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Abstract

International demand for forest products is exerting increasing pressure on ecosystems, biodi-
versity, and carbon storage. In response, international regulatory frameworks are tightening,

with many now demanding precise declarations of timber origin. Implementing such regulations
will require robust methodologies for scientifically verifying claimed harvest locations of timber.
Advances in chemistry-based spatial tools have dramatically improved our capacity to identify
timber harvest location. Yet these tools incorporate few environmental constraints that determine
whether a location is ecologically viable or operationally feasible for commercial harvesting. We
explore how integrating open-access geospatial datasets of key environmental attributes—land
cover, topography, and tree cover fraction—can be harnessed to improve existing models. For 323
birch samples in a ~3.9 million km? study area in Eastern Europe, we found incorporating land-
cover restrictions can halve the harvestable range within the predicted harvest area without com-
promising the accuracy of predictions. Almost 80% of true harvest locations were correctly iden-
tified when removing all non-forest land cover from the predicted harvest area. However, impos-
ing high tree cover fraction thresholds substantially reduced correct predictions. These results
highlight the benefits of embedding more sophisticated ecological viability and harvest feasibil-
ity data into timber harvest location determination models for strengthening the evidentiary basis
for legality verification under emerging policy regimes. More broadly, they demonstrate the value
of widely available environmental datasets in advancing scientifically rigorous, transparent, and
enforceable methods for timber-traceability and regulatory oversight. As global deforestation con-
tinues to accelerate biodiversity loss and climate change, ensuring that timber-trade regulations are
scientifically enforceable is critical.

1. Intro

The international trade in forest products is facilitated by the harvest of 2 billion m® of timber annu-
ally (FAO 2024), with extraction exerting profound pressure on ecosystems, biodiversity, and carbon
storage. Market growth has also been accompanied by challenges in ensuring the legality and sustain-
ability of timber supply chains (Brancalion et al 2018, Wiedenhoeft et al 2019, ITTO 2024). Despite a
range of international legislation and trade sanctions seeking to curb deforestation and promote sustain-
able sourcing (e.g. the United States Lacey Act 2008 Amendment, European Union Timber Regulation
2010, European Union Deforestation Regulation 2023, Australian Illegal Logging Prohibition Act 2012), a
shocking quantity of illegal timber still makes its way into the market (INTERPOL Environmental Crime
Programme 2012, Kleinschmit et al 2016, Nellemann et al 2016, Alison et al 2022). In an effort to safe-
guard vulnerable forest ecosystems, laws increasingly require traceability and/or harvest location declara-
tions (European Union 2023). However, such claims are of limited value if they cannot be independently

© 2026 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Conceptual demonstration of the ‘harvestable range’ method. (_a) Wood samples with their associated geolocations
become (b) chemical reference data, which are used by Gaussian process models to generate (_c) a set of expected chemical val-
ues for every location in the study area. Previous studies have used only (d) the theoretical range of the focal genus to limit the
spatial extent of (e) the predicted harvest area, which is calculated from the likelihood of observing the chemical values from

a sample at a location. This study introduces additional auxiliary datasets—(f) topography, (g) land cover, and (h) tree cover
fraction—to (i) identify regions within predicted harvest areas that are suitable for commercial harvest.

verified. Evidence suggests that 20%-50% of traded timber and forest products are sold with fraudulent
claims (Wiedenhoeft et al 2019, World Forest ID 2025). The effectiveness of these regulations is therefore
fundamentally dependent on the availability of robust, science-based methods that can reliably determine
the location of timber harvest.

Chemical analysis has emerged as one of the most promising scientific approaches for determin-
ing timber harvest location (Watkinson et al 2022, Stulc et al 2024, Gori et al 2025), with recent studies
showing a combination of stable isotope ratio analysis (SIRA) and multi-element analysis (MEA) to be
highly effective (Mortier et al 2024, Aguzzoni et al 2025). Chemical classification models have demon-
strated the ability of these techniques to discriminate between fixed, distant regions (e.g. Boeschoten et al
2023, Aguzzoni et al 2025). However, this approach may oversimplify the problem by failing to account
for the continuous spatial gradients seen in stable isotope ratios and chemical elements (Mortier et al
2024). More recent studies have harnessed these spatial trends using Gaussian Process models, combin-
ing them with Bayesian frameworks to accurately predict timber harvest location within large continuous
landscapes (figure 1; Mortier et al 2024, Truszkowski ef al 2025).

