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Abstract

Elevated forest disturbances and excess tree mortality are increasingly reported worldwide.

Yet existing assessments are either based on patchy terrestrial observations or on large-scale satel-

lite products, which are limited in resolution to pixel-level, binary tree loss detection. This leaves

a blind spot on fine-scale disturbances where only a few trees are declining in an otherwise intact

canopy. Here, we develop and validate a model that annually retrieves sub-pixel fractional cover

of standing deadwood and trees from rolling four-year windows of Sentinel-2 time series. Frac-

tional cover is the proportion of each pixel covered by dead or live tree crowns. To obtain globally

distributed sub-pixel reference labels, we leveraged the crowd-sourced archive deadtrees.earth of

centimeter-scale drone orthophotos with two globally calibrated semantic segmentation models to

derive tree and standing deadwood masks, yielding 11.1 million labeled Sentinel-2 pixels. Spatial

block cross-validation yields Pearson’s r = 0.64–0.68 for tree cover across biomes, and Pearson’s

r = 0.24–0.51 for standing deadwood cover. Evaluated on identical cells, our fractional tree cover

agrees more closely with the drone reference than the Global 30 m Landsat Tree Canopy Cover

and Copernicus Tree Cover Density products (weighted r = 0.73 versus 0.40 at 30 m, and 0.68

versus 0.38 at 10 m). Our method provides the missing link between fine-scale ground obser-

vations and low-resolution remote sensing products, allowing more realistic estimates of global

trends in forest disturbance and tree mortality.
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1 Introduction

In recent years, elevated forest disturbances and excessive tree mortality have been reported in many

regions around the world (Allen et al. 2015; Hartmann et al. 2022, 2025; Senf et al. 2018; Trumbore

et al. 2015). These events are the result of combined impacts due to climate change, pests, pathogens,

and past forest management (International Tree Mortality Network et al. 2025). In order to better un-

derstand current and future forest dynamics, we need to advance our understanding of past mortality

patterns (Migliavacca et al. 2025b). A key prerequisite for such progress is the development of spa-

tially and temporally coherent data on tree mortality events (Hartmann et al. 2022; International Tree

Mortality Network et al. 2025; Yan et al. 2024).

Field-based monitoring is the status quo for assessing global tree mortality trends, because it

provides the highest accuracy at the level of individual trees. However, current monitoring networks

differ strongly among and within countries in sampling design, plot size, revisit intervals (often on

the order of 5–10 years), and field protocols, which limits comparability and makes it difficult to

resolve year-to-year dynamics and rapid disturbance events (Hammond et al. 2022; International Tree

Mortality Network et al. 2025). The access to field-inventory data is also often restricted, which limits

data sharing and hampers harmonized large-scale synthesis (Hlásny et al. 2025; International Tree

Mortality Network et al. 2025). As a result, the most recent global tree mortality assessment relied

on synthesis efforts that compile restricted sets of field observations (Hammond et al. 2022), that are

high quality but spatially severely constrained to only about 675 locations and 1303 plots globally.

Remote sensing has proven increasingly promising over the past decades for monitoring forest

disturbances and tree mortality by providing observations at spatial scales that cannot be achieved

with field plots (International Tree Mortality Network et al. 2025). High-resolution imagery from

airplanes or drones enables direct identification of forest disturbances (Cheng et al. 2024; Schiefer

et al. 2023). However, airborne and drone acquisitions are typically episodic, spatially patchy, and

unevenly distributed across the globe, and therefore do not yet provide temporally continuous, stan-

dardized observations at global scale. Rather than forming a globally systematic time series, airborne

and drone data are currently most useful for local or country-scale tree mortality assessments and

validation data for coarser satellite-based products (≥ 10 m resolution) (Cheng et al. 2024; Junttila

et al. 2024; Khatri-Chhetri et al. 2024; Schiefer et al. 2024; Schwarz et al. 2024).

Satellite-based remote sensing is well suited for global disturbance monitoring because it pro-
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Figure 1: Drone observations of 10 m × 10 m patches, the resolution that Sentinel-2 offers, with
different fractions of standing deadwood cover across four major biome groups. Image data from
deadtrees.earth.

vides spatially consistent multi-spectral images that enable systematic tracking of forest dynamics

over time (Hlásny et al. 2021; International Tree Mortality Network et al. 2025). Repeat observations

within seasons and across years provide valuable temporal context that helps to partially compensate

for their coarse resolutions (Rußwurm and Körner 2020; Tseng et al. 2023). Several products monitor

forest disturbances using Earth observation satellites (e.g., Sentinel-1, Sentinel-2, Landsat) at conti-

nental or global scales (M. C. Hansen et al. 2013; A. H. Pickens et al. 2025; Reiche et al. 2021; Senf

and Seidl 2021; Song et al. 2024; van der Woude et al. 2026; Viana-Soto and Senf 2025; White et al.

2017). However, most existing products operate at spatial resolutions of ≥ 30 m and represent distur-

bance as a binary class (disturbed / intact), implicitly assuming within-pixel homogeneity. In reality,

canopy condition and mortality are often spatially heterogeneous at sub-pixel scales, and diffuse mor-

tality frequently affects only a fraction of the canopy within a pixel (Alix-Garcia and Millimet 2023;

Hartmann et al. 2018; Korznikov et al. 2025; Schiefer et al. 2024; Y. Zhang et al. 2021, and see Fig-

ure 1). Consequently, scattered mortality and other small-scale disturbances can be missed, leading

to underestimation of mortality and forest loss (Alix-Garcia and Millimet 2023; Cheng et al. 2024;

Espı́rito-Santo et al. 2014; Schwartz et al. 2025).

Further, it is important to distinguish whether trees died standing and remain as standing dead-

wood (e.g., after drought stress) or whether tree cover decreased because trees were physically re-

moved or toppled (e.g., through harvesting or wind-throw). These processes reflect different drivers

and often different timing, with standing mortality frequently preceding tree loss. Separating standing

deadwood from tree loss is therefore essential for robust disturbance attribution and interpretation of
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downstream impacts (Schiefer et al. 2023; Winter et al. 2024). Current remote sensing forest distur-

bance products do not disentangle such dynamics, and this imposes severe constraints on studies on

tree mortality and the underlying drivers and effects on forest carbon balances and limits the devel-

opment of early-warning signals (International Tree Mortality Network et al. 2025; Migliavacca et al.

2025a; Yan et al. 2024).

Explicit maps of standing deadwood over several years, in combination with fractional tree cover,

are required to quantify tree mortality rates. Comprehensive real-world mortality rates are a missing

component in the initialization, calibration, and validation of individual-based forest models as well

as for dynamic global vegetation models (Anders et al. 2025; Bugmann et al. 2019; Hartmann et

al. 2022; Sitch et al. 2008). This need for data, and especially up-to-date tree mortality maps, is

exacerbated by a changing climate and thus previously unseen conditions.

Taken together, developing temporally and spatially continuous global datasets that explicitly

quantify standing deadwood alongside tree cover loss is a key frontier in tree mortality research.

To fill this gap, we present a methodology to retrieve yearly fractional tree and standing deadwood

cover at 10 m resolution from Sentinel-2 time series for the years 2017 to 2025. We define standing

deadwood as woody biomass (twigs, branches, or stems) that has died, but has largely retained its

original structure, consistent with Mosig et al. 2026. The definition of trees includes any standing tree,

dead or alive, and explicitly excludes fallen trees. We use tree loss for a decrease in tree cover, i.e.,

trees that are physically removed or have fallen (e.g., harvest, windthrow), as distinct from standing

mortality, in which trees die but remain standing and thus still count as tree cover while increasing

standing deadwood cover. Fractional cover is defined here as the proportion of a pixel that is covered

by dead crowns, and enables capture of sub-pixel dynamics (Figure 1). Specifically, we aim to (i)

estimate yearly tree and standing deadwood cover from multi-year Sentinel-2 time series at sub-pixel

resolution, (ii) quantify model performance and generalization across biomes, and (iii) systematically

evaluate the impact of time-series length (look-back window) on model performance. Finally, through

several case studies set against ground- and expert-based observations, we illustrate how the resulting

annual cover maps can be translated into forest disturbance, mortality, and recovery dynamics.
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2 Methods

We developed a deep-learning model that maps Sentinel-2 reflectance time series to annual 10 m

fractional tree cover and fractional standing deadwood cover, using labels derived from centimeter-

scale aerial orthophotos (< 10 cm). This section is organized into two main parts: data preparation

(orthophoto-derived labels, phenological alignment, and Sentinel-2 preprocessing), and model train-

ing and evaluation. Data preparation, training, and evaluation were performed at the level of 10 m ×

10 m Sentinel-2 pixels.

2.1 Data preparation

The methodological development of globally generalizing deep learning models that map sub-pixel

information on standing deadwood cover and tree cover presents three significant challenges: First,

a data-driven approach resolving tree and standing deadwood cover fractions across the diversity of

global forests requires ample high-quality reference data. Second, the variability of leaf-off periods in

deciduous forest types across ecosystems and biomes introduces uncertainty in distinguishing dead-

wood from dormancy. And third, it requires availability of globally consistent remote sensing data

that are temporally continuous and with a spatial resolution that allows capturing scattered mortality,

i.e., at the dimensions of typical tree crowns (Fassnacht et al. 2025; Schiefer et al. 2023).

Accordingly, we assembled three core data sources that address each of those challenges. We

derived georeferenced labels for standing deadwood and tree cover from drone orthophotos making

use of the crowd-sourced database deadtrees.earth and automate the approach through deep learning

segmentation models (Section 2.1.1). We determined the approximate leaf-on period for each site

using remote sensing derived greenness curves (Section 2.1.2). And we acquired and preprocessed

Sentinel-2 data time series in the locations where drone data is present (Section 2.1.3), Lastly, we

consolidate the dataset into a high quality subset used for later training and evaluation (Section 2.1.4).

2.1.1 Orthophoto segmentation and fractional cover

We obtained masks for standing deadwood for a given orthophoto using the segmentation model by

Möhring et al. 2025, which segments standing deadwood from individual branches to entire canopies.

