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ABSTRACT

Losses and gains in canopy cover of the world’s tree canopies affect carbon stocks, species habitats,
water cycles, and human livelihoods. Consistent and multi-decadal global data on tree-canopy cover
dynamics are needed for modelling climate scenarios, tracking progress towards restoration targets, and
diverse other research, management and policy applications. However, most data only map binary
‘forest’/‘non forest’ distinctions that are regionally restricted or biassed by data gaps, and those mapping
tree-canopy cover are limited to the 21st century, leaving longer-term dynamic in tree-canopy cover
largely unknown. Here, we present an annual and global time-series of tree-canopy cover between 1992
and 2018. To develop these data, we integrated complementary products, using their respective
strengths to compensate for weaknesses, and exploiting path dependencies in change processes to derive
predictions into the data-sparse 1990s. Our model validation indicates we can accurately map ftree-
canopy cover (r>=0.95 [+0.01], RMSE=6.75% [+0.08], F1-score=0.97 [< £0.01]) and our time-series
show plausible broad-scale spatiotemporal patterns, as indicated by high correlations with national
statistics (r’=0.94 [< £0.01]). Our analysis of these data revealed systematic global losses in tree-canopy
cover that, area-wise, substantially exceed concurrent losses or gains of treescape extents. Our analysis

and data provide novel insights into global dynamics of tree cover, and can support modelling and
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reporting in the scope of the Kunming-Montréal Global Biodiversity Framework, the Paris Agreement,

and other forest-related policies.

INTRODUCTION

Global dynamics in tree-canopy cover, resulting from changes in the densities, extents, and
fragmentation of tree stands, have diverse impacts on Earth’s biota and earth-system processes.
Thinning tree canopies affect biogeochemical cycles directly by reducing carbon stores (Baul et al.,
2021; L. Xuetal., 2018), and indirectly by increasing tree exposure to wind and solar radiation, thereby
increasing their susceptibility to drying, fire, and subsequent carbon losses (Walker et al., 2019). Tree-
canopy cover dynamics also affect biodiversity by altering resources available to different species (e.g.,
shelter, food) and the microclimatic conditions to which they are exposed (KaSpar et al., 2021).
Simultaneously, tree-canopy cover changes variously affect humans via effects on surface-water run-
off (Selbig et al., 2022), soil erosion (Mohammad and Adam, 2010), crop pollination (Krishnan et al.,
2020), urban heat islands (Schwaab et al., 2021), mental health (Lee et al., 2023), and real estate values
(Kovacs et al., 2022).

Correspondingly, consistent historical data on the spatiotemporal dynamics of tree-canopy cover are
needed to inform actions towards multiple goals and targets under the 2030 Agenda for Sustainable
Development (Estoque et al., 2021) For example, long time-series of tree-canopy cover can support
climate policy by enabling the modelling of future scenarios (Allen et al., 2017) and definitions of
Nationally Determined Contributions to the Paris Agreement (UNFCCC, 2015). Similarly, long time-
series help assess changes in forests and other wooded ecosystems since 1990, which is a globally
adopted reference year for cutting greenhouse gas emissions (Kuyper et al., 2018).

Thanks to technical advances and capacity-building investments over recent decades, remote sensing
increasingly offers cost-effective solutions to support spatiotemporal data requirements on key
properties of global woodlands (Cameron et al., 2019), including on tree-canopy cover. Yet, existing
global data on long-term tree-canopy cover dynamics are available only at coarse spatial resolutions

(Song et al., 2018), with intermediate- and high-resolution products limited to post-2000 and post-2015
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periods, respectively, or single years before then (Dimiceli et al., 2015; Sexton et al., 2013, Hansen et
al., 2013; Tang et al., 2019).

In turn, global remote sensing products extending to earlier years map binary forest/non-forest
distinctions. Those products rely on “forest” definitions based on thresholds of tree-canopy cover (e.g.,
between 10 and 70 percent, alongside other criteria; (Chazdon et al., 2016)), which hinders the
comparability of change reports enabled by different products. Moreover, there are risks of
misinterpreting change magnitudes when using categorical products to analyse forest changes, which
are often slow and progressive, as any change detection depends on crossing a specific threshold in
either direction (Montibeller et al., 2020).

Deriving a global and dense time-series of tree-canopy cover requires surpassing satellite data
limitations. For half a century, Landsat became a popular data source for historical forest-mapping
thanks to its global coverage and high spatial and temporal resolution (Hansen et al., 2013; Kim et al.,
2014; Vancutsem et al., 2021). However, the Landsat archive suffers from multi-year data gaps that
limit consistent, global environmental monitoring (Remelgado et al., 2023). Consequently, existing
products extending into the 1990s (all of which, to the best of our knowledge, tackle forest cover and
not tree-canopy cover) are incomplete (Kim et al., 2014), focused on specific countries (Cohen et al.,
2010; Lehmann et al., 2015; MapBiomas, 2021; Stibig et al., 2014; Wulder et al., 2020) or biomes
(Vancutsem et al., 2021), or provide biassed perceptions of change due to gradual improvements in
satellite data coverages (Remelgado et al., 2023). Alternatively, to Landsat, AVHRR data offers a
mostly consistent temporal and spatial coverage since the 1980s that enabled mapping long-term tree-
cover changes (Song et al., 2018). Yet, its 5-km spatial resolution is too coarse to monitor forest changes
reliably, given that those commonly occur at finer scales (Montibeller et al., 2020).

Predictive models that integrate heterogeneous data with support of covariates provide a unique
opportunity to tackle these data limitations. Such models can capitalise on the ability of different
remote-sensor systems and mapping algorithms to perceive different facets of forest dynamics (Wang
et al., 2020). Model-based data integration can borrow information across spatial and temporal scales,
building on the facts that local forest dynamics are characterised by path-dependent processes

(Montibeller et al., 2020; Taubert et al., 2018), and that change dynamics are influenced by cross-scale
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interactions (Soranno et al., 2014, Fig. 1). For example, although gaps in satellite imagery hamper direct
fine-scale mapping of forest-change processes pre-2000, data for later years may still bear signals of
earlier dynamics, and thus help reveal longer-term changes. Similarly, consistent coarser-resolution
observations over longer periods capturing historical changes across larger landscapes may help
determine the timing, direction, and magnitude of fine-scale changes. Yet, the potential of model-based
data integration for global time-series mapping remains underutilised. Correspondingly, global, long-
term dynamics of tree-canopy cover at sub-kilometre resolutions remain largely unknown.

Here, we leveraged these concepts by integrating state-of-the-art and high-resolution gridded data
on tree-canopy cover and tree-cover losses (Hansen et al., 2013) with that on tree-canopy cover change
- and drivers of that change - mapped at coarser spatial resolutions. The result is the Global Tree-Canopy
Cover Change dataset (GTCCC), a global time-series of tree-canopy cover and change between 1992
and 2018 mapped annually at a 300-m resolution. We use this synthesis product to analyse longer-term
historical dynamics of tree-canopy cover, providing novel insights into their timing and speed, as well

as into the magnitude, direction, and generality of net chances.

MATERIALS AND METHODS

Overview of modelling strategy

We mapped global tree-canopy cover using a machine-learning framework (Fig. 1) that exploits the
fact that trajectories of forest persistence and change are commonly path-dependent (Montibeller et al.,
2020; Taubert et al., 2018). This allows us to predict tree-canopy cover in the 1990s when high-
resolution data is lacking, and consistently thereafter.

Our modelling framework uses higher-resolution data on tree-canopy cover as both a source of
samples and as a predictor. These data inform on the outcome of long-term tree-canopy cover changes
in a future reference year (T), and are obtained from a dataset available only since the year 2000 (see
Fine-scale tree-canopy cover). For each mapping year (t), which span from 1992 to 2018, we instead
used coarser-resolution data on environmental drivers of tree-canopy cover change (Table 1 of SI).

This includes data on land-cover (see Land cover), vegetation continuous fields (see Coarse-
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resolution vegetation dynamics), human settlements and political boundaries (see Human factors),
and climate and topography (see Environmental drivers of tree growth).

Furthermore, our modelling framework explicitly accounts for change dynamics. For this, we
included data on the direction and magnitude of changes between years t and T (see Coarse-resolution
vegetation dynamics), as well as data on fine-scale tree-canopy cover gains and losses by between
2000 and 2019 (the period for which our reference data is available, see Fine-scale tree-canopy cover).
In addition, we included a dummy variable on the number of years between the years t and T to control
for fixed temporal effects and temporal path-dependencies.