To date, the effectiveness of the Bayesian approach to harvest location modelling has been inhib-
ited by the use of coarse geographic filters to limit potential harvest areas—notably a reliance on gen-
eralised species distribution maps. These maps represent the outer limits of a species’ geographical range,
often overestimating actual presence by encompassing extensive areas where the focal species does not
occur (e.g. urban areas). It is possible to derive more precise species ranges from global tree-occurrence
datasets. However this would require a substantial computational investment and data currently contains
large geographic gaps and regional biases, even for key commercial taxa (Serra-Diaz et al 2017). In con-
servation biology, the area of habitat (AOH) approach makes use of datasets pertaining to habitat suit-
ability and elevation to refine theoretical species distributions (Rondinini et al 2011, Ficetola et al 2015,
Brooks et al 2019). This approach consistently demonstrates that only a fraction of a species’ theoretical
distribution constitutes suitable habitat (Lumbierres et al 2022, Ficetola et al 2015), with predicted occur-
rence accuracy improving for 92% of species (Rondinini et al 2011). Given the large distributional ranges
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Table 1. Samples by country (Betula spp.).

Country No. of Reference samples
Belarus 35
Croatia 20
Estonia 50
Finland 30
Hungary 9
Latvia 56
Poland 20
Romania 22
Russia 34
Slovakia 21
Ukraine 60
TOTAL 357

of tree taxa and the particular effectiveness of the AOH approach for wide-ranging species (Lumbierres
et al 2022), applying AOH-like refinements to timber harvest location models presents an important
opportunity to improve the precision and realism of predictions.

In this study, we introduce the concept of ‘harvestable range’ as a means of generating more real-
istic predictions of timber harvest location by excluding areas that are either ecologically unsuitable or
not viable for commercial harvesting. We use high-resolution auxiliary datasets, such as global land
cover and digital elevation, to apply the harvestable range concept to the harvest origin predictions of
the Gaussian Process (GP) model developed by Mortier et al (2024). Focusing on birch (Betula spp.), a
genus of high economic importance in Eastern Europe (figure 1), we address two questions: (1) which
datasets have the greatest influence on harvestable range? (2) Can these datasets be used to refine timber
harvest area predictions by excluding areas that are unsuitable for commercial harvesting?

2. Methods

2.1. Reference samples

Our geo-referenced sample data consisted of 357 birch samples across 11 countries (table 1, figure 1),
including an additional 55 samples compared to Mortier et al (2024). All samples were collected in 2022,
with the exception of Russian samples which were obtained from a collection conducted in 2005 as the
region’s ongoing conflict prevented new sample collection. Each sample was measured for 23 chemical
values: six stable isotope ratios (see SI) and 14 elements using x-ray fluorescence spectroscopy (XEPOS,
SPECTRO analytical instruments; see SI). Full details of sample collection protocols and chemical analy-
sis techniques used are available in Mortier et al (2024).

2.2. Study area and geospatial model

The study region was defined by a 10 km resolution grid of regularly spaced locations covering the spa-
tial range of our sample data—spanning approximately 10° to 59° degrees longitude and 43° to 71°
degrees latitude. Locations >300 km from a reference sample or outside the maximum combined range
extent of Betula pendula and Betula pubescens (Caudullo et al) were excluded; leaving a total of 38 789
locations. All 357 reference samples were used to generate the study area and to train the GP regres-
sion models outlined below. We ran a sensitivity analysis using a 5 km resolution grid but the marginal
improvement in some results did not justify the significant increase in compute cost (see supplementary
information).

GP regression models were used to generate an expected value and uncertainty (variance) for each
chemical variable at every location in the study area. These models assume that measurements at nearby
locations are correlated and control how quickly values change with latitude and longitude. Further
details on the regression models can be found in the supplementary information and the full mathe-
matical breakdown is available in Mortier et al (2024).