This segmentation model was trained on image resolutions ranging from 1 cm to 28 cm; however,

Möhring et al. (2025) heuristically determined performance optimum at 5 cm across 434 drone or-
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Figure 2: Data preparation flowchart for one site. Orthophotos, together with acquisition date, area of
interest, and maximum greenness probability distribution, are extracted from deadtrees.earth (Mosig
et al. 2026). Forest and standing deadwood segmentation models are applied to orthophotos, quality-
checked, and then aggregated into fractional cover rasters (Möhring et al. 2025; Veitch-Michaelis et
al. 2024). A season midpoint day-of-year is extracted from the maximum greenness probability dis-
tribution. The Sentinel-2 data is downloaded and preprocessed starting at the nearest season midpoint
and extending 4-years into the past. Sentinel-2 cube visualization (bottom right) was created with
Lexcube (Söchting et al. 2025).

thophotos (F1-score of 51% to 71% across biomes). Therefore, we downsampled imagery with a

resolution finer than 5 cm to 5 cm with nearest neighbor reprojection before applying the segmenta-

tion model.

Tree cover masks for each orthophoto were obtained using the segmentation model by Veitch-

Michaelis et al. 2024, which segments tree canopy cover, including both dead and live trees. The seg-

mentation model achieved a mean F1-score of 91.4% in cross-validation on the OAM-TCD dataset

of 541 OpenAerialMap orthophotos, of which 88 are also part of deadtrees.earth (Mosig et al. 2026;

OpenAerialMap Community 2024). This model was trained with a fixed spatial resolution of 10 cm in

the coordinate reference system (CRS) EPSG:3095. Therefore, all orthophotos were reprojected and

resampled (bilinear interpolation) to match this CRS and spatial resolution before model inference. In

early tests, the threshold choice for binarization (86%) showed a trade-off between either underseg-

menting individual trees in sparse forests or missing canopy gaps in dense forests. Furthermore, the

preliminary tests showed that this model often failed to detect standing deadwood as trees, thus we
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set areas as tree cover that were already segmented as standing deadwood. This ensured that standing

deadwood cover is always a subset of tree cover in the reference masks. The masks of both models

were visually audited and filtered before being used as reference labels (see Section 2.1.4).

For each Sentinel-2 pixel within the area of interest, we computed tree cover and standing dead-

wood cover based on the centimeter-scale binary segmentation masks obtained from each orthophoto.

All of the above-described analysis was restricted to the area of interest. The area of interest is the

high-quality area for each orthophoto, excluding regions affected by reconstruction artifacts, missing

data, or inadequate illumination (e.g., deep shadow or under-/overexposure that prevented reliable

visual interpretation), while retaining non-forested areas (Mosig et al. 2026).

2.1.2 Leaf-on period retrieval

Leafless but live deciduous trees cannot be robustly distinguished from standing deadwood in aerial

imagery (drone, airborne, or satellite). Thus, classification of standing deadwood from such imagery

requires first determining the leaf-on period, the time of year during which leafless trees are most

likely dead. This leaf-on period varies geographically.

Maximum greenness periods, as derived from remote sensing data, approximately corresponds to

the leaf-on season (Körner et al. 2023). The VIIRS Global Land Surface Phenology Product (X. Zhang

et al. 2020) reports, at 500 m resolution and for each year between 2013 and 2022, the day-of-year of

the onset and end of maximum greenness, derived from the enhanced vegetation index (EVI) (Huete

et al. 2002). For each pixel and year, Mosig et al. 2026 converts the reported onset-to-end interval into

a binary daily vector marking whether each day-of-year (DOY) lies within the maximum-greenness

season. These vectors are then summed across all years and over 40 km cells, using only 500 m pixels

with more than 50% forest cover from ESA WorldCover (Zanaga et al. 2022), yielding for each DOY

a count of how often it was reported to be in season, which we use as the per-site distribution y. We

employed this probability distribution y to identify an estimated leaf-on season for each 40 km pixel,

by defining any DOY with a probability above (max(y)−min(y))/2 to be in leaf-on season. If this

yields multiple leaf-on seasons, we keep the longest. This estimated leaf-on season is later used to

filter drone images (see Section 2.1.4) and its center used during model training and inference (see

Section 2.2.1 and Supplementary Figure S1).
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2.1.3 Sentinel-2 preprocessing

For each orthophoto location, we obtained a Sentinel-2 data cube (Mahecha et al. 2020; Montero

et al. 2024b), with spatial bounds defined by a 100 m outer buffer around the orthophoto’s area of

interest in the respective UTM zone (see Figure 2). Each data cube consists of four years of historical

Sentinel-2 images starting from the nearest site-specific leaf-on season center (see Section 2.1.2). For

example, for an acquisition date in Sep 15th 2023, and a respective leaf-on season center in Jun 15th,

the data cube extends from Jun 15th 2019 to 2023.

Data cleaning steps for optical time series have been shown to be an important step to improve

model generalization capabilities (Rußwurm and Körner 2020). We unscaled the Sentinel-2 L2A dig-

ital numbers to surface reflectance by applying the radiometric offset (−1,000 for processing baseline

≥ 04.00) and the quantification value of 10,000 (European Space Agency 2021), and clipped the

result to [0,1]. To obtain a high quality time series, we retained only clear-sky observations and re-

moved pixels affected by clouds, cloud shadow, and snow. We classified clouds and their shadows

using the CloudSEN12 segmentation model (Cesar Aybar et al. 2022), applied to individual patches

(732 px×732 px) with all 12 Sentinel-2 bands. Lastly, we identified and masked snow at pixel level

using Fmask (v3.2) (Zhu and Woodcock 2012; Zhu et al. 2015).

Reprojection and resampling followed data cleaning. The L2A bands, acquired at 10, 20, and

60 m, were resampled to a common 10 m grid, and observations outside the local UTM zone were

reprojected, both using nearest-neighbor resampling. Specifically, Sentinel-2 data is provided in a

globally tiled format (Military Grid Reference System, MGRS Bauer-Marschallinger and Falkner

2023), where each tile spans 109.8 km and is stored in its local UTM zone. Due to this fixed tiling

scheme across multiple coordinate reference systems, a single location can be covered by up to six

separate tiles (Bauer-Marschallinger and Falkner 2023). Thus, to obtain a coherent data cube for every

site, a subset of tiles was reprojected in overlapping regions. Reprojection is thus only needed where

a site crosses a UTM zone boundary, and any redundant observations from such overlaps (Bauer-

Marschallinger and Falkner 2023) are collapsed by the subsequent 7-day mean compositing.

The final preprocessing step consisted of the temporal composites generation, where we aggre-

gated the spatially aligned Sentinel-2 observations into 7-day intervals by computing the per-pixel,

per-band mean. Using fixed 7-day bins yields equally spaced timesteps, enabling more efficient tem-

poral encoding schemes for deep-learning models (see Section 2.2.1). The bin width balances tempo-
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ral fidelity against sequence length: narrower bins lengthen the sequence without adding observations,

while wider bins average over distinct acquisitions. The number of cloud- and snow-free observations

contributing to each interval varies with location and data availability; Zhou et al. (2025) report ∼ 40

cloud-free Sentinel-2 observations for most regions in 2022, corresponding to on average fewer than

one observation per 7-day interval. In our dataset, median cloud- and snow-free timesteps per year

(after 7-day aggregation, which rarely merged observations) range from about 19 (boreal and mon-

tane) to 35 (drylands; Supplementary Figure S6). We discarded 7-day intervals without any cloud-

and snow-free observations, which therefore contained no valid data.

The full processing pipeline, called sentle, is publicly available at github.com/cmosig/sentle.

2.1.4 Dataset filter and summary

We applied this workflow to all 8,279 orthophotos in the deadtrees.earth database (Mosig et al. 2026)

and then filtered for three criteria. First, we filtered for orthophotos within the temporal scope 2017-

2025. Second, during a qualitative audit, we excluded orthophotos where tree or standing deadwood

segmentation masks (see Section 2.1.1) were incorrect or missing for approximately more than one

quarter of the area of interest. Third, we excluded orthophotos that were outside the above-described

local leaf-on season (see Section 2.1.2). For orthophotos with evergreen vegetation only, seasonality

does not matter for standing deadwood segmentation, and can still be used as a reliable reference.

Therefore, in temperate, boreal, and dryland biomes (Olson et al. 2001), local experts selected addi-

tional orthophotos based on the visually estimated genus, acquisition date, and historical Google Earth

imagery. This yielded 3,948 orthophoto sites and 11.1 million derived Sentinel-2 pixels (110,682-

hectare) for training and validation (Figure 3; for the cover value distribution see Supplementary

Figure S7).

Biome separation is based on (Olson et al. 2001), and consists of boreal and montane, dryland,

temperate and (sub) tropical forests.

2.2 Model training and evaluation

2.2.1 Model Definition

We trained a per-pixel model that maps a Sentinel-2 reflectance time series (12 bands per 10 m pixel)

to tree and standing deadwood fractional cover. The reflectance time series starts at the center of the
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Figure 3: Global distribution of available reference data. The color indicates the number of labeled
Sentinel-2 pixels within the respective 200 km bin. The spatial bins are created in EPSG:8857, an
equal area projection. Different colors in the background depict different biomes (Olson et al. 2001).

nearest leaf-on period relative the orthophoto acquisition date, and each timestep represents a 7-day

composite (see Section 2.1.3). The covered timespan is set to least 4 weeks and at most 4 years, and

depends on data availability; Sentinel-2 is available from mid-2015 such that for predictions in 2017

the time series will only cover 2-years. At a temporal resolution of one aggregated timestep per 7

days, this corresponds to between 4 and 208 timesteps, depending on the number of cloud-free and

snow free observations.