Finally, our modelling framework includes data on the (dis)agreement between inputs that measure
(or are sensitive to) tree-canopy cover (see Cross-scale perceptions of tree-canopy cover). This to
synthesise perceptions of tree-canopy cover, allowing us to exploit the strengths and weaknesses of

individual data products.

Spatial

Auxiliary variables resolution

Information flow across spatial resolutions
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Figure 1 — Conceptual overview of our modelling framework. The model aims to reconstruct historical dynamics of
continuous tree-canopy cover at 300-m resolution. To capture signals of the true change trajectories (e.g., the iconized
example), the model integrates high-resolution, but temporally incomplete data on tree-canopy cover with coarser-resolution
data on categorical land cover, continuous canopy cover dynamics, night-lights, and auxiliary data (topography, climate,
political boundaries). The model learns about interactions among variables across spatial grains, spatiotemporally varying
strengths and weaknesses of coarser-grain products, and temporal path-dependencies of fine-grain change processes captured

only in later years, and uses the learned information for its annual predictions.
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Modelling framework

We modelled tree-canopy cover with Random Forest Regression (RFReg, Breiman, 2001) as
implemented in Python’s Scikit-learn module (Pedregosa et al., 2011). The algorithm constructs
multiple decision trees (i.e., a “forest”), each of which with its own decision path to the tree-canopy
cover values reported in the training data. When applying the RFReg model to each pixel in a regular
spatial grid, and in each prediction year, the different decision trees estimate a tree-canopy cover value,
and the estimates of all trees are averaged into a final prediction.

We trained our model with 180 trees (hereafter referred to as “forest size”). To determine this
number, for each of 10 runs, we extracted a random subset of 10,000 samples to test how forest sizes
between 40 and 500 trees, in intervals of 20, led to gains in model performance (Fig. 1a of SI). At each
iteration, we built a RFReg model and recorded its Out-Of-Bag (OOB) score, which corresponds to the
coefficient of determination (r*) between the in-bag and out-of-bag samples. After all iterations, we
calculated the mean OOB value at each forest size, and used Python’s Kneed module (Satopaa et al.,
2011) to find the start of a plateau in performances where increases in forest sizes did not improve
accuracies noticeably (i.e., the ‘knee’ of the distribution).

Prediction uncertainties

We estimated the 95% Confidence Intervals (CI) across the predictions of all decision trees for each
pixel and year combination. This was calculated as 196*SE, where the Standard Error (SE) is calculated
as the standard deviation of the predictions, divided by the square root of the forest size. We used the
CI to derive upper and lower confidence bounds around the average estimate for each pixel and year.
We used these bounds to associate our subsequent assessments with uncertainty bounds (see Change

analysis and Comparison with national statistics).

Sampling

We informed our model with samples from a high-resolution dataset that offers the most reliable
global reference on tree-canopy cover (see Fine-scale tree-canopy cover). We sampled on a country-
by-country basis, thereby accounting for likely differences in forest-management regimes across

political boundaries (Herrera et al., 2019). Here, we treated any non-contiguous land masses of a given
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country separately, resulting in 114,020 sampling units. For example, we treated the conterminous USA
as a single unit, and addressed Alaska and each Hawaiian island separately, therefore ensuring sampling
across unique environmental/management contexts.

For each country (referred hereafter as a ‘region of interest’, or roi), we stratified our sampling based
on land-cover. Doing so ensured the collection of samples from every category, tackling the inability
of RFReg to predict out-of-sample. In a given roi, the number of samples per class was estimated as

Nroi n(p; = €)/nc, Where n. is the total number of pixels of the target class, p; is the target pixel at position

j, and nwi is the total number of samples to be extracted within the roi. The value n..; was estimated as
being at least one sample per 150x150 pixels (i.e., 50-km?* at the equator). This value was determined
empirically as a compromise between model accuracy and computational intensity.

In a given roi, for each class ¢, we sampled half of the estimated n. randomly over pixels where our
reference data did not detect changes in tree-canopy cover between 2000 and 2018. We collected the
remaining half over pixels with changes, where we applied a skewness-adjusted random-sampling
approach. Here, we calculated the skewness of the change distribution. Then, we used the inverse of the
shape parameter to build a skewed sampling distribution to guide the random selection of samples. We
calculated the skewed distribution with NumPy’s skewnorm function (Harris et al., 2020).

This skewness-adjusted sampling tackles the potential rarity of changes at the upper and lower edges
of the change distribution. For example, in a roi where smaller changes are dominant, the distribution
will become left-skewed. Here, non-probabilistic random sampling would privilege smaller changes,
creating an imbalanced sample set. This would negatively impact RFReg by restricting its predictive
capabilities to a narrow range of outcomes.

Note that the sampling based on tree-canopy cover changes disregards pixels experiencing gains.
This is because gains are mapped in the reference dataset as a mask of occurrences between 2000 and
2012. Therefore, it is not possible to infer the true year of change. Nonetheless, our goal is to map year-
specific values of tree-canopy cover and not change percentages. This filtering merely controls for

sample quality, and does not limit our ability to predict gains thereafter.
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We collected 78,135 sampling locations (Fig. 1b of SI). At each location, we sampled tree-canopy
cover on an annual basis from 2000 to 2008, resulting in a training set of 625,080 samples, and
accordingly extracted all predictor variables. We then used these data to train a model predicting annual

tree-canopy cover densities (see Overview of modelling strategy).

Predictors

Fine-scale tree-canopy cover

For each year for which we mapped tree-canopy cover, our modelling framework uses a later
reference on that variable that informs on the outcome of long-term changes. Here, we constructed
annual layers on tree-canopy cover, from 2000 to 2019, using the Global Forest Change dataset (GFC,
version 1.8, Hansen et al., 2013). Specifically, we used 30-m data on tree-canopy cover mapped for
2000, and extended it annually by disaggregating associated data on the year of tree-canopy cover
losses. For each pixel and year combination, we preserved the tree-canopy cover value of year 2000
until the loss year, at which point we updated the baseline value to 0% following the definition of a loss
given by the authors. Then, we discarded pixels with < 10% tree-canopy cover due to reportedly high
likelihoods of false detections of sparse tree-cover with Landsat imagery (Achard et al., 2014). Finally,
we aggregated the annual layers via averaging to our target mapping resolution of 300-m.

In addition to data on tree-canopy cover changes, we accounted for changes in this variable at
different spatial scales to account for spatial contagions (Ferrer Velasco et al., 2020; Rosa et al., 2013).
Here, we derived two predictors. Firstly, we calculated the density of 30-m pixels nested within a 300-
m pixel that experienced a loss at any point during the 2000-2019 period. Secondly, we calculated the
average temporal distance of loss years relative to 2000. We produced both variables at our mapping
resolution of 300-m and, additionally, at a 5-km resolution with respect to the coarsest data used in this

study (see Coarse-resolution vegetation dynamics).

Coarse-resolution vegetation dynamics

We used AVHRR-based Vegetation Continuous Fields data (AVHRR-VCF, Song et al., 2018),

which map per-pixel percentages of tree cover (taller than 5 m), short vegetation, and non-vegetated
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surfaces between 1982 and 2016. Due to its relatively high global and temporal consistency, these data
allow us to describe regional vegetation dynamics, and provide our modelling framework with
information on temporal path-dependencies.

The AVHRR-VCF data end in 2016, and we could not extend them with the original methods due
to the degradation of AVHRR sensors (Dech et al., 2021). Instead, we extended these data with that of
the Copernicus land cover dataset (CLC, Buchhom et al., 2020), which maps per-pixel proportions of
9 land-cover classes between 2015 and 2019 at a 100-m resolution. To match these data to the lower
thematic and spatial resolution of the AVHRR-VCF data, we aggregated the CLC data by summing
proportions of land-cover classes into AVHRR-VCEF categories and averaged them to a 5-km resolution.
A description of the modelling framework and the corresponding outputs can be found in a dedicated

repository (https://doi.org/10.5281/zenodo.8217455).

We used the extended AVHRR-VCF time-series to derive predictor variables on percent changes.
For each pixel and year, we estimated changes in relation to the nearest future year with available GFC
data. For example, changes from 1992 onwards were calculated in comparison to the year 2000. In turn,

changes from the year 2000 were estimated in comparison to data from the year 2001.

