agriculture and natural
landscapes is expected in intensively cultivated areas in South America [23]. Finally, transition zones
between the Cerrado ecosystem and the rainforest in Brazil, may contribute to the map disagreements
in the region with potential implications for EUDR, as Cerrado (commonly referred to as "other
wooded land") is not yet included in the regulation.

In the African region, frequently known issues are the proper identification of seasonally dry
tropical forests due to related phenological seasonal effects [24,25], particularly in transition zones
between deserts and tropical rain forest [26]. Other factors are correctly mapping areas of low tree
cover density, degraded forest, small patches of forest, and forest edges [78,4,67], and the overlap
between woodlands and forest areas based on the adopted forest definition [48]. A recent study in
Cote d'lIvoire [36] highlighted inconsistencies between a national forest map and the JRC GFC first
version map. Specifically, the JRC GFC first version map shows areas as forested, while the national
map classifies the same areas as non-forest, resulting in an error of commission. A particular
shortlisted dataset, FROM-GLC10 [66], considerably underestimates forest cover in Africa. The
underlying causes for this particular pattern remain unclear and require further investigation.
Nevertheless, most global forest cover maps tend to underestimate forest cover in low tree covered
areas [78] and mapping of dry forest areas are particularly challenging with a tendency for omission
errors [79].

Commonly challenging regions in the world for mapping forest cover include complex
topographical areas (mountainous and hilly areas) that hinder the proper identification of forest
cover due to terrain effects such as shading of slopes from illumination effects [22], and forest edge
zones adjacent to non-forest areas [26]. Moreover, binary maps such as FNF maps requires a
subjective visual interpretation decision to be made on to which class a certain area/pixel belongs that
not always correspond to the continuous features of landscapes (transition zones) in reality.
Furthermore, hard thresholds on forest definition do not always correspond to the local
physiographical and phenological conditions of natural areas around the world varying from region
to region [49].

Two datasets consistently and significantly overestimated forest cover in all regions, namely,
ETH [73] and PALSAR-2 FNF [70]. The dataset ETH reveals a tendency to overestimate canopy height
in areas where the canopy is lower than 5 meters. As a result, many areas that do not originally belong
to the forest class were incorrectly included as forest, possibly due to the overestimation of canopy
height. PALSAR-2 FNF shows tendencies for misclassifications of forest areas in highly fragmented
landscapes [46]. Although the forest estimates from pixel counts of classified maps shown in Figure
5 derive from existing maps, they do not represent official estimates of forest areas in the respective
regions and they do not accurately represent the forest status of 2020. The purpose of comparing
forest area estimates from sample-based approaches, such as those used by the FAO, with mapped
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forest areas is to highlight the differences in the methods used for estimating forest cover. This
comparison helps to illustrate the diversity in global forest mapping techniques and their varying
results. Additionally, FAO reported forest estimates may also contain data inconsistencies and
aggregation of non-forest cover, e.g., rubber and Christmas tree plantations, into forest cover [43]
which contributes to discrepancies in the reported forest areas [70].

The observed forest area differences are especially notable when comparing global forest/LULC
datasets with national maps, like the case of Cote d'Ivoire [36]. However, national maps are not
always publicly available, thus in some cases the use of global maps is the most viable solution for
verifying evident cases of deforestation, functioning as first screening. Nonetheless, in numerous
instances involving EUDR due diligence statements, the risk of deforestation or forest degradation
can be reduced by collecting further detailed information about the conditions surrounding
production along the chain of custody. Cross-checking different sources of information such as
national and regional mapping, management plans, and other relevant information are key to
demonstrate that production is in conformity to the requirements of the EUDR and thus are allowed
to enter the EU market. Moreover, global static annual LULC or FNF maps fail to capture intra-annual
dynamics, which can result in misclassification, particularly when seasonal variations are not
adequately considered. In such cases, inter- and intra-annual time series analyses may provide more
robust evidence for detecting deforestation or verifying its absence [81]. In addition, other types of
maps may be more reliable in reducing classification errors. Commodity-specific maps [82,83,84]
improve the identification of tree crops and plantations, thereby reducing false positives compared
to current state-of-the-art global FNF and LULC maps. Meanwhile, change detection and disturbance
monitoring products, such as near-real-time alert systems [85,86] can reduce false negatives by
capturing subtle or short-term forest loss events at intra-annual temporal scale often missed in static
classifications. Finally, maps are produced using various methods and data sources, resulting in
differing outcomes. Integrating multiple sensors (optical, microwave, etc.) can provide
complementary spectral characteristics of different satellite properties [17,78]. Some methodologies
may be more robust than others, with training sampling data that are better structured, clustered and
thus more representative in certain cases [18].

We acknowledge that our approach of estimating forest area (in thousands of hectares) by
counting forest-classified pixels and scaling them by pixel size, may introduce quantification bias
[87]. Additionally, FRA reports and remote sensing survey data are not directly comparable, as
remote sensing data do not adhere to the same formal procedures as FRA reports, and each dataset
is derived using distinct methodologies. Nevertheless, our objective in this case is not to obtain
precise forest area estimates, but rather to understand the variability among estimates and identify
the sources of dataset diversity.