The model independently embeds each timestep: a two-layer ReLU feed-forward network with

batch normalization (Ioffe and Szegedy 2015; Nair and Hinton 2010) maps the 12-band input to 2048

units and then down to a 128-dimensional embedding. It then adds sinusoidal positional encodings tai-

lored to the temporal sequence (indexed by 7-day intervals) to reflect the temporal order and missing

timesteps (Tseng et al. 2023; Yuan et al. 2022). The encoded sequence with a prepended classifica-

tion token (CLS) is passed into a transformer with two encoder layers, a single self-attention head,

embeddings size 128, and a 512-wide feed-forward sub-layer. Variable length sequences, e.g. through

data availability and cloud cover, are enabled by a key padding mask. The previously inserted CLS

token is then extracted from the transformer output and passed into a linear projection that maps the

token (size 128) to the two target fractional cover values.
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2.2.2 Loss function and weighting

We employed a distributional histogram loss, HL-Gauss, where regression values are represented

as a categorical distribution, which was shown to consistently outperform standard regression loss

functions in related work (Farebrother et al. 2024; Imani and White 2018; Imani et al. 2024). We

chose 50 bins (2% cover bin width) for the loss formulation, at which performance was shown to

converge (Imani and White 2018; Imani et al. 2024). The conversion from a regression target y to a

categorical distribution uses a Gaussian distribution as follows:

P(bi|yp,σp) =
Φ

(
ui−yp

σp

)
−Φ

(
li−yp

σp

)
Φ

(
umax−yp

σp

)
−Φ

(
lmin−yp

σp

) (1)

where p is the pixel identifier, yp is the target fractional cover, bi is the i-th bin, li and ui are the

lower and upper bounds of bin i, Φ(·) is the standard normal Cumulative Distribution Function (CDF),

lmin and umax are the bounds of the extended support (with 10 extra bins), and σp is pixel-specific

standard deviation. We add support outside the valid value range totaling 70 bins, as it is important

to enable the model to predict exactly 0% as a pixel can contain exactly no standing deadwood or no

forest, which becomes especially relevant when providing statistics over large areas. Different from

Imani and White 2018, σp is computed dynamically from the fractional cover of neighboring pixels

to represent georeferencing uncertainty (see Section 5.3):

σp = std({yo : o ∈ N (p)}) (2)

where N (p) is the neighborhood around pixel p containing the set of identifiers of directly adja-

cent pixels.

Lastly, given the naturally long-tailed distribution of fractional cover we applied the inverse fre-

quency of cover value ranges as weight to the loss. We used coarser 20% bins, different from the

above 2% bins, for increased weight stability with small sample sizes. Specifically, the loss weight

for each target value y is computed as: w(y) = 1
f (g(y)) , where g(y) = ⌊y/0.2⌋ maps the fractional cover

value to its corresponding 20% bin and f computes the batch-wise frequency of a 20% bin.

The final HL-Gauss loss function is:
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LHL−Gauss =
1
|B| ∑

p∈B
w(yp) ·CrossEntropy(zp,P(·|yp,σp)) (3)

where B is the batch and zp are the predicted logits.

To convert the categorical distribution back to a regression value, we apply a softmax to obtain

bin probabilities and then compute the dot product of these probabilities with the bin-center vector;

the resulting expectation is clipped to the range 0%–100%.

ŷ = clip

(
N

∑
i=1

softmax(zi) · ci,0,1

)
(4)

where zi are the model logits for bin i, ci =
li+ui

2 is the center of bin i, and N is the total number

of bins (60 bins: 50 main bins plus 10 padding bins).

Because the model predicts a full categorical distribution over ordered bins, we can derive a

distributional spread (standard deviation) in the original regression space, which can be used as an

uncertainty indicator. We computed standard deviation from the categorical distribution is computed

as:

σ̂ =

√
N

∑
i=1

softmax(zi) · (ci − ŷ)2 (5)

2.2.3 Hyperparameters

We train with AdamW (Loshchilov and Hutter 2019) at a base learning rate of 5× 10−6 and weight

decay 0.1, applied only to weights while excluding biases, normalization parameters, positional en-

codings, and the CLS token. The schedule warms up linearly for the first 100 update steps from

1×10−7 to 5×10−6, then follows a single-cycle cosine annealing decay over the remaining steps of

the 200 training epochs. No early stopping was applied. Batch size is 512. Dropout is 0.2 in both the

token embedding stage and the transformer layers, and we additionally apply timestamp dropout with

probability 0.1.

2.2.4 Data augmentation

We employ several data augmentation techniques to reflect real-world uncertainties and data variabil-

ity. For Sentinel-2 time series, we crop to a random temporal context length between four weeks and
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four years, ensuring stable inference for 2017–2018, where far less than four years of spectral history

is available. To mimic cloudier conditions, 10% of timesteps are randomly dropped. Reflectance val-

ues are shifted by a random gain factor drawn from a normal distribution (µ = 0, σ = 0.03), consistent

with reported Sentinel-2 calibration results ((ESA) 2023, December 11). The extracted peak-season

day of year is shifted by a random number of days sampled from N (0,7d), and target fractional

cover values are jittered with N (0,0.1).

2.2.5 Epoch sampling and geographical stratification

The dataset employed here required careful balancing before model training to account for differing

geographic and standing deadwood distributions. We therefore employed a geographic stratification

that limits how much any single site or region can contribute to model training and evaluation. First,

the crowd-sourced drone data are unevenly distributed across the globe (Figure 3), reflecting inde-

pendent collection decisions by database contributors. Second, there is wide variation in the size of

the area that a single orthophoto covers, and thus also in the available labeled Sentinel-2 pixels. For

example, the 100 km × 100 km area with the most data represented 4% of the total data set (248,000

Sentinel-2 pixels). Additionally, the largest orthophoto (122,000 Sentinel-2 pixels) covers three orders

of magnitude more area than the median (120 Sentinel-2 pixels).

Because of this, we limited the number of Sentinel-2 pixels that a single site and region can

contribute to each training epoch to a fixed Sentinel-2 pixel count determined as follows: We first

split the Sentinel-2 pixels into two groups: those with 0% deadwood cover and those with > 0%

deadwood cover, enabling us to reduce the representation of non-deadwood pixels in the training

dataset. Then, for both splits, we limited the number of Sentinel-2 pixels sampled per orthophoto to

100 (1 ha). Additionally, we reduced geographic imbalances in the data by sampling a maximum of

500 Sentinel-2 pixels (5 ha) per global grid cell of 10,000 km2. Instead of applying these caps once,

we decided to resample during training with these caps from the full dataset in every epoch. Across

epochs, samples for > 0% standing deadwood cover remain largely the same as they are scarce, and

samples for = 0% standing deadwood cover will vary across epochs. This naturally regularizes the

model training, while keeping the distribution balanced and geographically representative. The outer-

folds for evaluation were subsampled once with this methodology.
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2.2.6 Evaluation

To avoid optimistic model performance estimates due to spatial autocorrelation, we employ spatial

block cross-validation (Kattenborn et al. 2022; Ploton et al. 2020). We divide the dataset into 50 km

spatial blocks in the equal-area coordinate reference system EPSG:8857 and randomly assign blocks

to ten outer folds. Within each outer fold, 10% of blocks are held out as a validation split during hy-

perparameter tuning. Results are reported across the concatenated outer-fold test sets, and variability

across folds is expressed as either standard deviation or minimum and maximum.

First, as a regression task, we evaluated recovery of tree cover and standing deadwood cover by

computing Pearson’s correlation coefficient (r) and the root mean square error (RMSE) for each cover

type. To reduce the influence of the strongly imbalanced label distribution, we report bin-resampled

estimates for these metrics: we partitioned the reference cover into 0.1-wide bins over [0,1] and as-

signed each sample a weight inversely proportional to the number of samples in its corresponding

label bin (computed per cross-validation fold), such that each label bin contributes equally within a

fold. Weighted r and weighted RMSE were then computed independently for each fold and summa-

rized as mean and standard deviation across folds. In addition, we report the mean error (ME) as the

unweighted mean of (ŷ− y) computed over all pixels within each biome, to reflect the average bias

under the natural data distribution.

Second, we evaluated the predictions as a binary classification task. Viewing the problem addi-

tionally as a binary classification task is important in the context of scattered mortality (or individual

trees), where uncovering the presence/absence of a (dead) tree is much more important than getting

the exact fractional cover value (see Section 5.3). Here, we binarized tree cover and standing dead-

wood cover at a threshold of 0%: any non-zero cover counts as present. We then computed precision

(complement of the commission error) for the present cover class over each predicted fractional range

of 5%, and, conversely, recall (complement of the omission error) over each target fractional range

of 5%. For recall, a pixel is counted as detected when its predicted cover exceeds a detection thresh-

old. We only considered 5% bins with more than 20 observations for result stability. This means that

a recall of 50% at a target fractional cover value of 20% corresponds to the model predicting cover

above the detection threshold in 50% of cases where the cover is 20%. Conversely, a precision of 50%

at a predicted cover value of 20% corresponds to the model being right in 50% cases that cover is

present (> 0%). Practically, precision can be interpreted as the probability that a location with a given
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predicted deadwood cover indeed contains at least one (dead) tree. And recall indicates the share of

pixels with a certain fractional cover that the model predicts as any standing deadwood.

2.3 Temporal context experiment

To quantify the value of increasing historical reflectance context, we evaluated model performance as

a function of the input time-series timespan, defined as the duration between the first and last times-

tamp, irrespective of the number of cloud-free observations within that interval. For each trained

model, we passed all samples from the cross-validation splits through the network and recorded pre-

dictions for progressively cropped timespans between 16 and 192 weeks in 16-week increments, and

for the 4-week timespan as an additional minimum-context setting. To ensure comparability across

timespans, we used only samples with valid predictions for all evaluated durations and in that pro-

cess aggregated to 16-week bins to maintain sufficient coverage in regions with comparatively few

cloud-free observations (see Supplementary Figure S6). The minimum evaluated timespan of 4 weeks

corresponds to the shortest temporal context encountered during training via data augmentation (see

Section 2.2.4). Performance was assessed using two complementary metrics: weighted Pearson’s

correlation coefficient (r) to evaluate recovery of fractional cover in the regression setting, and the

F1-score computed from mean precision and recall across 5% fractional-cover bins for the binary

classification task, consistent with the general evaluation protocol (see Section 2.2.6).

3 Results

This section reports cross-validation binary classification and fractional cover regression performance

across biomes (Section 3.1 and Section 3.2). We further investigate how model performance responds

to increasing lengths of historical Sentinel-2 time series, thereby quantifying the value of temporal

context for tree cover and standing deadwood cover mapping (Section 3.3).