Land cover

We integrated annual data on the dominant land cover in 300-m-resolution pixels (distinguishing 38
land-cover/use classes following the UN Land Cover Classification System; Table 2 of SI), as mapped
by the Climate Change Initiative Land Cover dataset (CCILC, Santoro et al., 2017).

Categorical land-cover data aids predictions of tree-canopy cover in several ways. First, the class
distinctions indicate whether or not tree-cover is perceived as the dominant land cover. Second, even if
land-cover classifications face persistent regional issues, they can still carry relevant signals that help a
model make more accurate predictions. This is because the spatial configurations of (correctly or
falsely) perceived tree-cover classes, and also those of other land-cover classes that are easily confused
with tree-cover (e.g., shrubland), often follow true gradients of either tree-canopy cover or of canopy-

cover-affecting environmental conditions or management regimes.
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Cross-scale perceptions of tree-canopy cover

We mapped tree-canopy cover at a 300-m resolution, but we lack such fine scale data throughout
our mapping period. To tackle this issue, we included several other datasets that either directly map or
are sensitive to this variable, and that provide consistent, annual information. Given these data result
from different modelling strategies, they show disagreements. Yet, these disagreements provide varying
perceptions that help complement the weaknesses of individual products.

We derived predictors on the differences in mapped tree-canopy cover densities between the CCILC,
AVHRR-VCF, and GFC datasets. We computed the percent differences of each combination of the
aforementioned datasets at a 5-km resolution, with respect for the lowest resolution dataset (i.e.,
AVHRR-VCF). For the comparison between the AVRR-VCF and CCILC datasets, we estimated annual
differences from 1992 and 2018. For the comparison of both AVHRR-VCF and CCILC with the GFC,
we estimated annual differences between 2000 and 2019. Because the CCILC dataset is categorical, we
translated land-cover classes into tree-canopy cover Following similar past experiments (Song et al.,
2014), we estimated that classes occupy the central percentage value of the range of possible values

indicated in their respective labels (Table 2 of SI).

Environmental drivers of tree growth

We integrated predictor variables to account for the driving influence of topography and climate on
global tree abundances (Crowther et al., 2015). Firstly, elevation drives spatial variation in forest
structure (Mazon et al., 2020), whereas slope influences both natural (e.g., landslides, Maraun et al.,
2022) and human drivers of tree-canopy cover changes (e.g., feasibility of industrial logging, FAO,
1998). Therefore, we obtained layers on elevation and slope from a 90-m-resolution digital elevation
model (Yamazaki et al., 2017), and averaged them to our 300-m mapping resolution. Secondly, tree-
growth is strongly determined by water availability and its seasonality (X. Xu et al., 2018). Therefore,
we derived data on the annual total precipitation (P) and Aridity Index (Al, Barrow, 1992) based on
monthly precipitation (P) and potential evapotranspiration (PET) data from the 1-km CHELSA dataset
(version 2.0, Karger et al., 2017). Whereas P indicates the presence and abundance of available water,

the Al, estimated for each year t as Y7, P,/ Y.f=, PET;, serves as a proxy for water seasonality and

10



260

261

262
263

264

265

266

267

268

269

270

271

272

273

274

275

276

277

278

279

280

281

282

283

284

285

286

Non-peer reviewed preprint submitted to EarthArXiv, and under consideration in Global Change Biology

scarcity. When the Al is 0, this indicates the absence of water, or its rapid evaporation due to high
temperatures. In turn, when the Al is high (generally above 1), precipitation is higher than PET,
indicating moist conditions. In addition, when a higher P contrasts with a low Al, precipitation may

contrast with seasonally high temperatures, such as in drylands.

Human factors

The presence and intensity of human activities drives forest changes (IPCC, 2022). To account for
these factors, we included annual 1-km-resolution data on night-time lights (NTL; Li et al., 2020).
Additionally, we accounted for the fact that forest-management regimes and related human drivers often
vary between countries (Herrera et al., 2019) by assigning unique country identifiers to each pixel
(based on the Global Administrative boundary dataset; GADM, UCB, 2012). This served as a fixed

spatial effect in our model.

Model quality assessment

We tested our model using spatial block cross-validation (Roberts et al., 2017). We iterated through
each level-1 administrative unit in the GADM dataset (i.e., district- or state-level), withholding the
corresponding samples to validate a model trained with the remainder. We then recorded the predictions
for the withheld sample locations to subsequently evaluate model performances. Through this process,
we evaluated our ability to predict tree-canopy cover in pixels beyond an area occupied by reference
data. We chose level-1 administrative units instead of countries for the block validation, because we
included a country-level fixed effect, and decision-tree algorithms cannot predict out-of-sample.

We compared the pooled predictions for all administrative units against the respective reference
values to derive the coefficient of determination (1?), the Root Mean Square Error (RMSE), and the F1-
score (Taha and Hanbury, 2015) The r* and the RMSE measure the quality of fit. The former shows
how well we capture spatial gradients in the reference data, whereas the latter quantifies the magnitude
of prediction errors. In turn, the F1-score evaluates the predicted presences and absences of tree-canopy
cover, controlling for high commission errors hidden by low prediction errors.

We mapped tree-canopy cover by exploring temporal path-dependencies in tree cover change. This

enabled us to reconstruct historical changes since 1992, although the earliest instance of our reference

11
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data on tree-canopy cover is available for the year 2000. To test our model’s reconstruction ability, we
evaluated our quality metrics separately for pixels that, according to the GFC dataset, experienced no
(0 ha), small (>0 - <1 ha), medium (1 - <4 ha), or large (= 4 ha) losses. We focused on losses because
gains as depicted in the GFC dataset are estimated as a mask, and provided solely for the 2000-2012
period. Despite this, it is important to reiterate that we do not predict changes in tree-canopy cover, but
rather year-specific percentages, changes in which are mostly driven by losses.

Additionally, we tested our model’s ability to predict tree-canopy cover with different numbers of
years separating the prediction year (t) and the future reference year (T). We anticipated that larger
temporal gaps would be easier to predict given our model exploits long-term change processes. To this
end, we tested the performance of our model for each year for the 2000-2007 period (8 years). This
emulates backward-predictions for the 1990s, when high-resolution reference data on forest dynamics
1s missing. Temporal gaps between mapping and reference years vary (from 1 year for 1999 predictions
with a 2000 reference to 8 years for 1992 predictions with a 2000 reference).

We ran our quality assessments for each region and continent distinguished by the United Nations
Food and Agriculture Organisation (FAO) when compiling Forest Resource Assessments (FRA’s), as

to inform on the potential value of our data product in supporting these assessments.

Comparison with national statistics

Forest Resource Assessments (FRAs) provide the most authoritative national-scale information on
forest extents across multiple decades. Because our data on tree-canopy cover dynamics may be viewed
as complementary to the assessment of forest extents, we compared them to FRAs to assess the
plausibility of the mapped national, regional, and global patterns.

Tree-canopy cover is conceptually distinct from forest cover as reported in FRAs, primarily because
the latter not only accounts for areas immediately covered by canopies, but also for open areas in
between trees. In addition, FRAs limit forest accountancy to tree stands > 5m tall that cover = 0.5-1.0
ha with a tree-canopy cover of > 10%, and excludes tree-covered lands under non-forest uses (e.g.,
agricultural tree plantations, corresponding to ~2.3% of the global tree cover in 2015; FAO, 2016). In

comparison, we based our model on data that aims to map tree occurrences with a height of > 5m, but

12
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at a higher spatial resolution (0.09 ha). This is likely to make our modelled outputs more sensitive to
the presence of trees compared to FRAs.

These conceptual differences prevent a direct comparison of mapped areas. Instead, we correlated
national forest areas from FRAs with those estimated from the combined area of pixels for which we
mapped some tree-canopy cover (describe tree covered landscapes, hereafter “treescapes™). The
comparison between these variables follows the premise that, despite conceptual differences, treescape
and forest extents should show similar cross-country variations.

We made comparisons against national forest-area statistics available for 1990, 2000, 2010, 2015,
and 2020, and estimated their correlation (r*) against national treescapes calculated from our product
for the nearest mapping years (i.e., 1992, 2000, 2010, 2015, and 2018). In addition, we compared the
FRA of 2000 to treescapes derived from GFC’s data. This assessment informed on our ability to
generate regional predictions of a comparable quality to the GFC, which was derived with optical
remote sensing data, and is therefore informed by visual evidence of tree occurrences.