The expected value maps were used to calculate the likelihood of observing the chemical values of a
test sample at every location within the study area. Chemical measurements were treated independently,
and Bayes’ theorem was used to convert the likelihoods into a map of posterior probabilities across the
study area. For each sample we calculate three metrics: (1) the ‘predicted harvest area” identified as the
smallest set of locations that contains 95% of the total probability mass; (2) whether the true harvest
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location falls within the predicted harvest area; and (3) the ‘Area Scored Higher than the true location’
(ASH), which calculates the total area that the model gives a higher likelihood than the true harvest
location of the sample (Truszkowski et al 2025). We performed 5-fold cross-validation and report results
as the median and interquartile range (IQR) over all samples from all cross-validation folds; with the
exception of whether the true harvest location falls within the predicted harvest area, which is reported
as the percentage of samples across all cross-validation folds. See supplementary information for further
details.

2.3. Harvestable range analysis

We identified areas that are unsuitable for commercial timber harvest using three key environmental
constraints (land cover, topography, and tree cover fraction) and evaluated their effect on model out-
puts. These constraints were chosen based on their ecological relevance for the focal genus (Betula) and
study area (Eastern Europe), and their influence on the practicality of timber extraction; socioeconomic
drivers of harvesting are beyond the scope of this study. Geospatial datasets were selected based on their
coverage of the study area, spatial resolution, temporality, and availability in Google Earth engine (GEE).
For each dataset, we used GEE to create binary exclusion masks with increasingly stringent thresholds.
Harvestable range was defined as the area within each study area location (10 x 10 km grid cell) that
remained after applying these masks.

The environmental constraints assessed in this study do not modify the Bayesian posterior probabil-
ities calculated by the GP model as the likelihood of a sample’s chemical composition matching a loca-
tion’s predicted chemical value is independent of the proportion of forest cover or other environmental
constraint in a given location (10 x 10 km grid cell). The environmental constraints are used to identify
the areas within the ‘chemically plausible’ set of locations where commercial timber harvest is ecologi-
cally viable and logistically feasible.

We explored the impact of applying each constraint threshold to model predictions in three ways: (1)
by calculating the harvestable range within the predicted harvest area (cells containing 95% of posterior
probability); (2) by examining if the true harvest locations are in the harvestable range remaining within
the predicted harvest area; and (3) by calculating the harvestable range within the ASH result (locations
that have a higher posterior probability than the true harvest location). These accuracy measures were
selected because they capture aspects of model performance that are impacted by applying exclusion
criteria: ASH quantifies the overall spatial precision of predictions, while the inclusion/exclusion of the
true harvest location assesses whether the model result remains operationally useful after constraints are
applied.

We excluded the 34 Russian samples collected in 2005 from the harvestable range analysis to avoid
introducing a confounding temporal effect when evaluating the performance of exclusion masks. The
samples were retained for Gaussian Process modelling, as their chemical measurements remain valid for
modelling spatial chemical patterns. Including time series analysis is beyond the scope of this study but
is a recommended next step for future research (see Discussion).

2.3.1. Land cover

For land cover we used the ESA WorldCover 2021 dataset (European Space Agency, 10 m resolution),
which offers a high-resolution, globally consistent land cover classification with an overall global accu-
racy of 76.7%. We derived binary exclusion masks for the ten non-forest land cover classes, and a com-
bined mask to exclude all non-forest land cover simultaneously. We evaluated each class individually to
assess which exerted the greatest influence on prediction outcomes. The ESA World Cover 2021 defini-
tion of tree cover is ‘any geographic area dominated by trees with a cover of 10% or more.” It includes
‘areas planted with trees for afforestation purposes and plantations’ and ‘tree covered areas seasonally or
permanently flooded with fresh water’ but excludes mangroves.