3.1 Classification performance

We evaluated the predictions as a binary presence/absence classification (threshold 0%; see Sec-

tion 2.2.6). Because at a 0% threshold almost any prediction is non-zero and recall would be near-

uninformative, we report recall for an exemplary detection threshold of 10%, and for the stricter

thresholds of 20% and 30% in Section A.8. For tree cover, both precision and recall increased with
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Table 1: Mean and standard deviation (across cross-validation folds) of bin-resampled weighted Pear-
son’s r and RMSE, and unresampled mean error (ME), for tree and standing deadwood cover.

Biome Metric Tree Standing Deadwood

(Sub) Tropical
Pearson 0.64 (0.04) 0.41 (0.17)
RMSE 0.26 (0.02) 0.45 (0.05)

ME -0.05 (0.02) 0.03 (0.01)

Boreal and Montane
Pearson 0.64 (0.04) 0.24 (0.27)
RMSE 0.25 (0.02) 0.39 (0.09)

ME -0.07 (0.03) 0.03 (0.02)

Drylands
Pearson 0.68 (0.03) 0.35 (0.22)
RMSE 0.25 (0.02) 0.42 (0.07)

ME -0.06 (0.04) 0.04 (0.01)

Temperate
Pearson 0.67 (0.02) 0.51 (0.13)
RMSE 0.24 (0.01) 0.36 (0.05)

ME -0.05 (0.02) 0.05 (0.01)

fractional cover, approaching one above roughly 50% cover (Figure 4a): high fractional tree cover

predictions were increasingly likely to contain a tree pixel (precision), and higher target tree cover

was increasingly likely to be detected (recall). At low tree cover, precision was highest in drylands,

while recall was highest in temperate and boreal forests.

For standing deadwood cover, precision and recall were lower and more variable across biomes

(Figure 4b). Recall increased with target standing deadwood cover in all biomes and was highest in

temperate and lowest in (sub) tropical forests. Precision increased with predicted standing deadwood

cover but remained below 0.5 for boreal and (sub) tropical forests, whereas in temperate forests it

reached close to one at high predicted standing deadwood cover.

3.2 Sub-pixel fractional cover estimation performance

The following results compare predicted and target fractional cover. For tree cover, regression perfor-

mance was stable across biomes, r = 0.64−0.68 and RMSE = 0.24−0.26, with very small fold-to-

fold variability (σr = 0.02−0.04 and σRMSE = 0.01−0.02), indicating consistent performance across

folds. Tree cover showed consistent underestimation (ME = (−0.05)− (−0.07)) compared the drone

derived masks.

In contrast, standing deadwood cover showed a stronger biome dependence. The highest cor-

relation was obtained in temperate forests (r = 0.51, RMSE = 0.36). RMSE fold-to-fold varia-

tion was lowest for temperate and (sub) tropical forests (σRMSE = 0.05) and highest for boreal and
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(a) Precision and recall for fractional tree cover.
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(b) Precision and recall for fractional deadwood cover.
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Figure 4: Mean precision and recall in the binary performance task across fractional cover bins (width
= 5%). For the precision, the x-axis represents the predicted fractional cover (left). For the recall, the
x-axis represents the target fractional cover (right). The recall panels use an exemplary detection
threshold of 10%. The shaded band denotes one standard deviation across the ten cross-validation
folds. Only results for 5% bins with more than 20 samples are displayed.
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Figure 5: Mean model performance across folds and the covered timespan. F1-score measures binary
classification of Sentinel-2 pixels and Pearson’s r exact fractional cover retrieval. The displayed range
in the y-dimension denotes the minimum and maximum performance across folds. The extent on the
y-axis has the same height between standing deadwood cover and tree cover for the same metrics to
enable comparison. Vertical dashed lines are drawn at year boundaries. A horizontal dotted line is
drawn at the respective performance with one year of temporal context.
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dryland forests (σRMSE = 0.07− 0.09). Standing deadwood was consistently overestimated (ME =

0.03−0.05) compared to drone derived masks.

Overall, fold-to-fold variation was lower for tree cover than for standing deadwood cover. Per-

formance was also consistently higher for tree cover. Scatter plots comparing predicted and reference

cover values can be found in Section A.7.

3.3 Performance impact of time series length

Overall, performance increased with longer input timespans (see Figure 5). This improvement was

primarily driven by substantial gains within the first year (52 weeks) of historical context. Extending

the time series beyond one year further improved standing deadwood classification performance (F1-

score) up to approximately two years and enhanced standing deadwood cover regression performance

(Pearson’s r) up to approximately three years. In contrast, tree cover regression showed only marginal

gains beyond one year, while tree cover classification largely converged after 32 weeks. Variability

across cross-validation folds was greater for standing deadwood cover than for tree cover, yet the

overall trend of increasing performance with longer timespans remained consistent.

3.4 Qualitative comparison against drone orthophotos

Qualitative comparison of predicted against reference cover for individual held-out sites shows that

spatial patterns of tree cover are recovered consistently (Figure 6). Where the reference saturates at

100% cover, the model instead retains variability that appears better aligned with the open canopies

visible in the drone orthophotos. For standing deadwood, the model recovers the spatial pattern of

mortality but frequently not its exact fractional cover. This also holds in drylands, where herbaceous

ground cover contributes substantially to the pixel time series (sites 5791 and 350 in Figure 6). Pre-

dictions are generally smoother than the reference, so individual pixels of high reference cover are

attenuated. False positives occur predominantly at low fractional deadwood cover, and low-cover pat-

terns that trace real mortality at some sites correspond to no reference deadwood at others (Figure 7).

At some sites these patterns follow the forest edge (sites 210 and 4652), and at one tropical site (7480)

the model indicates considerably more mortality than the reference contains.
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Figure 6: Reference and predicted fractional cover for a diverse set of six representative, well-
performing held-out sites. Columns from left to right: drone orthophoto, tree cover reference derived
from that orthophoto, tree cover prediction, standing deadwood cover reference, and standing dead-
wood cover prediction. The number to the left of each row is the deadtrees.earth dataset identifier,
accessible at deadtrees.earth/dataset/⟨ID⟩.
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Figure 7: As Figure 6, but for six held-out sites selected specifically to illustrate the model’s modes
of failure.
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4 Case studies: translating cover maps into disturbance dynamics

While the model is trained to estimate tree and standing deadwood cover for the acquisition year of

each orthophoto, applying it to every year of the Sentinel-2 archive yields annual cover time series.

These time series expose the temporal dimension of forest change that the year-matched drone com-

parisons in Section 3 cannot capture. We present three case studies that demonstrate how the annual

cover maps can be translated into application-oriented monitoring products: recovering the year of

forest loss, monitoring post-disturbance recovery, and mapping the timing of tree mortality. For each

case study, the maps were generated with custom models where all orthophoto sites within 10 km (if

present) of the respective case study were excluded during training.

4.1 Case study 1: mapping the year of tropical forest loss (Northern Brazil)

Tropical forests are being altered rapidly, and monitoring forest loss is essential because it is tightly

linked to biodiversity decline, carbon emissions, and cascading impacts on ecosystem services and

local livelihoods. As a first application pathway, we translate the annual tree cover maps into the

year of forest loss, as commonly provided by dedicated disturbance products (M. C. Hansen et al.

2013; Reiche et al. 2021; Vancutsem et al. 2021). For a region in the central Amazon with evidence

of small-scale logging (Figure 8), we computed for every pixel the first year in which mapped tree

cover dropped below 50%, yielding a year-of-loss map that delineates deforestation patches with

sharp boundaries matching the high-resolution reference image. Because the model maps fractional

tree cover year over year, the same time series also reveals post-disturbance regrowth, which is highly

heterogeneous after tropical logging: the bottom-left patch, lost between 2019 and 2020, has regained

tree cover in the June 2024 map, consistent with the high-resolution reference.

Comparing the same area against three established products shows what the annual cover time

series adds (Figure 8). Global Forest Watch (M. C. Hansen et al. 2013) and the Tropical Moist For-

est product (Bourgoin et al. 2024; Vancutsem et al. 2021) captured the larger clearings but merged

adjacent patches and omitted the smallest openings, while much of the affected area lies outside the

RADD forest baseline (Reiche et al. 2021), so no alerts can be issued there irrespective of detection

performance. The products further differ in how many events they can represent: Global Forest Watch

records a single loss year per pixel, so much of what we date to 2019 or later falls within areas it

already recorded as lost before 2019, where renewed clearing goes unregistered, whereas the Tropi-
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cal Moist Forest product resolves recurrent disruptions. Mapping the state of tree cover in each year

imposes no such limit, so successive losses and the recovery between them remain visible in the same

series. Both properties matter on logging frontiers, where small openings precede full clearing and

the recovery that follows is equally gradual, so neither the onset nor the aftermath of deforestation is

resolved by binary disturbance products.
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Figure 8: Comparison of disturbance timing and spatial detail across independent forest-change prod-
ucts for a tropical logging area. Top row: our deadtrees.earth Sentinel-2 fractional tree cover map for
13 June 2024 (left) and very-high-resolution optical imagery from Google Earth/Airbus (4 Nov 2023;
contrast-stretched, right). Middle row: the first year in which the mapped fractional tree cover drops
below 50% (left) and Global Forest Watch tree-cover loss year (right; (M. C. Hansen et al. 2013)).
Bottom row: Tropical Moist Forests (TMF) first new disruption year within 2019 to 2024 (left; (Bour-
goin et al. 2024; Vancutsem et al. 2021)) and RADD alert year (low & high confidence, right; (Reiche
et al. 2021)), where green shading marks the forest baseline within which RADD issues alerts. All
products share a common colour scale for 2019 to 2024; for Global Forest Watch and TMF, areas
recorded as lost or disrupted before 2019 are shown in grey. All panels show the same spatial extent
and projection (UTM zone 21N).
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4.2 Case study 2: recovery and silviculture dynamics from time series (northern Ger-

many)

Here we show how the annual time series resolves a full disturbance-to-recovery trajectory follow-

ing a compound disturbance of fire, drought, and forest management, such as thinning. This site in

northeastern Germany was initially dominated by Scots pine and was subject to several fires and sil-

vicultural treatments (Heinken et al. 2024; Jouy et al. 2025; Schmehl et al. 2025). Ground-validated

data was made available in Schmehl et al. 2025 and is displayed atop our generated multi-year maps

in Figure 9.