We correlated national treescape areas with national accountings of forest areas using weighted least-
squares regression. The weights are country-specific and based on the reliability of FRA data based on
national remote-sensing and forest-inventory capabilities (Nesha et al., 2021). Although monitoring
capabilities are graded on individual FRA vyears, we used a static weight because grades were only
available since 2005. For each country and FRA year, we calculated the minimum value across FRA
years, preventing countries with evolving capabilities to bias earlier FRA comparisons.

We used our correlation analysis across multiple FRA years to evaluate the stability of our
predictions. Yet, not every country contributed to FRAs in every assessment year, and the data for some
countries may be unreliable due to poor monitoring capabilities in some years. Therefore, we excluded
two countries without data in every target year, 93 with weights of 0 (i.e., very poor-quality reports),
and eleven where the GFC reported no forest cover despite contrary indications in the FRAs due to a
lack of usable Landsat acquisitions. Overall, we included 132 out of 238 territories (28/48 in Asia, 33/56
in the Americas, 40/59 in Africa, 23/50 in Europe, 8/24 in Oceania).

From the remaining data pool, treescapes are unequally distributed across countries. In particular,

countries with advanced monitoring capabilities and large forest extents (e.g., Brazil) received higher
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weights, and thus had a stronger influence over the direction of the regression line. This results in
relatively low residuals that inflate correlations. To tackle this issue, we log-transformed both forest-
areas and treescape extents prior to the correlation analysis to give a ‘bigger voice’ to countries with

relatively small forest extents.

Change analysis

Tree-canopy cover influences multiple goals and targets of the 2030 Agenda for Sustainable
Development (Estoque et al., 2021). Consequently, knowledge on historical patterns and directions of
change is essential to refine post-2020 political action. Following this premise, we explored our data
product to provide insights into long-term patterns of change in tree-canopy cover.

To achieve this, we first applied the Mann-Kendall test to the 1992-2018 time-series of each pixel
to categorise significant negative and positive slopes as “losses” or “gains”, respectively. We defined a
trend as “significant” if the p-value reported by the Mann-Kendall test was < 0.005, following recent
recommendations for such assessments (Ioannidis, 2018). Then, for each trend category, we derived
statistics within each combination of continent and forested biomes distinguished by the FAO (i.e.,
‘boreal’, ‘temperate’, ‘tropical dry’, and ‘tropical moist’).

For each change category, biome, and continent, (Fig. 4a-d), we summed the area of the
corresponding pixels to inform on the extent of the affected area (hereafter referred to as ‘treescape
extent’, Fig. 4b-c). Then, for the pixels accounted for in each change category, we calculated the
difference in tree-canopy cover between the first and last years of our time-series, informing on the
change in the openness of the canopies (Fig. 4e-f). Whereas the first metric informs on the spatial

dispersal of change dynamics, the second informs on the magnitude of those changes.

RESULTS

Quality assessment
Focusing on stable pixels (i.e., those not experiencing losses in tree-canopy cover), performances

were higher across temporal gap sizes between the reference and target years. Within this group, r?,
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RMSE, and Fl-score values were, respectively, 0.99 (< £0.01), 0.06 ha (+0.01) and 0.98 (+£0.05) for
gap sizes of 8 years, and 0.98 (<+0.01), 0.16 (+0.03), and 0.95 (< +0.01) for gap sizes of 1 year.

For changing pixels, correlations between predicted and reference values varied between 0.83
(+0.01) for temporal gaps of 1 year, and 0.93 (< +0.01) for gaps of 8 years. When disaggregating these
values per change-size class, we recorded a correlation of 0.98 (£0.01) for small to mid-sized changes
with both 1 and 8 gap years, which for large changes dropped to 0.89 (x0.01) for a gap size of 8 years,
and 0.73 (x0.01) for a gap size of 1 year. Similarly, RMSE values across small and mid-sized changes
were lower for gap sizes of 8 years (0.40 ha, £0.01) compared to gap sizes of 1 year (0.59, £0.01), and
differences increased for large changes (3.26 ha [+0.31] for | year, and 1.32 ha [+£0.15] for 8 years). In
contrast, F1-scores were persistent across gap sizes and change magnitudes (0.99 [+0.01]), suggesting
our ability to correctly perceive presences and absences of tree cover.

When comparing our predicted treescape extents against national forest extents reported by FRAs,
we recorded an r* of 0.94 in every assessment year (+0.00, Fig. 3a-b, see Fig. 4 of SI for plotted
uncertainties). Moreover, the GTCCC-FRA correlation for the year 2000 was as strong as the GFC-

FRA correlation, both globally (Fig. 3¢) and regionally (Table 3 of SI).
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Figure 2 — Model quality. RMSE of predicted tree-canopy cover for different time intervals between the focal mapping year
and the nearest year with reference data (shown in the header of each block), and for different continents, biomes, and tree-

canopy cover change sizes. The uncertainties surrounding the values in this plot are displayed by Fig. 3 of SI.
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Figure 3 — Alignment of global patterns of treescape extents with FRA data on forest extents. a) Cross-country
correlations of national extents of treescapes derived from the GTCCC with forest extents reported in FRA statistics for each
reporting year (see Fig. 4 of SI for plots on upper/lower confidence bounds). The colour of points distinguishes geographical
regions (b); countries shown in white were excluded from this comparison due to filtering. Correlations were weighted by the
quality of national reporting capabilities, which are indicated in b) by varying levels of transparency. Solid colours indicate
high quality data. ¢) As in a), but comparing FRA data for 2000 to the GFC.

Changes in treescape extents

We estimated global net losses in treescape extents of 8.8 million ha (Mha, £0.4) based on pixels
with significant long-term trends (Fig. 4a-c, Table 1). The largest net losses were visible across the
tropics (-11.5 Mha, £0.6), 60.0% and 40.0% of which occurred in the tropical moist and tropical dry
biomes, respectively (Table 1). Although the tropical moist biome experienced larger global losses in
treescape extents, tropical dry losses were larger in Aftrica (-1,0 Mha [+0.0] vs -0.6 Mha [+0.0]).

At higher latitudes, treescape gains within the temperate biome become more common than losses,
minor negative balances in North America (-0.4 Mha, +£0.0). Globally, temperate treescapes increase by
3.6 Mha (+0.1), 90.5% of which occurred in Europe (3.2 Mha, +0.0). Gains in Europe correspond to
+1.2% relative to 1992 (+0.0), second only to Australia (+2.3%, £0.0).

Despite these gains, we again observed net losses in treescape extents at higher latitudes. The boreal

biome experienced global net losses (-0.9 Mha, +0.5), with nearly twice as much area lost in Asia as

was gained in Europe (-1.0 Mha [£0.3] vs. +0.6 Mha [£0.0]).
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Changes in tree-canopy cover

Whereas our analysis of changes in treescape extents revealed regional contrasts, we found
systematic losses in tree-canopy cover across all biomes and continents (-175.1 Mha [£1.0], Fig. 4d-f,
Table 1). The bulk of these losses (58.7%) occurred in the tropical moist biome (-102.9 Mha, £2.5),
and was 27 times greater than the simultaneous loss in the extent of treescapes.

Losses within the tropical moist biome predominantly occurred in South America (43.7% of net
losses, -45.0 Mha [+£0.9]). By comparison, the tree-canopy cover over the tropical dry biome decreased
by -11.6 Mha (x0.0), nearly 9 times smaller than the losses in the tropical moist biome. However, this
change is larger if viewed as a net percentage loss relative to the 1992 baseline (-7.5% [£0.0] vs -10.4%
[£0.1] for tropical moist and tropical dry, respectively).

In the temperate biome, treescape and tree-canopy cover dynamics showed contrasting directions of
change. The net losses in tree-canopy cover (-33.0 Mha, +£1.0) were nine times larger than the areal net
gains in treescape extents (corresponding to a loss of -6.3% [+1.0] relative to the 1992 baseline).