2.3.2. Topography

Topographic factors can influence both accessibility for harvest equipment and habitat suitability for for-
est growth. In this northern boreal-subarctic study area, elevation serves as a useful proxy constraint for
commercial feasibility as at higher altitudes both growth rates and mean tree height decline (Prévosto

et al 1999, Coomes and Allen 2007, Miyajima and Takahashi 2007), and access for commercial harvest-
ing equipment becomes increasingly limited in the absence of road infrastructure at these elevations.
However, we acknowledge that elevation is not a universal constraint for harvestable range—for exam-
ple, road networks may enable access to high-elevation sites, and at lower latitudes, warmer conditions
can shift productive growing ranges to higher elevations. Similarly, slope gradient affects the economic
viability, safety, and environmental performance of harvest operations, with operational limits ranging
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from 30% to 60% depending on machine type, with slopes over 50% requiring highly specialised equip-
ment (Visser and Stampfer 2015). We used the COPERNICUS GLO-30 digital elevation model (~30 m
resolution; Copernicus) to create elevation masks of >1400 m, >1600 m, >1800 m, and >2000 m. This
dataset has an absolute vertical accuracy of <4 m and an absolute horizontal accuracy of <6 m. The
GEE function ee.Terrain.slope() was used to derive slope gradient from the same dataset and slope masks
were created for >40°, >50°, >60°, and >70. These thresholds reflect the declining probability of har-
vestable Betula spp. stand occurrence and increasing inaccessibility at higher altitudes and on steeper
slopes.

2.3.3. Tree cover fraction

Using the COPERNICUS Land Cover (2019) tree-cover fraction band (100 m resolution, 80.3% thematic
accuracy) we exclude areas with <50%, <20%, <10%, and <5% forest cover as a measure of forest
occurrence and as a structural forest density proxy (where lower canopy cover correlates with reduced
commercial interest). Land-cover type is a strong indicator of whether forest occurs to sufficient extent
and density to support commercial harvesting.

2.4. Scalability

The approach described here is highly scalable. The GP model analysis took ~2 h, while calculating the
posterior probabilities took approximately 6 min. The Earth Engine calculations used to derive constraint
coverage per location required a combined compute time of ~520 Earth engine compute unit hours,

but with a parallel approach completed in approximately 19 real-world minutes. Importantly, these con-
straint layers only need to be generated once for a given study area and can then be reused indefinitely
for the analysis of individual sample results. Compute times will increase with larger study areas, but

the parallelised architecture and one-off nature of the constraint layer generation mean that the method
would remain practical for larger regions.

3. Results

3.1. Unrefined model results

The total study area comprised 38 789 locations for which harvest probability was predicted

(figure 4(b)). Each location covered an area of approximately 100 km?, with the total study area equat-
ing to 3.9 million km?. Predicted harvest area in the unrefined model (i.e. without applying the exclu-
sion criteria assessed in this study) ranged from 21 700 km? to 1.2 million km?, with a median predicted
area of 441 399 km? (IQR: 247 599-618 199)—11.3% of the total study area considered by the model.
The true harvest location of 83.6% of reference samples fell within their predicted harvest area. Across
all samples from all cross validation folds, median ASH was 55 300 km? (IQR: 10 150-228 699).

3.2. Extent of environmental constraints within the study area

Within the study area, 1.7 million km? (43.1%) of land was classified as non-forest (figure 4(c)), with
the three dominant land-cover types being cropland (0.6 million km?), grassland (0.6 million km?), and
water (0.2 million km?). The true harvest location of 335 (93.8%) samples were classified as forest. Areas
with a tree cover fraction less than 5% accounted for 16.1% (0.6 million km?) of the total land area,
increasing to 48.1% (1.9 million km?) when considering tree cover fraction <50%. High-elevation areas
were limited, with just 0.7% (0.03 million km?) of the landscape above 1400 m, the most stringent ele-
vation threshold applied in this study. Similarly, steep slopes exceeding 40% represented only 0.2% (0.01
million km?) of the total area.