The first fire occurred in August of 2018, shortly after the prediction date (center of leaf-on period)

of the product in 2018. Accordingly, the extent of the fire is visible in the 2019 product in the form

of both tree cover loss (compared to 2018) and a dense standing deadwood patch. The majority of

the north-eastern forest was cleared before June 2019 (Heinken et al. 2024). In the southwestern

part thinning and clear-cut was applied to selected plots (Schmehl et al. 2025) during autumn 2019,

as it is evident by reduced fractional tree cover in 2020. In the most southern part of the 2019 burn

extent, the fire was predominantly on the ground resulting in no immediate visible overstory mortality

(dashed line in Figure 9, surface fire). Exceptional drought and infestation contributed to the die-off

of those trees, as is visible in the standing deadwood product in 2020. A second fire lasted two days

from June 17th to 19th in 2022, just after inference date, further decreased tree cover within the burn

extent for 2023. The forest product shows an increase in the northern cover for the years 2024 to

2025 suggesting forest recovery was also visible in drone orthophotos in the same years. Overall,

this case study demonstrates that combined mapping of tree and standing deadwood cover reveals

fine-scale degradation patterns as well as recovery trajectories. In comparison, the European Forest

Disturbance Atlas (Viana-Soto and Senf 2025) and Global Forest Watch (M. C. Hansen et al. 2013)

only reveal that the location was disturbed but do not reflect mortality, thinning, or recovery dynamics

(see Supplementary Figure S5a and Supplementary Figure S5b).
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Forest Cover Standing Deadwood Cover

Figure 9: Fractional tree cover and standing deadwood product from 2018 to 2025 for a disturbance
site in north-eastern Germany (52.04331°N, 12.92220°E). Ground-validated burn extent and monitor-
ing plots on different silvicultural treatments were derived from Schmehl et al. 2025 (colored boxes
in 2020). Rightmost column displays drone orthophotos within the respective year on multiple sites
(blue).
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4.3 Case study 3: mapping the timing of mortality (Saxon and Bohemian Switzerland,

Germany and Czech Republic)

Standing deadwood persists for several years after tree death, so the annual time series can be re-

duced to the year in which mortality first became apparent. For Saxon Switzerland National Park

and the adjoining Bohemian Switzerland National Park, we mapped for each pixel the first year in

which standing deadwood cover exceeded 50% (Figure 10). The resulting map dates the bark beetle

(Ips typographus) outbreak that killed much of the Norway spruce across both parks (Beetz et al.

2025; Pietzsch et al. 2023). Mortality became detectable in 2018, peaked in 2020 with 2515 ha, and

declined steeply after 2022, consistent with progressive depletion of susceptible host trees. Newly af-

fected area shifted from west to east over the course of the outbreak, resolving the direction in which

the infestation advanced. At the stand level, mortality is resolved down to groups of a few pixels em-

bedded in surviving canopy, and neighbouring patches frequently differ in the year they died (insets

in Figure 10).
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Figure 10: Timing of tree mortality across Saxon Switzerland National Park (Germany) and the adja-
cent Bohemian Switzerland National Park (Czech Republic), derived from the annual standing dead-
wood cover time series (10 m, EPSG:3035). Left: for each pixel, the first year in which mapped
standing deadwood cover exceeded 50%, where the earliest class also contains pixels that crossed
the threshold before 2018; pixels without such an event are shaded by their mapped tree cover for
2025. Right: forest area affected per year of first mortality, in colours shared with the map. Bottom:
fine-scale detail at the four locations outlined on the map, all covering the same extent (scale bar in
panel 1).

5 Discussion

In the following, we contextualize the scope, strengths, and limitations of the presented methodology.

We first delineate the functional capabilities and inherent constraints of the methodology, discuss

assumptions on phenological dynamics, forest structure, and georeferencing uncertainty. We then re-

flect on the length of satellite time series, evaluation limits imposed by weak supervision, and biome-

specific performance patterns. Finally, we highlight research and operational applications enabled by

globally consistent, annually resolved canopy-fraction products.
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5.1 Scope of the resulting maps and methodological limitations

From a methodological perspective, the resulting annual maps are designed to represent canopy-

level forest state and its evolution through time by jointly estimating fractional standing deadwood

cover and fractional tree cover at 10 m resolution. This paired representation enables detection of

top-of-canopy mortality signals (increases in standing deadwood cover) and subsequent tree loss (a

decrease in tree cover), and, critically, allows these processes to be tracked as multi-year continuous

trajectories rather than discrete classification of single-events. Because both variables are estimated

as continuous sub-pixel fractions, the methodology can represent gradual disturbances and dieback

within a pixel, as well as the subsequent recovery of tree cover during regrowth as crowns expand

and gaps fill in. In addition, fractional tree cover provides an explicit measure of canopy openness,

enabling differentiation between naturally open-canopy systems and dense, closed-canopy forests,

which is important for interpreting disturbance impacts across biomes. Thus, the presented method

provides sub-pixel metrics that enable year-over-year tracking of mortality, disturbance and recovery

dynamics.

In this study, we assume that leaf-loss and browning in the leaf-on season is a reliable indicator

of tree death (see Section 2). However, defoliation does not always indicate recent or proximate tree

mortality. In some cases, trees may defoliate and refoliate within the same season, as observed in the

response of Pinus radiata to the disease red needle cast (Dick et al. 2014; Watt et al. 2024), and of

Mediterranean beach to a late frost (D’Andrea et al. 2019). In other cases, pest and pathogen impacts

may be confined to the upper crown, such that residual or resprouting foliage persists below the dead

crown and may be partially obscured in top-down imagery, causing stressed but living trees to appear

dead when viewed from above. Although single defoliation events are often not sufficient to cause

tree death, they can weaken trees, deplete carbohydrate reserves, and reduce growth rates, thereby

increasing susceptibility to secondary stressors such as pests and diseases, and elevating tree mortal-

ity rates (Silvestro et al. 2025). While these phenomena complicate the detection of tree mortality,

the temporal context of fractional yearly standing deadwood cover for relatively small areas aids in

distinguishing temporary leaf-loss from continued leaflessness and death. Downstream analysis will

need to take such phenomenon into account for accurate interpretation.

The proposed methodology maps and validates standing deadwood cover at the midpoint of the

regional leaf-on season in each year. Leaf-on season is defined at the level of 40-km pixels, and thus
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encompasses regional and stand-level averages. However, leaf phenology including the timing of the

leaf-on phase in deciduous individuals can vary substantially among species and trees within stands

and regions, particularly in water-limited biomes (Park et al. 2026). This may partially explain the

lower model performance in tropical or dryland ecosystems with high phenological variation within

stands and/or among years (see Table 1). In these ecosystems, it is rarely immediately clear whether

leaflessness corresponds to tree death, even with in-situ visual inspection. Furthermore, the regional

mid-point leaf-on date may not be a useful point of reference for some trees and years, given complex

and variable phenological patterns. Time series of standing deadwood cover and tree cover should

nonetheless provide a solid basis for mapping tree mortality. We expect that mortality predictions will

be improved in the future through development of more complex models incorporating finer temporal

resolution and/or more detailed or adaptive phenological characterization.

Top-down optical imagery from drones and satellites has inherent limitations in detecting tree

mortality in dynamic and multi-layered forest canopies. Aerial optical imagery is dominated by the

top-most vegetation layer, and tree mortality in understory layers can be completely missed if the

upper layer is unaffected. Even mortality in the canopy is harder to detect in multi-layered canopies,

as disturbed patches can retain a green-dominated spectral signature if one or more understory layers

remain (Coppin and Bauer 1996; Stephen Frolking et al. 2009). Further, rapid vegetation regrowth and

ingrowth, often accompanied by rapid decomposition or collapse of canopy deadwood, can quickly

erase any signal of canopy mortality events. Hence, substantial tree mortality may be accompanied

by only small and transient shifts in cover (both standing deadwood and tree cover), which can be

difficult to distinguish from seasonal deciduousness or other transient defoliation. As a result, it can

be assumed that the method is only sensitive to fractional tree cover when the canopy gap fraction

substantially increases (see Section 4.1 and Section 3).

5.2 The value of long spectral time series

Sentinel-2 lacks the spatial resolution that is necessary to explicitly resolve exact standing deadwood

or tree cover within a given pixel, but it has the advantage of high temporal resolution which provides

temporal context. This temporal information adds value in two distinct ways. First, the temporal tra-

jectories in multispectral reflectance display the spectral fingerprint of forest dynamics. For example,

a disturbance event in a temperate forest is expected to reveal itself as a sudden breakpoint in what

would otherwise be a stable seasonal pattern (M. C. Hansen et al. 2013; Schiefer et al. 2023). Second,
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Figure 11: Illustration of how small spatial offsets propagate into large pixel-wise errors for 10 m
fractional cover mapping. A single tree crown (solid outline) is converted to fractional cover in a 2 ×
2 pixel window (left). Shifting the crown by 7 m southeast (dashed outline; right) changes the distri-
bution of fractional cover across pixels, yielding an RMSE of 0.33 when comparing to the reference
raster.

dense time series provide redundancy against reflectance variation unrelated to vegetation change,

such as sensor noise, atmospheric scattering, or cirrus clouds, enabling more robust quantification of

the target variable (Rußwurm and Körner 2020; Tseng et al. 2023). Together, these advantages help

detect subtle changes and offset the coarse spatial resolution.

Our temporal context experiment showed the benefit of increased temporal resolution and extent

(see Section 3.3). In the context of deep learning and vegetation mapping from Sentinel-2 time se-

ries, mostly time spans of up to two years are considered (Montero et al. 2024a, 2025; Rußwurm and

Körner 2020; Schiefer et al. 2023; Tseng et al. 2023; H. K. Zhang et al. 2025). Our findings highlight

that the first year of historical temporal context is the most critical, but additional years further boost

the performance for standing deadwood cover estimation. We hypothesize that for standing dead-

wood longer timeseries are more important as they can capture the sudden or gradual death process.