Even Europe’s gains in temperate treescape extents were superseded nearly 1.7-fold by losses in
tree-canopy cover (Table 1). In fact, net losses consistently dwarfed absolute net changes in treescape
extents in all biomes and continents, typically by an order of magnitude or more (e.g., corresponding to

a 93 times larger area in the tropical moist biome in Asia).
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Figure 4 — Global changes in tree-canopy cover and treescape extents. Global net changes of treescape extents (a) and

tree-canopy cover (d) for different biomes over the 1992-2018 period, based on statistically significant trends (gains or losses)

detected at a 300-m resolution (biomes indicated by bar colours, and mapped below), and aggregated for mapping to a 10-km

resolution. b/c) Global percent losses (b) and gains (¢) in treescape extents, relative to the 1992 baseline (shown in g). e/f)

Global percent losses (e) and gains (f) in tree-canopy cover (same baseline). h) Net changes (i.c., losses or gains) in tree-

canopy cover evaluated at the 10-km mapping resolution, highlighting a global dominance of net losses.

Table 1 — Global change in treescape extents and tree-canopy cover. Net 1992-2018 changes in treescape extents and tree-

canopy across biomes and regions. Expressed in millions of ha (Mha) and as percentages (%) of the 1992 baseline.

4 Treescape extent (1992-2018) 4 Tree-canopy cover (1992-2018)
Biome Continent
A (Mha) A (% of 1992 extent) A (Mha) A (% of 1992 cover)
World -8.8 (£0.4) -8.8 (£0.4) -8.8 (£0.4) 7.3 (£0.0)
Africa -1.6 (£0.0) 0.2 (20.0) -29.1 (£0.4) -6.8 (+0.0)
Asia -1.6 (0.4) -0.2 (20.0) 434 (+1.4) -8.1(20.0)
All Australia 0.5 (+0.0) 0.9 (£0.0) -1.1 (£0.0) -6.9 (+0.0)
Europe 3.8 (£0.1) 0.9 (£0.0) -15.2 (20.4) 7.2 (+0.0)
North America -0.9 (+0.3) 0.2 (20.1) -31.6 (£0.8) -10.4 (x0.0)
Oceania <0.1 0.1 (£0.0) -0.7 (£0.0) 4.2 (£0.0)
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South America -8.9 (£1.0) -0.8 (=0.1) -54.0 (£1.1) -7.2 (x£0.0)

World -0.9 (£0.5) -0.1 (£0.1) -27.6 (£0.7) -7.5 (£0.0)

Boreal Asia -1.0 (£0.3) -0.3 (=0.1) -10.6 (+£0.2) -6.8 (£0.1)
Europe 0.6 (+0.0) 0.3 (£0.0) -7.3 (£0.2) -7.2 (£0.0)

North America -0.5 (+0.1) 0.3 (20.1) 9.7 (20.2) 8.9 (x0.0)

World 3.6 (£0.1) 0.4 (0.0) -33.0 (£1.0) -8.1 (£0.0)

Africa 0.0 (£0.0) 0.2 (+0.0) -0.4 (£0.0) -10.3 (£0.1)

Asia 0.1 (+0.0) 0.0 (+0.0) -6.1 (£0.1) -5.5 (£0.0)

Temperate Australia 0.5 (+0.0) 2.3 (+0.0) -1.0 (£0.0) 9.9 (+0.1)
Europe 3.2 (0.0) 1.2 (£0.0) -7.9 (£0.2) -7.2 (£0.0)

North America -0.4 (x0.1) -0.2 (£0.0) -15.1 (£0.5) -11.0 (£0.0)

Oceania <0.1 0.2 (0.1) -0.3 (+0.0) -5.0 (£0.0)

South America 0.1 (£0.0) 0.1 (x0.0) 2.2 (20.1) 7.9 (20.1)

World -4.6 (£0.0) -1.0 (£0.0) -11.6 (£0.0) -10.4 (20.1)

Africa -1.0 (£0.0) -0.4 (£0.0) -2.8 (£0.0) -6.7 (£0.0)

Tropical dry Asia -0.4 (£0.0) 0.7 (£0.0) -1.5 (£0.0) -10.4 (£0.1)
Australia -<0.1 -<0.1 -<0.1 -1.0 (£0.0)

North America -0.1 (+0.0) 0.5 (20.1) 0.5 (20.0) -6.3 (+0.0)

South America -3.0 (£0.0) -2.6 (£0.0) -6.8 (£0.0) -15.6 (£0.1)

World -6.9 (£1.2) -0.3 (£0.1) -102.9 (£2.5) 7.5 (£0.0)

Africa -0.6 (+0.0) -0.1 (£0.0) -26.0 (£0.5) -6.8 (+£0.0)

Asia -0.3 (£0.0) -0.1 (+0.0) -25.2 (£1.0) -9.9 (+£0.0)

Tropical moist Australia <0.1 0.2 (z0.0) -<0.1 -2.6 (£0.0)
North America 0.1 (0.1) 0.1 (£0.1) -6.2 (£0.1) -13.1 (=0.1)

Oceania -<0.1 -<0.1 -0.4 (£0.0) -3.6 (+0.0)

South America -6.1 (£1.0) -0.7 (£0.1) -45.0 (0.9) -6.7 (£0.0)

DISCUSSION

We integrated remotely sensed information with complementary strengths to reconstruct global tree-

canopy cover dynamics over nearly three decades. This offers new opportunities for assessing long-

term changes in forests and other wooded ecosystems, analysing their impacts on biodiversity, training

climate models, prioritising sites for ecosystem restoration, and various other applications supporting

the 2030 Agenda for Sustainable Development. In turn, our analyses of the GTCCC offer new insights

into the magnitude, direction, timing, and speed of global and regional tree-canopy cover changes,

adding important nuance to previous forest change assessments.
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Our analyses indicate that, since the early 1990s, wooded landscapes experienced systematic losses
in tree-canopy cover at global, continental, and biome scales. These canopy-cover losses substantially
exceed concurrent losses or gains of treescape extents. These results are in line with contrasts between
trends in deforestation and forest disturbance reported from various regions (Aryal et al., 2021; Chen et
al.,2021; Qin et al., 2021; Shapiro et al., 2021), and imply that common practices of estimating carbon-
budget trends based on categorical land cover (e.g., Alkama and Cescatti, 2016; Baccini et al., 2017;
Friedlingstein et al., 2022) may underestimate carbon losses.

Even in Europe, where forests are reportedly larger today than in the 20th century (Estoque et al.,
2022), net gains in temperate and boreal treescape extents are dwarfed by concurrent losses in tree-
canopy cover. Surprisingly, canopy-cover losses are noticeable across Eastern Europe (Fig. 4e), despite
this being the European subregion with the largest treescape gains (Fig. 4¢). These results are consistent
with previous reports of increasing patch sizes and frequencies of forest disturbances (Senf and Seidl,
2021), which have been linked to increases in wood harvests, and natural disturbances such as insects,
windthrow and fires (McDowell et al., 2020; Seidl et al., 2014; Senf et al., 2018).

We note that our data neither indicate specific causes nor mechanisms of canopy-cover losses, which
can affect carbon retention and other forest functions (Luyssaert et al., 2008; Thom and Seidl, 2016).
Irrespective, the relative magnitude of tree-canopy cover losses relative to those in treescapes indicates
that ignoring the former likely misses changes in those functions. Qur results corroborate recent calls
for better accountings of forest disturbances in European environmental policies (Maes et al., 2023),
which currently aim solely for net increases in forest extents under the Green Deal, and which do not
explicitly promote non-urban canopy cover gains (European Commission, 2022).

Similarly, our results indicate that even in countries with high national forest-monitoring capacities,
the use of categorical data can grossly misrepresent structural changes in forest. For example,
authoritative categorical data on canopy cover developed for Australia (Lucas et al., 2019) reveals net
gains in temperate rainforests of +2.8% (-6.3%/49.0%) between 1996 and 2016, whereas the Forest
Practice Authority of Tasmania reported a loss of -3.7% during the same period (FPA, 2017). Our data
integration framework enabled the detection of similar losses (-3.2%, +0.2). Literature relates these

changes to growing human pressures in the form of logging and mining, and to the increasing risk of
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fires driven by climate change (Mackey et al., 2017). The latter, in particular, lead to rainforest losses
in recent years, such as seen over the Tarkine region of Tasmania (Fig. Sh-c).