3.3. Impact of environmental constraints on predicted harvest area

Land cover constraints substantially reduced the harvestable range within predicted harvest areas across
samples (figure 2(a)). Agricultural lands represented the largest single category, eliminating on average
26.8% (IQR: 10.5%-31.5%; median and IQR over all samples from all cross-validation folds, hereafter)
of harvestable range within predicted harvest areas (figure 2(a)). Grasslands were comparable, account-
ing for a median reduction in harvestable range of 18.2% (IQR: 16.4%—19.4%; figure 2(a)). Water bod-
ies, wetlands, and urban areas had smaller effects, with a median reduction of 2.6% (IQR: 1.0%-6.6%),
1.0% (IQR: 0.5%-2.2%), and 1.6% (IQR: 0.8%—2.2%) of harvestable range, respectively (figure 2(a)).
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Figure 2. Impact of environmental constraints at different thresholds on predicted harvest area. The percentage of land within
predicted harvest areas that is excluded when applying environmental constraints; relative to the unrefined model results. (a) The
impact of excluding individual land cover classes, and the combined effect of excluding all non-forest classes (ESA WorldCover
2022). ‘Other’ is a combination of all non-forest classes with <1% coverage in each prediction grid cell. (b) The impact of ele-

vation and slope at different maximum exclusion thresholds, derive

d from the COPERNICUS GLO-30digital elevation model

(Copernicus). (c) Impact of minimum tree cover fraction (COPERNICUS Land Cover, 2019). Boxes extend from the first to

third quartile, with a median line. Whiskers extend to the farthest d
box.

ata point lying within 1.5x the inter-quartile range from the

The influence of other land cover types (shrubland, bare ground, snow, mangrove, lichen) was negligi-

ble, with a median combined reduction in harvestable

range of 0.2% (IQR: 0.1%-0.4%) (figure 2(a)).

Removing all non-forest land cover simultaneously resulted in a median reduction in the harvestable
range within predicted harvest areas of 51.0% (IQR: 42.6%-55.2%; figure 2(a)). Excluding regions with
a tree cover fraction of <5% reduced harvestable range within predicted harvest area by on average
19.4% (IQR: 10.1%-23.4%), increasing to 31.1% (IQR: 15.9%-36.5%) for <10% tree cover fraction,
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Table 2. Impact of environmental constraints on predicted harvest area.

Harvestable range* within

True harvest locations predicted harvest area; median Harvestable range® within area
Environmental Constraint within harvestable range® (IQR) scored higher; median (IQR)
Unrefined model 270 (83.6%) 0.44 million km? (0.25-0.62) 55 300 km? (10 150228 699)
Non-forest cover 259 (80.2%) 0.21 million km? (0.13-0.31) 24 972 km? (4793-113 738)
Slope >40% 270 (83.6%) 0.44 million km? (0.25-0.62) 55 300 km? (10 150-228 699)
Elevation >1400 m 270 (83.6%) 0.44 million km? (0.25-0.61) 55 100 km? (10 150-228 699)
Tree cover <50% 233 (72.1%) 0.18 million km? (0.11-0.25) 25 435 km? (4832-98 887)

2 For the unrefined model, harvestable range is the entire cell area. For the exclusion masks it is the area of a cell remaining after the
mask has been applied.

and 59.2% (IQR: 44.9%—63.6%) for <50% tree cover fraction (figure 2(c)). Even the most stringent
topographic exclusions had limited impact on the harvestable range within predicted harvest areas with
median reductions of 0.3% (IQR: 0.0%-1.6%) for elevations of >1400 m) and 0.2% (IQR: 0.0%-0.4%)
for slopes >40% (figure 2(b)).