All experiments used four weeks to four years of context before the disturbance, so they quantify

the value of pre-disturbance temporal context but not single-timestep baselines or post-disturbance

observations.

5.3 Evaluation limits from georeferencing uncertainty

Because the georeferencing of both Sentinel-2 observations and crowd-sourced drone orthophotos is

only accurate to the meter scale, the training and evaluation targets are both approximate, making

model training a weakly supervised task. To bound this uncertainty, deadtrees.earth retains only or-
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thophotos with less than 15 m offset relative to publicly available aerial basemaps (Mosig et al. 2026).

For Sentinel-2, Copernicus reports < 12 m absolute geolocation error at 95.5% confidence, < 5 m

multitemporal registration error at 95.5% confidence, and < 0.3 px multispectral registration error at

99.7% confidence (Choi et al. 2025; Copernicus n.d.). Even within these bounds, small spatial shifts

can strongly affect pixel-wise fractional cover labels: a shift of only 7 m can redistribute cover across

adjacent 10 m pixels and substantially change per-pixel values, which is particularly consequential for

scattered standing deadwood and very sparse forests (Fig. 11). As a result, pixel-to-pixel evaluation

can overestimate error and imposes an upper bound on model performance scores even with infinite

model capacity and training data. Across the full dataset, for a pixel-to-pixel evaluation we obtained

weighted RMSE values of 0.41 for standing deadwood cover and 0.25 for tree cover (mean across

biomes) Table 1.

In contrast, spatial shifts conserve area totals, such that large-area bias estimates are consider-

ably more stable: at biome level, our model overestimated standing deadwood cover by only 4% and

underestimated tree cover by 6% Table 1, where tree cover underestimation is driven by little sen-

sitivity to crown gaps of the drone tree segmentation model (see Section 2.1.1). This indicates that

further improvements in pixel-level correlation or mean-error metrics are not necessarily the most

meaningful optimization target. Consistently, aggregating predictions to coarser 50 and 100 m grids

reduces the effect of these sub-pixel offsets and improves the agreement between predictions and

reference (Section A.7). The issue is exacerbated for binary disturbance products (disturbed/intact),

where a meter-scale shift near the presence/absence threshold flips the entire class label rather than

changing a value incrementally (Alix-Garcia and Millimet 2023), an all-or-nothing error that is most

consequential for sparse or scattered targets; such maps remain common in operational monitoring

(M. C. Hansen et al. 2013; Viana-Soto and Senf 2025). Future work should consider training and

evaluation protocols that account for georeferencing uncertainty rather than enforcing strict per-pixel

agreement (Mnih and Hinton 2012); our preliminary adaptation to sub-pixel shifts produced smoother

maps without improving accuracy (not shown). Lastly, these georeferencing uncertainties are partly

mitigated by scale: as the reference archive expands across regions and years, the model can learn

invariant temporal–spectral patterns and become increasingly robust to geolocation offsets.

The performance metrics we report characterize model error on the reference dataset, not the

accuracy of a wall-to-wall map. Because the deadtrees.earth orthophotos are contributed opportunis-

tically rather than drawn as a spatially representative probability sample, the cross-validation scores
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reflect how well the model reproduces sub-pixel cover where reference data happen to exist, and need

not carry over to regions or conditions that the archive underrepresents (Meyer and Pebesma 2022).

Although we make wall-to-wall maps available through deadtrees.earth for comment by the research

community, these must be interpreted with caution.

5.4 Current model capabilities, limitations, and future model improvements

Precisely mapping fractional cover from Sentinel-2 in scattered-mortality or open-canopy settings is

challenging because tree crowns are often smaller than the 10 m pixel (Jucker et al. 2025), and a

pixel’s reflectance mixes signals from neighboring pixels (Choi et al. 2025) and varies with georef-

erencing shifts and site conditions (stand structure, understory, heterogeneity) unrelated to the cover

value (also see Section 5.3). Despite these challenges, we observed consistent precision and recall

performance for cover values above 50%, where the model generally performed much better for tree

cover than standing deadwood (see Figure 4).

Performance however rapidly decreased for low fractional cover values (< 50%, also see Fig-

ure 1), especially for standing deadwood. A key difference between tree and standing deadwood

cover was reference data availability. Overall, the available training data for fractional tree cover was

about 5 times larger than for standing deadwood cover (7.27 vs. 1.37 million pixels for cover > 0%)

and about 91 times larger for cover values above 50% (4.55 vs. 0.05 million for cover > 50%). This

inequality is naturally inherited from the problem definition where standing deadwood cover is a

subset of tree cover, and most sites only have low levels of tree mortality.

The model performed worse in tropical and boreal forests than in other biomes. In these forests,

reliably mapping standing deadwood, especially scattered deadwood, remained challenging due to

limited cloud-free observations (see Supplementary Figure S6). In the tropics specifically, this is

likely exacerbated by strong vertical vegetation stratification, high phenological heterogeneity, and

predominantly scattered mortality patterns (Espı́rito-Santo et al. 2014; Xu et al. 2026). For boreal

forests, smaller crowns and generally more open canopy forests with lower tree cover likely increase

the difficulty. Lastly, reference data on standing deadwood was comparably underrepresented in both

biomes, showing promising room for future improvement. As our spatial block cross-validation (Plo-

ton et al. 2020; Roberts et al. 2017) evaluates on spatially independent held-out regions, we attribute

this gap to sparse training data preventing the model from learning the specific features of these

biomes.
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In both the reference data and the model predictions, standing deadwood cover above 70% was

rare in non-temperate biomes, so precision and recall could not be estimated reliably at such high

cover there (see Figure 4 and Section 2.2.6). This scarcity is only partly a dataset gap (Supplementary

Figure S7); to a large extent it reflects a genuine ecological ceiling on how high fractional deadwood

cover can become in these biomes. Because standing deadwood cover cannot exceed tree cover, open-

canopy systems such as drylands and boreal woodlands, where tree cover is well below 100%, cap the

attainable deadwood fraction: even complete die-off of a woodland with 50% tree cover yields at most

about 50% deadwood cover. In addition, where mortality is scattered rather than stand-replacing, indi-

vidual dead crowns rarely fill an entire 10 m pixel, so high per-pixel fractions occur only occasionally,

when crown and pixel boundaries happen to align (see Figure 11).

Taken together, these patterns suggest that the main limitations can be attributed to underrep-

resented regions and conditions, and should resolve with a more comprehensive training data set.

Each new contribution to the database platform deadtrees.earth has the potential to improve the ro-

bustness and generalization capabilities of the model. Commonly, training datasets are created and

harmonized only once as a preprocessing step. However, in this work, the data flow and balanc-

ing scheme during model training was specifically designed to dynamically scale with the growing

archive of drone data (see Section 2.2.5). Both tree cover and standing deadwood segmentation mod-

els can be automatically applied to new data. Sentinel-2 data preprocessing is automated through

sentle (github.com/cmosig/sentle). In total, apart from manual quality checks of new contributions

and automated segmentations, the presented overall workflow enables regular and automatic model

retraining, such that every new drone orthophoto can improve the Sentinel-2 based maps.

Compared to existing state-of-the-art continental-scale products, our model showed qualitatively

better agreement with the reference data in the case studies (see Section 4.1 and Section A.3), cap-

turing gradual change and partial disturbances that binary disturbance masks miss and distinguishing

canopy-visible mortality from subsequent tree loss. For fractional tree cover, a quantitative com-

parison against the Global 30 m Landsat Tree Canopy Cover (Sexton et al. 2013) and Copernicus

Tree Cover Density (Copernicus Land Monitoring Service 2020) products, evaluated on identical

held-out cells, shows closer agreement of our estimates with the drone reference (Section A.6). The

disturbance-product comparisons remain qualitative and limited to a small set of sites; future work

should therefore focus on exhaustive quantitative benchmarking against disturbance products and

centimeter-scale, ground-validated data across disturbance types, severities, and biomes.
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5.5 Applications of map products beyond quantification

Applied across the full Sentinel-2 archive, the single-year cover estimates form annual time series of

tree and standing deadwood cover, from which a range of disturbance and mortality dynamics can be

derived (Section 4). Because the maps separate standing mortality from tree loss, disturbances can

be attributed to causes such as fire, harvest, or drought, and recovery rates and standing-deadwood

persistence can be quantified. Such trajectories also inform carbon-cycle assessments, where mortality

can flip ecosystems from carbon sinks to sources (Migliavacca et al. 2025b; Schulze 2006; Wijas et

al. 2024), while current-year mortality maps can act as early-warning signals for insect outbreaks

in remote regions and guide ground or aerial surveys (Korznikov et al. 2025; U.S. Forest Service

2025). Beyond disturbance, the globally consistent tree cover maps can inform research on treelines,

forest fragmentation, and trees outside forests (Garbarino et al. 2023; Liu et al. 2023), and, requiring

no external forest mask, serve as priors or training targets for weakly supervised segmentation in

higher-resolution imagery (Schmitt et al. 2020).

6 Conclusion

We introduce a methodology to map yearly fractional tree cover and fractional standing deadwood

cover at 10 m resolution (2018–2025) from four-year Sentinel-2 multispectral pixel time series. We

trained and evaluated the satellite-based models with centimeter-scale drone orthophotos from dead-

trees.earth, which were used to create a globally distributed standing deadwood cover and tree cover

dataset using semantic segmentation models. This represents the first globally consistent mapping ap-

proach that simultaneously tracks fractional tree cover and standing deadwood cover across biomes,

thereby enabling new perspectives on disturbance trajectories and post-disturbance ecosystem dy-

namics.

Across biomes, the satellite-based models reproduced tree cover more accurately than standing

deadwood cover, with clear biome dependence and the expected sensitivity to reference data avail-

ability. We show that the length of satellite time series has a strong imprint on the model performance,

highlighting the value of continuous Earth observation products. Multiple case studies indicate that

the maps recover known, fine disturbance patterns and timing with higher sensitivity to fine-scale dy-

namics compared to existing state-of-the-art disturbance products. Together with the open processing

stack, this methodology provides a path towards globally consistent fine-scale disturbance metrics for
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ecology, carbon cycle studies, risk assessment, and targeted field campaigns.