Especially in tropical moist forest regions, where the historical Landsat archive has extensive
temporal gaps during the 1990s (Wulder et al., 2016), integrating complementary data sources provided
novel perceptions of the onset of major forest disturbances. For example, Cote d'Ivoire’s Marahoué
National Park (Fig. 5e) experienced extensive human settlement and the near-complete conversion of
its forest area into cocoa plantations, both of which contributed to steep population declines in Western
chimpanzees and other threatened primate species (Bitty et al., 2015; Campbell et al., 2008; Kiihl et al.,
2017). Landsat-based categorical time-series (Vancutsem et al., 2021) depict stable forest cover
throughout the 1990s, with extensive forest degradation and deforestation thereafter. In contrast, by
integrating data available during the 1990s only at coarse resolutions, we detected finer-resolution
changes during this decade that make up for ~1/3 of 1992-2018 tree-canopy-cover losses (Fig. 5f, -
8,085 ha vs. -17,006 ha), consistent with regional reports (Fig. 5f, -8,085 ha vs. -17,006 ha), consistent
with regional reports (Hauhouot, 1992; Kouakou et al., 2018).

As we learned about these changes, we noted contrasts between tropical moist and dry biomes. In
line with national statistics, we found the largest tree-canopy cover losses over the tropical moist biome
(FAQ, 2020) that threaten millions of species (Pillay et al., 2022) and historical carbon sinks (Achard
et al.,, 2014). These risks earned the tropical moist biome disproportionate attention in literature
compared to the tropical dry biome (Schréder et al., 2021). However, we found that the tropical dry
biome experienced larger percent losses to its naturally sparser tree-canopy cover. This result supports
calls for attention towards tropical dry woodlands (Schréder et al., 2021), on which millions of people
depend as a source of fuelwood (Blackie et al., 2014).

Within tropical dry forests, change patterns and speeds are often heterogeneous (Buchadas et al.,
2022). For example, in the surroundings of the Cangandala National Park in Angola (Fig. Sh-i, World
Bank, 2019), the emergence of fast-paced changes associated with industrial farming (such as near the
town of Cangandala, Fig. 5i) contrasts with slow-paced changes plausibly explained by household

consumption of woodlands for fuelwood that is typical in the region (Michael Mills, 2017).
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Figure 5. Temporal dynamics in tree-canopy cover. Multi-temporal change metrics describing the timing and speed of tree-
canopy cover changes over the 1992-2018 period, computed based on 300-m pixels experiencing significant losses (slope < 0;
p-value < 0.0005). Panels a/d/g show global patterns of change dynamics (means per 3-km pixel); ¢/f/i show local examples,
with b/e/h showing the initial (1992) tree-canopy cover for reference. a/c) Period experiencing the largest losses in tree-canopy
cover. b) The Tarkine in north-eastern Tasmania is Australia’s largest old-growth temperate rainforest, known for its high
integrity (note the continuous dense canopy cover in 1992; rainforest extent delineated by authoritative data (DPIPWE, 2020)).
¢) Forest disturbances within the Tarkine, mainly after 2005. d/f) Year by which 30% of the total 1992-2018 net tree-canopy
cover losses had occurred. e/f) Cote d’Ivoire’s Marahoué National Park was in 1992 still covered by tropical moist forest and
savanna, which by the late 2000s had been nearly completely converted. The GTCCC perceives losses within Cote Ivoire’s
Marahou¢ National Park already in the 1990s (e, orange tones), with continuous losses into densely tree-covered portions of
the park in the 2000s. g) Speed of tree-canopy losses, expressed as the length of the shortest possible contiguous period (in
years) within which 80% of the total 1992-2018 net losses occurred. Outside of Angola’s Cangandala National Park (h-i,
outlined in black), faster miombo losses (i.e., <5 years, in bright red) coincide with the emergence of industrial farming, which

contrasts with slow changes (i.e., > 20 years, shown in blue) likely associated with small-scale farming and charcoal-collection.

Opportunities for more reliable monitoring and & scenario-based assessments
We found a strong correlation between FRAs and our data when equating the quality of national
reporting capabilities (Nesha et al., 2021). This suggests our data is aligned with national views on the

extent of forest resources. While tree-canopy cover is not directly comparable to ‘forest’ as a land-use
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class as referred to in FRAs, the GTCCC can be combined with ancillary data to support more reliable
assessments of the drivers of long-term losses and gains in forest extents. Moreso, it may support
complementary assessments of the conditions of forests and other wooded ecosystems (e.g.,
disturbance-succession dynamics due to climate change, Lantz et al., 2022; or forest-management
regimes, Ankomah et al., 2019) , which is highly relevant for multiple goals and targets of the 2030
Agenda for Sustainable Development (Estoque et al., 2021).

Note, however, that we reported treescape losses much smaller than those for forest cover (e.g., -
0.45% vs. -17% in Vancutsem et al., 2020 for the tropical moist region). This is to be expected due to
differences in mapping concepts (i.e., irrespective of additional influences of different mapping
resolutions and possible data errors). Whereas categorical forest-cover data will map losses as soon as
tree-cover is no longer perceived as dominant in the respective pixels, treescape extents will not show
losses for as long as the underlying continuous tree-canopy cover layers perceive any trees.
Correspondingly, perceived canopy-cover losses may reflect diverse processes, including woodland
fragmentation or reduction of patch sizes (e.g., moving deforestation frontiers), disturbances (e.g.,
landslides, windthrow), canopy thinning via selective harvesting or natural dying of individual trees,
removal of small tree stands from largely treeless landscapes, as well as transitions from higher- to
lower-density wooded ecosystems (e.g., forest to savanna). The GTCCC may thus support assessments
of changes in extent or condition of different wooded ecosystem types, particularly if combined with
other information distinguishing these processes.

In particular, studies of wooded ecosystem disturbances or fragmentation and related biological
processes should consider whether expected canopy gaps in their study areas will be large enough to
cause detectable breaks in canopy-cover gradients among neighbouring pixels. The GTCCC’s pixel size
(~9 ha at the equator) is at the lower ends of reported ranges of average deforestation patch sizes in
Amazonia (10.6-24.7 ha; Trancoso, 2021), and average disturbance-patch sizes in moderately disturbed
forest landscapes sampled across the temperate-forest biome (6.96—41.47 ha; Sommerfeld et al., 2018).
However, disturbance patches are much smaller in low-disturbance temperate-forest landscapes (0.46—
0.85 ha; Sommerfeld et al., 2018), and generally in European forests (mean size of 1.09 ha; Senf and

Seidl, 2021). Similarly, the GTCCC data may not support meaningful assessments of habitat
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fragmentation for species whose maximum dispersal abilities fall well below the ~300-m pixel size
(e.g., many species with body sizes smaller than ~150g/~15 cm; Stevens et al., 2014).

Besides applications in monitoring, the GTCCC can support climate modelling. Tree-canopy cover
is an essential climate variable (WMO, 2022), and plays an important role in global and regional climate
modelling (Gou et al., 2019). These data can more accurately inform translations of land-cover classes
into fractional coverages of plant functional types, which is critical to link climate and ecosystem
models (Bonan et al., 2002; Lawrence and Chase, 2007).

The derived climate models can then be used to infer climate normals against which to measure
climate change (WMO, 2017), for which 30 years of observations are recommended to detect anomalies
(WMO, 2017). For such long-time scales, however, long-term and continuous canopy-cover
information had thus far only been available at coarse spatial resolutions (i.e., 5-km; Song et al., 2018)
that may not meet spatial-resolution requirements of climate models (e.g., <1-km for carbon modelling;
Zhao et al., 2010). With 27 years at 300-m resolution, the GTCCC thus offers improved support for

climate change assessments.