When excluding all non-forest land cover, the median reduction in the harvestable range within ASH
was to 24 972 km2 (4793 km2-113 738 km?), an average reduction of 50.7% (IQR: 44.4%-59.5%) rel-
ative to the unrefined model (figures 3(a) and (b)), and 259 (80.2%; percentage of samples across all
cross validation folds) true harvest locations were correctly identified by the harvestable range within the
predicted harvest areas (table 2). For the 12 samples located outside the forest mask, the median distance
to the nearest forested pixel was just 20.7 m (IQR: 8.3 m—67.9 m). When applying the most stringent
tree cover fraction criteria (excluding <50%) the harvestable range within ASH results saw a greater
median reduction relative to the baseline model—54.9% (IQR: 43.1%—63.2%; figures 3(e) and (f)).
However, just 72.1% of true harvest locations were correctly identified (table 2). At the most lenient tree
cover fraction threshold (<5% excluded), 99.1% of samples were correctly identified (table 2). Of the
323 total samples, 3 (0.8%) were situated in areas with a tree cover fraction of <5%, 4 (1.1%) <10%,
10 (2.8%) <20%, and 43 (13.3%) <50% (table 2). Elevation and slope produced negligible changes,
with median reduction in the harvestable range within ASH results of <0.01% even at the most strin-
gent thresholds (>1400 m and >40% slope; figures 3(c) and (d)). Topography constraints had no
impact on correct predictions as all true harvest locations were less than 1400 m elevation (max:

1137 m) and on less than 40% slope (max: 28%; table 2).

4. Discussion

Building upon frameworks developed for Eastern Europe (Mortier et al 2024), we present the first assess-
ment of how geospatial datasets can be used to refine the results of spatially explicit timber harvest loca-
tion models. We show that accounting for land cover classification reduces the total harvestable range
within the study area by 43.1% (1.67 million km?; figure 2), while increasing prediction accuracy by an
average of 50.7% (reduction of harvestable range within ASH; figure 3). These findings demonstrate the
importance of integrating auxiliary datasets to enhance the spatial specificity and reliability of predicted
harvest results. In the following discussion, we outline how this approach contributes to recent method-
ological advances, the logical next steps for future model development, and the broader implications for
policies designed to combat deforestation and the illegal timber trade.

4.1. Contributions to chemical tracing methodology

Recently developed spatial models incorporating geochemical variation across landscapes (e.g. Mortier

et al 2024) represent a major advance over classification approaches (e.g. Boeschoten et al 2023) which—
although effective for discriminating between discrete populations—are of limited use for determining
harvest location across extended landscapes. Spatial models offer a more powerful approach for three
key reasons. First, they provide a more transparent representation of provenance uncertainty by enabling
probabilistic inference across continuous spatial grids, rather than between arbitrary political units where
‘national’ values have been extrapolated from geographically limited data. Second, they facilitate inter-
polation into inaccessible areas, such as conflict zones, allowing predictions to be made for unsampled
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impact of excluding individual land cover classes, and the combined effect of excluding all non-forest classes (ESA WorldCover
2022).°Other’ is a combination of all non-forest classes with <1% coverage in each prediction grid cell. (b) The impact of
elevation and slope at different maximum exclusion thresholds, derived from the COPERNICUS GLO-30 digital elevation
model (Copernicus). (c) Impact of minimum percentage tree cover thresholds, using the tree-cover fraction band from the
COPERNICUS Land Cover dataset (2019). Boxes extend from the first to third quartile, with a median line. Whiskers extend

to the farthest data point lying within 1.5x the inter-quartile range from the box.

regions. Limiting inference to areas within a confidence radius ensures that results remain fully sup-
ported by empirical data. Finally, the high-resolution probability surfaces of spatial models can be com-
bined with auxiliary datasets to generate more ecologically and operationally meaningful predictions of
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harvest location—as demonstrated by the51% median reduction in harvestable range within predicted
harvest areas observed in this study (figure 2).

Spatial models for determining timber harvest location have previously defined the maximum extent
of harvestable range using generalised distributions that represent the geographic extremes of a genus
range (Mortier et al 2024, Truszkowski et al 2025). This is problematic when predicting harvest location
as the model may return areas that are chemically plausible but in actuality contain no commercially
harvestable forest. This risks undermining the utility of spatial models for enforcing regulations by over-
stating the possible harvest area. The harvestable range approach developed here combats this by using
a variety of environmental filters to delineate regions within predicted harvest areas where commercial
timber extraction is both ecologically viable and logistically feasible. We found that this approach can
substantially reduce the land considered harvestable within the predicted harvest area without compro-
mising model accuracy (figure 3).