Code and Data Availability

The Sentinel-1 and -2 processing pipeline (see Section 2.1.3) is publicly available in the form of a

python package: github.com/cmosig/sentle. The version used in this paper is 2025.10.1. The code

to reproduce the results and the model will be made public after acceptance of the manuscript. The

preprocessed training dataset including Sentinel-2 data and references rasters will be made avail-

able after the acceptance of the manuscript. Previews of tree cover and standing deadwood cover

maps generated with the introduced methodology will be made available and continuously updated

on deadtrees.earth/deadtrees.
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A Appendix

A.1 Center of leaf-on period global map

Supplementary Figure S1 maps, for each location, the phenology-derived day-of-year on which the

Sentinel-2 time series is centered (see Section 2.1.2).
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Figure S1: Computed training and inference day-of-year (see Section 2.1.2) based on phenology
indicator on deadtrees.earth (Mosig et al. 2026). Projection is MODIS Sinusoidal (ESRI:54008).

A.2 Case study: insect-driven mortality in boreal taiga (Sakhalin, Russia)

This collection of tree mortality sites is located on Sakhalin Island (Russia), in the Northwest Pacific

region, a boreal taiga biome (Korznikov et al. 2022, 2025). The sites were first delineated through

Pléiades-2, WorldView-2, and WorldView-3; and subsequently confirmed on the ground by local

researchers. Further, the local surveys identified the affected tree species and the mortality agent (see

Supplementary Table S1).

The model mapped a standing deadwood cover above ≥ 20% for 74%, 92%, 99%, and 1% of

the affected area across the sites A-D, respectively. The site that was affected by silkworms (site D)

obtained fractional cover values averaging 1.4% standing deadwood and 30% for tree cover, thus not

mapping the standing deadwood correctly. It is worth noting that the silkworm infestation happened

before the Sentinel-2 launch between 2011 and 2014, and hence within the temporal spectral context,
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Table S1: List of ground validated sites on Sakhalin Island (Russia). Column year denotes year of
observation and map creation. Observation (Obs.) is the date where the observation was confirmed on
the ground. Inference (Inf.) date is the date where the product was created on the respective location.
Bark beetle refers to Ips typographus, silkworm refers to Dendrolimus superans. Species names:
spruce – Picea jezoensis, Picea glehnii (only in the cite C), fir – Abies sachalinensis, larch – Larix
gmelinii

.
Site Year Obs. date Inf. date Affected species Mortality agent Centroid

A 2020 Sep 12th Jul 5th Spruce bark beetles 142.6205°N 47.4857°E
B 2021 Jun 9th Jul 5th Spruce bark beetles 142.4572°N 47.4134°E
C 2021 Aug 2nd Jul 1st Spruce bark beetles 141.9992°N 47.4586°E
D 2018 Jul 9th Jul 15th Fir, Spruce, Larch silkworms 142.0757°N 48.5547°E

the trees were not alive at any point and only standing deadwood. All sites affected by bark beetles

were accurately recovered by the model and mapped outbreak patches closely matched the provided

polygons (see Supplementary Figure S2). In comparison, Global Forest Watch (M. C. Hansen et al.

2013) recorded loss at all four sites over its full 2001–2024 record, but covering only part of the

delineated mortality, and it dates the loss at site D to 2011–2013 (rightmost column of Supplementary

Figure S2), consistent with the silkworm infestation preceding the Sentinel-2 archive. Note that the

provided data only report tree mortality within the delineated sites; it cannot be assumed that tree

mortality is absent in regions outside the polygons.
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Figure S2: Ground-validated tree mortality sites A–D on Sakhalin Island (Russia; see Supplementary
Table S1). Rows show the four sites, with site A split into its northern and southern cluster. Columns
show, from left to right, the mapped fractional standing deadwood cover (grey scale) and the mapped
fractional tree cover (green scale), both for the inference year of the respective site; the mortality
delineated in the field by local experts; and the year of forest loss recorded by Global Forest Watch
(M. C. Hansen et al. 2013) over its full 2001–2024 record. The third column is the reference against
which the mapped covers are compared and shows the delineation at its full resolution; the remaining
columns carry no overlay, so the mapped values remain fully visible. Dashed guides mark identical
positions in every panel of a row to aid comparison across columns. All panels of a row share the
same extent, and axes are metres relative to the lower-left corner of that window.
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A.3 Case study supplements: field inventory, plot locations, and comparison with ex-

isting products

Following a bark beetle outbreak, three areas in the Italian Alps were surveyed with drones (about 100

ha per area were covered) in June 2024. A ground survey of 20 plots in total was performed within the

surveyed area in October 2024. In each plot, approximately 1 ha in size, the surveyors labeled each

tree in the June drone imagery by recording the state of mortality and tree species. The dominant tree

species on these plots were Picea abies (64%), Abies alba (20%), Fagus sylvatica (11%), and Larix

decidua (2%). For the same sites we mapped standing deadwood cover and tree cover for June 5th

2024 (maximum greenness day of year).

Comparisons of the field recorded state of mortality with Sentinel-2 mapped fractional cover

yielded strong overlaps (see Supplementary Figure S3). The dense tree mortality hotspot was recov-

ered in the maps. For the plots Asiago-1, Asiago-14, and Visdende-5, the model mapped tree mortality

with low standing deadwood cover (< 50%) where there were only healthy trees present in the sur-

vey. For the sites Visdende-2, Ciapela-1, and Ciapela-3 the mapped cover is consistently shifted by

5−10 m, which is within expectation of the registration accuracy of Sentinel-2.

In comparison, the European Forest Disturbance Atlas (Viana-Soto and Senf 2025) and Global

Forest Watch (M. C. Hansen et al. 2013) do show coarse disturbance signals for a subset of patches,

while the majority of scattered mortality is not mapped (see Supplementary Figure S4a and Supple-

mentary Figure S4b). Supplementary Table S2 lists the centroid coordinates of the plots surveyed in

this field inventory.

Table S2: Centroid locations of each plot in the forest inventory comparison of Section A.3.

Plot Name Number Centroid

Asiago 1 45.9384°N 11.6252°E
Asiago 2 45.9377°N 11.6223°E
Asiago 3 45.9336°N 11.5993°E
Asiago 4 45.9375°N 11.6158°E
Asiago 5 45.9389°N 11.6145°E
Asiago 9 45.9362°N 11.6110°E
Asiago 10 45.9367°N 11.6048°E
Asiago 13 45.9333°N 11.6041°E
Asiago 14 45.9342°N 11.6171°E
Ciapela 1 46.4204°N 11.9337°E

Plot Name Number Centroid

Ciapela 2 46.4222°N 11.9261°E
Ciapela 3 46.4235°N 11.9286°E
Ciapela 4 46.4217°N 11.9310°E
Ciapela 5 46.4233°N 11.9255°E
Ciapela 6 46.4189°N 11.9361°E
Visdende 1 46.6195°N 12.6587°E
Visdende 2 46.6140°N 12.6528°E
Visdende 3 46.6133°N 12.6559°E
Visdende 5 46.6212°N 12.6590°E
Visdende 6 46.6180°N 12.6581°E
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Asiago - 1 Asiago - 2 Asiago - 3 Asiago - 4

Asiago - 5 Asiago - 9 Asiago - 10 Asiago - 13

Asiago - 14 Ciapela - 1 Ciapela - 2 Ciapela - 3

Ciapela - 4 Ciapela - 5 Ciapela - 6 Visdende - 1

Visdende - 2 Visdende - 3 Visdende - 5 Visdende - 6
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Figure S3: Comparison of mapped standing and tree cover against field-inventory for 20 plots in
northern Italy in 2024. Each point corresponds to a tree, where dead trees are marked with orange and
green otherwise. Mapped standing deadwood cover is displayed atop tree cover for pixels where the
mapped deadwood cover was larger than 25%. The bounds of each plot are denoted by the convex
hull (blue). Centroid locations in Supplementary Table S2.
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(a) EFDA (Viana-Soto and Senf 2025).
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Dead Alive Plot Convex Hull

(b) GFW (M. C. Hansen et al. 2013).

Figure S4: Italian Alps forest inventory: Identical visualization to Supplementary Figure S3 but distur-
bance map was obtained from Global Forest Watch (GFW) (M. C. Hansen et al. 2013) and European
Forest Disturbance Atlas (EFDA) (Viana-Soto and Senf 2025).
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Figure S5: Northern Germany case study: Aggregated visualization for site in Section 4.2, with distur-
bance map from obtained from Global Forest Watch (GFW) (M. C. Hansen et al. 2013) and European
Forest Disturbance Atlas (EFDA) (Viana-Soto and Senf 2025). Red line shows extent of fire for 2018
(see Section 4.2).

A.4 Number of available timesteps per biome per year

Supplementary Figure S6 shows the distribution of cloud- and snow-free Sentinel-2 observations per

year across biome groups.
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Figure S6: Violinplot of cloud-free and snow free observations per year across biome groups, where
plot width depicts kernel density estimate. Dashed lines corresponds to median (thick dashed) and
25th and 75th quantile (thin dashed).
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A.5 Reference label distribution per cover class

Complementing the spatial distribution of reference data (Figure 3), Supplementary Figure S7 shows

how the reference labels are distributed across fractional cover values, separately for tree and stand-

ing deadwood cover and broken down by biome. Both classes are strongly imbalanced toward low

cover, most pronounced for standing deadwood, which motivates the bin-resampling applied during

evaluation (see Section 2.2.6).
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(a) Tree cover.

0 10 20 30 40 50 60 70 80 90 100
Standing Deadwood Cover (upper bin edge) [%]

101

102

103

104

105

106

107

Se
nt

in
el

 P
ixe

ls 
[#

]

(Sub) Tropical
Boreal and Montane
Drylands
Temperate

(b) Standing deadwood cover.

Figure S7: Number of labeled Sentinel-2 pixels per 10% fractional cover bin (upper bin edge), broken
down by biome, for (a) tree cover and (b) standing deadwood cover across the full dataset, i.e., the
same reference data shown spatially in Figure 3. Note the logarithmic y-axis.