5. Conclusions

The results of this research provide insights into a systematic assessment of global FNF and
LULC maps suitability to the EUDR. We evaluate 21 maps based on two groups of criteria, namely
EUDR-relevant parameters and technical parameters. The EUDR parameters describe the ability of a
dataset to align with three critical properties of the regulation, serving as an initial filtering criterion
for identifying suitable maps: (1) temporal proximity, (2) forest definition specifications and (3) level
of spatial detail. The technical parameters work as complementary evaluation to provide detailed
information on map error tendencies based on accuracy metrics.

After application of the second filtering criteria, utilized to avoid redundancies and data
inconsistencies, we extract a concise list of 8 global FNF and LULC maps that are potentially suitable
for checking deforestation-free production within the EUDR framework. Some datasets are better
suited than others, but all eight datasets are viable options in assisting the EUDR regulation. Finally,
we run a cross map comparison of mapped forest areas estimates from each dataset against the FAO
forest reports area estimates for the year 2020.

The main results of the study suggest that:
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= Very few global FNF and LULC maps fully match the EUDR forest definition parameters (tree
height, MMU of forest cover and forest canopy cover), which could be one of the major sources
of uncertainty when assessing EUDR compliance using EO products.

= Tree height emerges as the most widely accepted specification among the forest definition
parameters.

* The majority of global LULC maps show tendencies to display forest overestimation
(commission errors), by classifying areas of non-forest cover as forest cover.

= Canopy height products display a tendency to underestimate canopy heights (MBE) possibly
excluding certain tree covered areas but not necessarily forest covered areas.

* Inaddition to the accuracy metrics assessment, many datasets map tree cover rather than forest
cover, which can include non-forest areas with trees, thereby contributing to uncertainties.

* Discrepancies between forest area estimates from the datasets and the FAO estimate reveals
the difficulty of choosing a single mapping approach.

= The regions with the highest overestimation of forest areas, compared to FAO estimates,
include Central America and the Caribbean, Europe, and North America. The African region
shows the greatest underestimation, while South America has more or less consistent
estimates.

This study contributes to the understanding of the key considerations for selecting geospatial
data to include in DDS or to verify deforestation-free production. A detailed understanding of these
map specifications offers valuable insights into how well a map dataset complies with EUDR
requirements, as well as the misclassification tendencies within these maps. Additionally, the
regional assessment of forest area estimates provides further understanding of regional differences
and commodity-specific issues.

The presented study supports decision-makers, national competent authorities, operators, and
producers in selecting forest cover maps for deforestation-free risk assessments, due diligence
statements, by evaluating their compliance with the EUDR. Each map displays certain capabilities
and limitations, and all maps contain inherent errors. Some of these capabilities and limitations can
be higher for some world regions than others and can be aggravated for some EUDR commodities
(e.g., agroforestry coffee systems). Therefore, the most effective approach is to utilize multiple
datasets preferably with varying map specifications, such as different level of spatial detail (spatial
resolution) and those generated through different satellite sensors or methodologies. Nevertheless,
very high-resolution maps may not be accessible everywhere due to their large storage requirements,
high computational demands, and time-consuming nature. As a result, relying on globally available,
open-source maps becomes a necessary alternative.

While this study is comprehensive and extensive, it does not cover all available mapping
possibilities. Moreover, the use of geospatial reference information in EUDR-processes is optional.
Nevertheless, the findings of this study can serve as a guideline when opting for the use of remotely
sensed map products in EUDR related measures. Further research should focus on the analysis of
specific cases and critical regions in order to obtain detailed and accurate information on the sources
of uncertainty regionally, and to better understand other related factors that lead to either false
positive or false negatives.
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Abbreviations

The following abbreviations are used in this manuscript:

EUDR EU Deforestation Regulation

EO Earth Observation

FNF Forest/Non-Forest

LULC Land Use/Land Cover

ZDC Zero Deforestation Commitments

EU European Union

DDSs Due Diligence Statement

NCAs National Competent Authorities

JRC Joint Research Centre

MMU Minimum mapping unit

FAO Food and Agriculture Organization of the United Nations

OA Overall accuracy

PA Producer’s accuracy

UA User’s accuracy

RMSE Root mean square error

MAE Mean absolute error

MBE Mean bias error

RH95 Relative height at the 95th percentile

GEDI Global Ecosystem Dynamics Investigation

FRA Forest resources assessments report

MSS Optical multispectral sensors

LiDAR Light Detection and Ranging

SAR Synthetic Aperture Radar

RTM Regression tree model

CM Composite Map

RF Random Forest

CCD Continuous change detection

PB Panchromatic band

POK Pixel-Object-Knowledge

CNNs Convolutional neural networks

ESA European Space Agency

JRC Joint Research Centre

ITASA International Institute for Applied Systems Analysis

10 Impact Observatory

WRI World Resources Institute Google

CBAS International Research Center of Big Data for Sustainable Development Goals

NGCC National Geomatics Center of China

UMD- Global Land Analysis and Discovery laboratory in the Department of Geographical Sciences at

GLAD the University of Maryland USA

GFW Global Forest Watch

JAXA Japan Aerospace Exploration Agency

NASA National Aeronautics and Space Administration
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