Combining strengths to overcome individual weaknesses

We built our data product with a novel modelling framework that explores complementary strengths
of multiple existing products. For example, the use of data on land-cover allowed our model to learn
how class distinctions relate to both averages and spreads of associated tree-canopy-cover values. This
enabled our model to predict more plausible spatial patterns of flat vs. steep tree-canopy gradients,
benefitting from a categorical product’s ability to perceive transitions in tree-canopy cover dominance.
In addition, by using data on coarse-scale (but temporally complete) vegetation changes compared to a
future, reference year, and by relating those changes to the spatial distribution of high-resolution tree-
canopy cover in that year, our model learned from the outcomes of longer-term change processes, which

are co-informed by change drivers in the mapping years (i.e., climate, topography, human activity).
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GFC change CCILC change atellite image
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Figure 6 — Mapping new tree-canopy cover changes. Each row of figures (labelled as a, b and ¢) shows a regional example
(locations in inset map) of tree-canopy cover losses and gains as perceived by our new product (GTCCC; right) and by three
of its inputs (GFC, CCILC, AVHRR-VCFI; left to centre) during different time periods. Those periods’ start/end years are
indicated in columns 4/5, which show Landsat-based true-colour images for the respective years for visual confirmation of
true change patterns. The three examples show different ways in which the GTCCC improves change depictions compared to
those of each input product taken individually. a) In southern Turkey, visible post-fire forest succession during the mid-2010s
is realistically captured as tree-canopy-cover gains in the GTCCC. By contrast, the CCILC only partially captures these but
instead maps large patches of gains elsewhere that are unsupported by visual inspection, as does the coarser-resolution
AVHRR-VCF, whereas the GFC by design only depicts losses. b) Regional patterns of tree-canopy-cover losses across a
north-eastern Amazonian deforestation frontier during the 1990s are broadly captured by both the CCILC and AVHRR-VCF
products. Yet, the new GTCCC product shows these patterns more completely than the CCILC and more refined than the
AVHRR-VCF. c¢) In a part of southern Malawi, the CCILC depicts extensive losses between 1992 and 2000, while the
AVHRR-VCF shows extensive mixtures of losses and gains. By contrast, the GTCCC depicts only minor losses and gains,
more consistent with Landsat true-colour images showing that tree-canopy cover has remained largely unchanged during that

period. The GFC is not included in b/c, as it only maps post-2000 losses.

Through this data integration process, our model was able to generate temporal patterns with fewer
outliers and back-and-forth changes compared to our input data (Fig. 5 of SI)), as well as more plausible
regional patterns of tree-canopy cover changes compared to those perceived by individual inputs (Fig.
6). For example, the GTCCC better captures tree-canopy cover gains than either of the two input

products that are sensitive to tree-canopy cover (i.e., AVHRR-VCF, CCILC; note that the GFC does
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not attempt to map gains past 2012; Fig. 6a). Simultaneously, the GTCCC could capture more complete
patterns of gains and losses during the 1990s than the CCILC and AVHRR-VCF products (Fig. 6b).
The model-based data-integration process also allowed correcting inaccuracies in individual products.
For example, the CCILC product mapped losses of >30% (Radwan et al., 2021) during the 1990s in
areas of southern Malawi that, according to visual evidence, had already been largely treeless by the

beginning of that period (Fig. 6c¢). In turn, the GTCCC mapped negligible losses (-0.04% [£0.03]).

Data quality and caveats

The quality assessment of the GTCC yielded a high r* (=0.95), and a relatively low RMSE (< 1 ha).
Yet, we found that the RMSE decreased with increasing temporal gap sizes (between the mapping year
and the nearest year with reference data on tree-canopy cover), and with increasing tree-canopy covers
to be reconstructed. In addition, our modelling framework had difficulties reconstructing mid-sized and
large changes (2-4 ha and >4 ha, respectively) over periods of 1-3 years.

By contrast, our data performed consistently across continents and biomes when predicting small
changes, and when predicting mid-sized and larger changes over >4 years. This indicates that the
GTCCC is most suitable for studying mid- to long-term change dynamics across 4-year epochs, and is
not generally suitable to analyse the timing of fine-scale changes.

Literature shows that most changes in tree-covered landscapes are path-dependent, multi-year
processes (Taubert et al., 2018), whereas changes that are simultaneously extensive and fast are rare
(Montibeller et al., 2020).However, like most global products, the GTCC is designed for broad-scale
applications where specific, pixel-level errors may be expected to average out. Any smaller-scale
studies that depend on highly accurate pixel-level patterns should use the GTCCC cautiously and ideally
after assessing its specific fitness-for-purpose (e.g., via a local validation).

We validated our model’s ability to predict tree-canopy cover as perceived by the GFC, a state-of-
the-art product which we used as a source of samples and whose quality we aimed at replicating. In
addition, we tested the plausibility of our predicted global treescape patterns via comparison against the

most authoritative global information on the distribution of forest resources. Yet, it was not feasible to
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validate tree-canopy cover values independently due to a lack of globally representative and
independent validation data at relevant spatial resolutions (i.e., 300-m or coarser).

We caution users that although GFC’s tree-canopy cover data was developed using very-high-
resolution imagery, and tree-cover losses were carefully validated against independent data (Hansen et
al., 2013), our random-forest model borrows its strengths along with its weaknesses. In particular, our
data cannot correct cases where the GFCCC (near-)completely misses tree-canopy cover over large
regions, even if trees are better captured by other products (e.g., in north-eastern Somaliland, the
GTCCC underestimates the extents of montane woodlands, whereas the CCILC depicts their presence
more accurately). In addition, we are unable to predict tree-canopy cover over 0.54% of the land surface,
a proportion composed mainly by pacific islands and desertic lands. This is related to the fact that
Landsat imagery in these areas is scarce during the early 2000s (Remelgado et al., 2023), which
prevented the GFC from predicting tree-canopy cover. Since changes are inferred from the 2000
baseline, changes thereafter are missing.

Going forward, such caveats could be addressed by integrating trusted regional products, both as
source of samples and predictor data. Furthermore, forcing our machine-learning framework to consider
prior theoretical understanding as exemplified in other disciplines (Seckler and Metzler, 2022; Wang et
al., 2021) could help refine predictions by better acknowledging distinctions of biogeographical regions
that, due to different plant adaptations, may result in specific relationships between tree-canopy cover
and environmental predictors (Nicolson, 1996). Such future versions would ideally be able to rely on
independent samples for validation (which are anyway a prerequisite for the existence of trustworthy
regional products). Thus far, systematic efforts to derive standardised random validation samples from
very-high-resolution imagery over broad spatial extents have been customised to serve modern satellite
monitoring systems with higher spatial resolutions (e.g., up to a 100-m resolution; Tsendbazar et al.,
2021). In the future, such systematic sampling designs could be extended to derive coarser-resolution
reference data at least for recent years. Additionally, the opening of spy satellite archives holds promise
for generating change-validation samples for many regions worldwide (e.g., as shown by Rizayeva et
al., 2023). However, technical advances are still needed to reduce the manual effort required for

generating analysis-ready images from these archives, a precondition for applying them at scale.
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Concluding remarks

Model-based integration of existing remote-sensing products as showcased here cannot substitute
continuous investments in higher-quality remote-sensing products based on intensive sampling and
best-available algorithms for satellite-data interpretation. However, as hundreds of new remote-sensing
products become available every year for different regions, scales, and application domains, there are
additional opportunities in synthesising information in ways that enable additional insights or better
meet the demands of certain user groups. We hope that our showcase may inspire further developments
of modelling frameworks that effectively use the complementary strengths of different products to

derive synthesis products that are more than the sum of their parts.
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SUPPLEMENTARY INFORMATION

Table 1. Model predictors. Listing of variables used to predict canopy densities. as well as the respective data sources,

temporal coverage, and spatial and temporal resolution. The column “reasoning” summarises the thought process behind the

selection of each variable.

predictor dataset source period spatial res. temporal res. reasoning
Count GADM™ Controls for the influence of
e national governance
Forest densi annual Expected future outcome of
oy persistent gains/losses
Mean year of
change 300-m Long-term trends inform on the
Density of 3 Hansen et tendency for persistent loss
chanees GFC al. 2000-2020 multi-year
Mean year of aggregate
—‘E—D(;iizyeo v 5-km Controls for spillover effects
changes
e.g. higher deforestation are more
Land cover CCILC* 1992-2020 300-m likely under agriculture than
under dense tree cover
The existence and intensity of
Light intensity NTL! 1992-2018 [-km annual human activity drive
deforestation
Tree cover density
Short vegfzta tion Year-specific data on vegetation
density cover occurrence and density
Non-vegetated
surface density
Tree cover density AVURE" Songetal.  1982-2016 5-km annual
change
S;;’:;?ﬁ;g:r? Direct information on sub-
—-Lg—N wated regional, long-term trends
on-vegelate
surface density
change
Elevation MERIT Yamazaki snapshot Changes are more common at low
Slope DEM* etal P altitudes and over flat terrain
Aridity . e.g. moist regions motivate
CHELSA* - 1979-2018 I-km I:UI?E y;:g extensive deforestation in favor
Precipitation EETCE of agricultural expansion
Tree GFC and
e AVIRR
) VCF 2000-2016 Controls for competing
Tree cover GFC and ) Skm annual perceptions on the extent and
mismatch (2) CCILC density of forest cover given by
Tree cover CCILC and different datasets
mismatch (3) AVHRR- 1992-2016 5-km
VCF
Time-fixed effect, controlling for
Temporal distance ) ) ) 300-m . the temporal distance between the

mapping year and the nearest
GFC data point
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8 Table 2. CCI land cover tree-canopy fractions. Tree-canopy cover for each land cover class in the CCILC dataset, assuming
9 the central percentage value of the range of possible values indicated in the class label (cf ref (Song et al., 2014)).
Land cover class Forest cover (%)