Land cover emerged as the most effective means of constraining harvestable range within predicted
harvest area (figure 2). Excluding non-forest land cover halved the harvestable range within predicted
harvest area (median 51%; figure 2), while still correctly identifying 80% of true harvest locations. More
than 96% of true harvest locations were within the forest cover mask, and the 12 samples that were not,
were less than 120 m from a pixel classified as forest (median, IQR: 20.7 m, 8.3 m—67.9 m). This close
proximity suggests that the majority of omissions were due to a combination of sample collection at
forest edges and habitat transition-zone misclassification in the land cover dataset—a common issue in
remote sensing—based land cover classification (e.g. Xu et al 2024). In future, this could be mitigated by
applying a small buffer to the forest mask, although this would be computationally expensive for large
study areas such as this. Tree cover fraction showed similar improvements in ASH and predicted har-
vest area at the highest threshold (>50% tree cover fraction) but led to a decrease in the number of true
harvest locations being retained (72%), illustrating the importance of selecting datasets and restriction
thresholds that are appropriate for the focal genus.

4.2, Limitations and future research

We have presented a readily implementable advance in spatial modelling of timber harvest location and
demonstrate the tangible improvements in reducing the harvestable range within predicted harvest area.
Nonetheless, four important limitations remain which offer valuable direction for future research.

First, the land cover datasets used in this study represent a static snapshot in time, which, although
temporally appropriate for the samples analysed here, may not reflect forest conditions at the time of
harvest in other instances. Ensuring appropriate data selection for the specific scenario being addressed
is therefore critical. It should also be noted that single-year data layers may misclassify areas undergoing
forestry practices such as rotational clear-cutting (Alonso et al 2023). A next step for this approach is to
integrate time series data and real-time deforestation alerts (e.g. Global Forest Watch; Hansen et al 2013)
to facilitate highlighting locations showing evidence of harvesting activity within the typical harvest-to-
market timeframe of the focal genus (Pithon et al 2012, Popkin 2016). Given regulations often require
a declaration of harvest date (e.g. EUDR), this would offer an important advance for supply chain due
diligence.

Second, topography was found to have negligible impact on harvestable range within predicted har-
vest area, as steep and high-altitude terrain represents just 0.2% and 0.7% of the study area, respec-
tively (figure 2). However, in more mountainous regions, such as the Andes or Himalayas, it may
have a much greater impact and thus should not be ruled out in future applications of this method-
ology. Furthermore, high elevations and steep terrain are known to function as ecological barriers and
may exert similar influences on geochemical gradients (Chen et al 2024), potentially leading to larger
differences in chemical composition across shorter straight-line distances than would otherwise be
expected. Future research should explore whether incorporating topography when interpolating chemi-
cal gradients—rather than applying it post-hoc as a spatial filter—could enhance the representation of
natural discontinuities and improve the predictive accuracy of harvest location models, particularly in
mountainous regions.

Third, incorporating risk indicators, such as the emergence of new logging roads, accessibility,
and patterns of land-use change (Di Lallo et al 2017, Berenguer et al 2021, Engert et al 2025), would
allow models to weight areas according to their relative likelihood of recent or ongoing harvest activ-
ity. Embedding these indicators within a dynamic modelling architecture—capable of ingesting contin-
ually updated datasets on forest disturbance and infrastructure—would enable provenance assessments



10P Publishing

Environ. Res. Commun. 8 (2026) 065048 C C Smith et al

to evolve alongside the landscapes they represent. While introducing such a component would pose a
substantial methodological challenge, it would constitute a major advance. Dynamic, risk-informed mod-
elling frameworks would also provide a foundation for proactive monitoring of high-risk regions, align-
ing with recent calls to integrate spatial risk assessment into deforestation-free supply chain monitor-
ing (Franca et al 2025). Ultimately, this integration would align traceability science more closely with
the operational realities of timber governance, trade monitoring, and the practical requirements of due
diligence.