A.6 Comparison with existing fractional tree cover products

We benchmark our fractional tree cover against two existing products that report per-pixel tree cover

as a fraction: the Global 30 m Landsat Tree Canopy Cover product (GFCC, epoch 2015) (Sexton et al.

2013) and the Copernicus Land Monitoring Service Tree Cover Density product (TCD, 10 m, Europe)

(Copernicus Land Monitoring Service 2020). Both products and our model are evaluated against the

same drone-derived tree cover labels on the held-out cross-validation test folds, over the identical set

of cells where the respective product is valid. Our model and the drone labels are aggregated from

their native 10 m grid to the product support (30 m for GFCC, native 10 m for TCD) by averaging the

10 m values within each cell. Each product is resampled onto our cell centres by reprojecting the cell

centre and nearest-neighbour sampling the product (GFCC in EPSG:4326, TCD in EPSG:3035); the

product percentages are rescaled to [0,1] and nodata cells are dropped. For GFCC we use the 2015

epoch, the closest available to the 2018–2024 drone acquisitions; for TCD we use the yearly layer

closest to each site’s acquisition year.

Against the drone labels, our model agrees better than either product (Supplementary Table S3,
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Table S3: Tree-cover agreement at 30 m against drone labels for our model and GFCC30TC (2015),
on the held-out cross-validation test set: mean (std) across folds of bin-resampled weighted Pearson’s
r, weighted RMSE, and mean error (ME). Both methods use the identical set of 30 m cells where
GFCC is valid.

Biome Metric Our Model (30 m) GFCC (30 m)

(Sub) Tropical
Pearson 0.71 (0.04) 0.40 (0.07)
RMSE 0.22 (0.01) 0.39 (0.03)

ME -0.00 (0.03) -0.16 (0.03)

Boreal and Montane
Pearson 0.72 (0.04) 0.37 (0.07)
RMSE 0.21 (0.01) 0.34 (0.04)

ME -0.01 (0.05) -0.13 (0.10)

Drylands
Pearson 0.75 (0.05) 0.43 (0.16)
RMSE 0.21 (0.01) 0.41 (0.03)

ME -0.03 (0.03) -0.18 (0.09)

Temperate
Pearson 0.74 (0.01) 0.39 (0.04)
RMSE 0.21 (0.00) 0.33 (0.01)

ME -0.01 (0.02) -0.13 (0.03)

All
Pearson 0.73 (0.02) 0.40 (0.03)
RMSE 0.21 (0.01) 0.35 (0.01)

ME -0.01 (0.01) -0.15 (0.02)

Supplementary Table S4, Supplementary Figure S8, and Supplementary Figure S9). At 30 m across

all sites, our model reaches a weighted Pearson’s r of 0.73 and RMSE of 0.21, compared to r = 0.40

and RMSE = 0.35 for GFCC, which also systematically underestimates tree cover (ME =−0.15). At

10 m over the European sites, our model reaches r = 0.68 and RMSE = 0.23, compared to r = 0.38

and RMSE = 0.48 for TCD. Two caveats apply. The Copernicus TCD comparison is restricted to

the subset of European sites where the product is spatially and temporally available, and there our

model and TCD are evaluated on exactly the same cells. The GFCC comparison instead uses all sites

globally, with the caveat that its 2015 epoch can precede the 2018–2024 drone reference by up to

about a decade, so part of the disagreement reflects real forest change rather than product error.
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Table S4: Tree-cover agreement at 10 m against drone labels (European sites) for our model and
Copernicus Tree Cover Density (yearly, matched to acquisition year), on the held-out cross-validation
test set: mean (std) across folds of bin-resampled weighted Pearson’s r, weighted RMSE, and mean
error (ME). Both methods use the identical set of 10 m cells where TCD is valid.

Biome Metric Our Model (10 m) Copernicus TCD (10 m)

Boreal and Montane
Pearson 0.64 (0.10) 0.49 (0.12)
RMSE 0.24 (0.03) 0.40 (0.23)

ME -0.02 (0.05) 0.04 (0.15)

Drylands
Pearson 0.72 (0.05) 0.50 (0.12)
RMSE 0.22 (0.02) 0.31 (0.05)

ME -0.04 (0.06) -0.09 (0.06)

Temperate
Pearson 0.67 (0.02) 0.35 (0.18)
RMSE 0.23 (0.01) 0.54 (0.23)

ME -0.05 (0.02) 0.02 (0.10)

All
Pearson 0.68 (0.02) 0.38 (0.15)
RMSE 0.23 (0.01) 0.48 (0.19)

ME -0.05 (0.02) 0.01 (0.08)
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Figure S8: Predicted versus drone-derived tree cover at 30 m on the held-out test set, for (a) our model
and (b) GFCC (Sexton et al. 2013), over the identical set of 30 m cells. Dashed line is the 1:1 relation;
shading shows point density.
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Figure S9: Predicted versus drone-derived tree cover at 10 m on the held-out European test sites,
for (a) our model and (b) Copernicus TCD (Copernicus Land Monitoring Service 2020), over the
identical set of 10 m cells. Dashed line is the 1:1 relation; shading shows point density.
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A.7 Predicted-versus-reference agreement and spatial aggregation

We assessed per-pixel agreement between predicted and drone-derived reference cover on the held-out

cross-validation test folds, separately for tree and standing deadwood cover, with each pixel scored

only by the fold in which it was never used for training. To visualise the joint distribution without

the dominant low-cover pixels saturating the display, points are resampled to a uniform marginal

along the reference axis (1%-wide reference bins, 200 points drawn per occupied bin) and coloured

by local density (Gaussian kernel-density estimate, plotted in ascending density order); the dashed

1:1 line marks perfect agreement. The orange line with circular markers is the binned conditional

mean of the prediction: for each 5%-wide reference-cover bin, the mean prediction computed on the

raw (unresampled, density-weighted) pixels, with the shaded band showing ±1 standard deviation

within the bin; bins containing 20 or fewer pixels are omitted. A curve lying below the 1:1 line

indicates under-prediction at that reference level, and a flattening indicates saturation. We repeat the

comparison at 10 m (native), 50 m, and 100 m to remove the effect of sub-pixel geolocation error (see

Section 5.3) and to show that agreement improves at larger scales; coarser scales are obtained by a

moving-window average over the native 10 m grid (5×5 and 10×10 pixels), retaining one aggregated

value per native pixel. As shown in Supplementary Figure S10 and Supplementary Figure S11, the

binned mean approaches the 1:1 line and the spread narrows at coarser scales.
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Figure S10: Per-pixel agreement between predicted (y-axis) and drone-derived reference (x-axis) tree
cover in percent, by biome (rows) and analysis scale (columns: 10, 50, 100 m), on the held-out test
set. Green-to-brown shading shows point density after resampling the reference axis to a uniform
marginal; the dashed line is the 1:1 relation, and the orange line with markers is the binned conditional
mean (mean prediction per 5% reference-cover bin) with the ±1 standard deviation band.
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Figure S11: Per-pixel agreement between predicted (y-axis) and drone-derived reference (x-axis)
standing deadwood cover in percent, by biome (rows) and analysis scale (columns: 10, 50, 100 m),
on the held-out test set. Plotting conventions as in Supplementary Figure S10.
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A.8 Recall at higher detection thresholds

The main-text recall (Figure 4) uses an exemplary detection threshold of 10% fractional cover (see

Section 2.2.6). For reference, Supplementary Figure S12 shows recall as a function of target cover

for the stricter thresholds of 20% and 30%, for tree and standing deadwood cover. As expected, recall

decreases at higher thresholds, since a pixel is counted as detected only when the predicted cover

exceeds the threshold.
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(b) Tree cover, 30% threshold.
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(c) Standing deadwood cover, 20% threshold.
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(d) Standing deadwood cover, 30% threshold.

Figure S12: Recall across target fractional cover bins for detection thresholds of 20% and 30%
(complementing the 10% threshold used in the main text), per biome. The shaded band shows the
minimum-to-maximum range across cross-validation folds.

52



A.9 Example of multi-year bark beetle outbreak tracking

Supplementary Figure S13 shows how the yearly maps track the multi-year spread of a bark beetle

outbreak on the Feldberg, Germany.

426800 427000 427200 427400 427600
Easting [m]

5.3028

5.3029

5.3030

5.3031

5.3032

5.3033

5.3034

5.3035

No
rth

in
g 

[m
]

1e6

200 m
0 5 10

Affected area [ha]

2018

2019

2020

2021

2022

2023

2024

2025

Figure S13: Bark beetle induced mortality spreading from 2018 to 2025 on the Feldberg, Germany
(47◦52′47.3′′ N 8◦01′01.7′′ E). Coordinates are in UTM Zone 32N. The color indicates the earliest
year where the respective pixel reported above 50% fractional deadwood cover. The barplot on the
right displays the number of pixels that were detect first within a specific year.

53



References

Alix-Garcia, J., & Millimet, D. L. (2023). Remotely incorrect? accounting for nonclassical measure-

ment error in satellite data on deforestation. Journal of the Association of Environmental and

Resource Economists, 10(5), 1335–1367.

Allen, C. D., Breshears, D. D., & McDowell, N. G. (2015). On underestimation of global vulnerability

to tree mortality and forest die-off from hotter drought in the anthropocene. Ecosphere, 6(8),

1–55.

Anders, T., Hetzer, J., Knapp, N., Forrest, M., Langan, L., Tölle, M. H., Wellbrock, N., & Hickler, T.

(2025). Modelling past and future impacts of droughts on tree mortality and carbon storage

in norway spruce stands in germany. Ecological Modelling, 501, 110987.

Aybar, C. [Cesar], Ysuhuaylas, L., Loja, J., Gonzales, K., Herrera, F., Bautista, L., Yali, R., Flores, A.,

Diaz, L., Cuenca, N., et al. (2022). Cloudsen12, a global dataset for semantic understanding

of cloud and cloud shadow in sentinel-2. Scientific data, 9(1), 782.

Bauer-Marschallinger, B., & Falkner, K. (2023). Wasting petabytes: A survey of the sentinel-2 utm

tiling grid and its spatial overhead. ISPRS Journal of Photogrammetry and Remote Sensing,

202, 682–690.
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