Cropland, rainfed

Herbaceous cover

Tree or shrub cover

Cropland, irrigated or post-flooding

Mosaic cropland (>50%) / natural vegetation (tree, shrub, herbaceous cover) (<50%) 8.3
Mosaic natural vegetation (tree, shrub, herbaceous cover) (>50%) / cropland (<50%) 25
Tree cover, broadleaved, evergreen, closed to open (>15%) 100
Tree cover, broadleaved, deciduous, closed to open (>15%) 100
Tree cover, broadleaved, deciduous, closed (>40%) 100
Tree cover, broadleaved, deciduous, open (15-40%) 100
Tree cover, needleleaved, evergreen, closed to open (>15%) 100
Tree cover, needleleaved, evergreen, closed (>40%) 100
Tree cover, needleleaved, evergreen, open (15-40%) 100
Tree cover, needleleaved, deciduous, closed to open (>15%) 100
Tree cover, needleleaved, deciduous, closed (>40%) 100
Tree cover, needleleaved, deciduous, open (15-40%) 100
Tree cover, mixed leaf type (broadl d and dleleaved) 100
Mosaic tree and shrub (>50%) / herbaceous cover (<50%) 375
Mosaic herbaceous cover (>50%) / tree and shrub (<50%) 12.5
Shrubland
Shrubland evergreen
Shrubland deciduous
Grassland

Lichens and mosses

Sparse vegetation (tree, shrub, herbaceous cover) (<15%)

Sparse tree (<15%)

Sparse shrub (<15%)

Sparse herbaceous cover (<15%)

Tree cover, flooded, fresh or brakish water 100

Tree cover, flooded, saline water 100

Shrub or herbaceous cover, flooded, fresh/saline/brakish water

Urban areas

Bare areas

Consolidated bare areas

Unconsolidated bare areas

Water bodies

Permanent snow and ice
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Table 3. Continental correlations compared to national statistics. RMSE (in 1Mha) and r? for the year 2000, comparing
treescape extents mapped by the GFC and by our data product against forest extents reported in national FRAs. The values
derived with our data product are accompanied by uncertainty bounds based on the upper and lower confidence intervals

surrounding the mean model predictions. We derived these metrics for each continent. In addition, we estimated the proportion

of the total FRA area that the estimated RMSE corresponds to.

FRA r RMSE RMSE as a % of the FRA
forest forest area
area GTCCC GFC TCCC GFC TCCC GFC
Afiica 658.18 0.80 (£0.00) 0.80 22.61 (0.01) 11.43 3.46 (+0.41) 1.67
Americas 1615.36 0.97 (+0.00) 0.97 79.28 (+0.28) 29.88 4.92 (£0.32) 1.82
Asia 570.46 0.89 (+£0.00) 0.89 33.91 (x0.07) 19.63 5.96 (=0.70) 3.55
Europe 956.7 0.98 (+0.00) 0.98 92.07 (+0.20) 72.97 9.63 (£0.18) 7.67
Oceania 180.81 0.95 (+0.00) 0.95 10.42 (x0.18) 47.53 5.76 (£0.25) 26.36
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Figure 1 — Model training. Panel a) illustrates the selection of an optimal number of trees with which to train our Random
Forest Regression model (RFReg). The centre dark line shows the mean Out-of-Bag (OOB) performance for each tested forest
size, and the circumventing grey areas depict the standard deviation around the mean. The red vertical line shows the optimal
forest size of 180 trees which we selected using knee detection. Note that the knee occurred when OOB performances stopped

increasing notably. Panel b) shows the distribution of samples used to train our RFReg model. The green dots represent 78,135

unique sample locations within which we collected 625,080 samples across an 8-year period.
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Figure 2 — Temporal stability of VCF predictions. Global percent cover of each VCF class between 1992 and 2018. Grey bars depict
values obtained through the AVHRR-VCF, while green bars represent values obtained from the predicted VCF data. We see how the

predictions of tree cover and non-tree vegetation are in line with global trends. However, predictions of non-vegetated cover deviate visibly.
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Supplementary Figure 3 — Uncertainty of quality assessment. Confidence interval of the RMSE for each continent, biome,
and change magnitude (discriminated below), for different temporal gap sizes between the focal mapping year and the nearest
year with reference data on tree-canopy cover (shown above). This plot is supplementary to Fig. 2, which displays the

corresponding RMSE values.di.



33

34
35
36
37
38
39
40

41

42

Non-peer reviewed preprint submitted to EarthArXiv, and under consideration in Global Change Biology

1992 2000 2010 2015 2020
25 4 - 4 . 4
g
£ 20 4 - - - 5
g 3
g; 15 - B * B 2 - . é
© =1
B 101 . : : 1 g
3 @
= =)
8 s5- N 4 4 - 3
o R®=0.94 R?=0.94 R®=0.04 R?=0.93 R?=0.94
01 T T T T T T L T T T T T T L T T T T T T L T T T T T T 1 T T T T T T
25 . 4 4 4
T
£ 204 - . . 4
g
1 - - - () - C - 7
[ o
B 101 - - - - 5
£
g 54 - J 4 4
[ R?=0.94 R?=0.94 R?=0.94 R?=0.94 R?=0.94
0 L T T T T T T ) T T T T T T L T T T T T T L T T T T T T 1 T T T T T T
25 4 4 - - 4
=z
£ 20 - - - - 4 5
g 3
g 15 = - - 2 - ’ - é
d 3
g 10 4 - - - - g
= g
o 5+ - . . ! 3
[ R?=0.94 R*=0.94 R?=0.94 R®=0.94 R?=0.94
0 - - - -

(I) E'I> 1‘0 1‘5 2‘0 2‘5 6 é 1‘0 1‘5 2’0 2‘5 6 ;1 1‘0 1‘5 2‘0 2‘5 6 é 1‘0 TI5 2‘0 2‘5 é .’I) 1‘0 1‘5 2‘0 2‘5
FRA area, log(ha) FRA area, log(ha) FRA area, log(ha) FRA area, log(ha) FRA area, log(ha)

Figure 4 — Extended comparison with national statistics. Each plot shows the correlation between forest area reported in
the Forest Resource Assessments (FRAs) and tree-canopy cover predicted by the presented GTCCC product. We ran this
analysis for each FRA assessment year (each column, distinguished above), and repeated it for the mean pixel predictions and
the upper and lower bounds of its 95% confidence interval (each row, distinguished on the right). The colours of each point
indicate the continent each country belongs to (see in Fig. 3), and faded colours indicate uncertainties regarding the quality of
national statistics. Our results show our predictions are consistent across FRA years and that correlations are robust to

uncertainty in the GTCCC predictions. R? values were 0.94 for every iteration.
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Figure 5. Time series consistency. Positive/negative outliers in year-to-year changes in cover (expressed in Mha) relative to
the smoothed trend (constructed with LOWESS and a span of 0.5). Each panel shows this variable for each of the datasets
contributing to our data product (a-d), namely AVHRR (a), CCI land cover (b), Copernicus land cover (¢, used to extend the
AVHRR time-series past 2016), and GFC (d). In addition, we applied the same analysis to our data before (e) and after (f)
detecting significant changes using the Mann-Kendall test. The dashed vertical line highlights 2013, when Landsat 8 was
launched, and which marks a substantial improvement in the frequency and quality of the Landsat data the GFC is based on
(i.e., our reference data and sample source). The plot shows that our product (e) preserves anomalies visible in the GFC between
2010 and 2013 (d), corresponding to the period when Landsat 5 was decommissioned, leaving Landsat 7 as the only source of
data despite its heavy degradation. However, the magnitude of these anomalies appears smaller in our data. When limiting our
focus to pixels with significant changes (p-value < 0.0005) identified through the Mann-Kendall test, the prevalence of
anomalies is reduced further. Note that despite integrating coarse-resolution (a), categorical (b), and contemporary data (e) to

build our predictive model, their year-to-year anomalies are not replicated in our data.