Finally, modelling frameworks need to be extended to other key timber-producing regions. This
study focuses on Eastern Europe because it is one of the few regions where robust, spatially explicit geo-
chemical prediction models currently exist. While the methodological concept developed here could be
applied to any forestry region, the specific constraints analysed in this study may transfer most directly
to temperate and boreal forests where species compositions, growing conditions, and commercial har-
vest constraints are most similar. For example, adapting the method for North America would pri-
marily require the selection of regionally appropriate datasets. However, the tropics, where deforesta-
tion pressures and illegal logging risks are most acute (Smith ef al 2021, Santoro et al 2025), are likely
to demand substantially different considerations. For example, the vast and continuous tracts of forest
in the Amazon present very different accessibility constraints compared to Europe’s fragmented forest
landscapes (Senf and Seidl 2021, Ma et al 2023). Proximity to access routes such as roads and rivers is
already being used to predict deforestation risk (Engert ef al 2025), which suggests they could also serve
as powerful predictors of harvestable range. Ecological and operational contexts also differ in subtler
ways: elevation constraints, for example, may operate in the opposite direction at lower latitudes, where
warmer, drier conditions push growing ranges into higher elevations, potentially requiring minimum
elevation thresholds in addition to upper limits. Other landscapes may also benefit from the inclusion
of additional datasets not considered here, such as tree height or biomass to further define which trees
are actually harvestable. Developing new regional models will require careful selection and calibration of
the datasets used to refine predicted harvest area, to ensure they accurately capture the realities of the
sourcing landscape.

4.3. Implications for policy and regulatory compliance

Our findings demonstrate that spatial harvest location determination model predictions can be imme-
diately and substantially improved through the inclusion of just a single auxiliary dataset: land-cover
(figure 4). This simple refinement could greatly increase the plausibility of predicted harvest areas and
strengthen the evidentiary reliability of harvest location assessments for timber legality verification.
Compliance analysis often focuses on verifying whether declared harvest sites meet regulatory require-
ments (e.g. were deforested prior to a cut-off date). Yet such verification has limited evidentiary value if
the claimed location itself cannot be substantiated. A more robust compliance framework could be built
which integrates complementary lines of evidence, first verifying that the claimed harvest location is both
chemically plausible and logistically feasible using the geochemical modelling approach refined in this
study, then assessing if the location is legally permissible using temporal deforestation monitoring. This
sequential logic from chemical plausibility, to logistical feasibility, to legal verification would create a
coherent and testable chain of evidence linking a physical sample to its claimed source. Integrating these
components within a single analytical framework would offer a more rigorous and transparent basis for
due diligence, aligning with recent analyses that emphasise the need to connect harvest location determi-
nation directly with deforestation assessment to achieve meaningful traceability outcomes.

4.4. Conclusions

Reliable verification of timber harvest location is fundamental in enforcing sustainability and legality
requirements in global trade. Where harvest area predictions are inaccurate or uncertain, there is a risk
that illegally-harvested timber may enter supply chains undetected, undermining regulatory systems and
certification schemes. By integrating ‘harvestable range’, our approach delivers more precise and defensi-
ble harvest area predictions, with direct implications for the implementation of timber regulations. With
the necessary land-cover data and computational tools already available, this method could be readily
implemented at scale to help address a key barrier to policy enforcement. As global deforestation con-
tinues to drive climate change and biodiversity loss, ensuring that these regulations are enforceable is
critical. The rollout of deforestation-free trade policies may have been slowed by technical challenges, but
the science for validating harvest origin is ready.
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Figure 4. Spatial modelling workflow and example of prediction refinement. (a) Ground-truthed sample locations (black points)
and the generalised genus distribution map for Betula (see Mortier et al 2024). (b) Study area consisting of 38 789, 10 x 10 km
grid cells representing potential harvest locations. (c) Area classified as tree cover (dark blue) within the study area (light blue).
The red box indicates the region shown in (d). (d) An example of the harvestable range within a predicted harvest area (dark
blue), the area within the predicted harvest area that is excluded by the non-tree-cover mask (light blue), and the true harvest
location (black marker). Sample locations are obfuscated for collector and landowner safety. Tree cover is classified by the 10 m
resolution ESA WorldCover 2021 dataset, displayed here resampled to 1 km resolution; analysis was conducted at full resolution.
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