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Summary

Monitoring ecosystem condition and change requires globally consistent, high-resolution
vegetation biophysical data. Here, we present S2BIOPHYS, a global 20 m dataset of annual
effective leaf area index (LAle), fraction of absorbed photosynthetically active radiation
(FAPAR), and fractional vegetation cover (FCOVER) for 2019-2025. S2BIOPHYS extends
hybrid radiative transfer model inversion by using in-situ reference measurements to jointly
optimize the design of training data simulations and neural-network retrieval configurations.
Annual products represent near-peak greenness conditions derived from Sentinel-2
observations and include calibrated uncertainty estimates and observation counts, while an
accompanying Python package supports retrievals over user-defined periods. Evaluation
against >11,000 reference measurements, using ecoregion-blocked cross-validation, shows
performance comparable to or exceeding that of benchmark methods within the validation
domain. By providing analysis-ready global biophysical variables at field-relevant spatial
resolution, S2BIOPHYS can support biodiversity assessment, ecosystem restoration monitoring,

and environmental reporting from local to global scales.

Keywords

Ecosystem monitoring; Sentinel-2 imagery; Vegetation biophysical properties; Radiative transfer

modelling; Bayesian optimization; Biodiversity

Introduction

Human activities have substantially degraded Earth's ecosystems in recent decades,
threatening biodiversity, ecosystem services and human well-being'=. Conservation,
sustainable natural resource management and ecological restoration can partially mitigate these
impacts by enhancing CO; storage?, improving water quality>® and protecting biodiversity’.
These efforts gained global momentum with the declaration of the United Nations' 2021-2030
Decade on Ecosystem Restoration, which aims to prevent, halt and reverse ecosystem
degradation worldwide®. However, monitoring ecological change at relevant spatial and
temporal scales remains a major challenge and is essential for evaluating long-term outcomes

and directing resources toward effective restoration strategies®.
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Whereas in-situ monitoring is indispensable for restoration assessments at local scales, remote
sensing provides a consistent, scalable means of assessing sustainable or regenerative land
management efforts at regional to global scales. Sentinel-2 (S2) data is especially well suited for
this purpose, with 13 spectral bands in the visible, near-infrared and shortwave infrared ranges,
band-specific spatial resolution of 10 m, 20 m, or 60 m and a revisit time between one (toward
the poles) and five days (along the equator). S2 data has proven useful in various ecological

applications, including land cover mapping'®"!

, canopy height estimation through data fusion
with LiDAR'2 and retrieval of leaf and canopy traits'®. Yet, despite the availability of multispectral
S2 data, we still lack globally consistent, analysis-ready and high-resolution information on key
vegetation biophysical properties that are essential for assessing ecosystem function,

degradation, or restoration success.

Radiative transfer models (RTMs) provide a physically based approach for retrieving vegetation
biophysical properties from reflectance. By simulating the transfer of electromagnetic radiation
through vegetation canopies, RTMs link observed reflectance to leaf- and canopy-level traits,
observation geometry and background reflectance™. A widely used RTM, PROSAIL, couples
the PROSPECT leaf model with the SAIL canopy model'® to simulate canopy reflectance, the
fraction of absorbed photosynthetically active radiation (FAPAR) and the fractional vegetation
cover (FCOVER), both expressed as fractions ranging from 0 to 1. These outputs depend on
four factors: (i) canopy structure, including leaf area index (LAl [m?m™~?2], defined as the one-
sided green leaf area per unit ground surface area), (ii) leaf optical properties governed by leaf
structure and biochemistry, (iii) soil reflectance, and (iv) observation geometry. In hybrid
inversion approaches, machine learning models are trained on RTM-simulated reflectance to
retrieve biophysical variables from satellite observations'. Although hybrid RTM inversion

methods using S2 data have been demonstrated at regional scales'®2°

and evaluated in global
validation studies®'~23, these efforts have not yet resulted in globally consistent, precomputed

biophysical variable maps at the native spatial resolution of S2.

To fill this gap, we developed a hybrid, open-access retrieval framework that combines radiative
transfer modeling with empirically constrained, data-driven optimization informed by a
comprehensive in-situ reference dataset. We deployed this framework at the global scale to
generate annual maps of three biophysical variables, effective LAl (LAle), FAPAR and
FCOVER, with calibrated uncertainty estimates at 20 m and 100 m spatial resolutions. These

variables are included in the Essential Biodiversity Variables (EBVs)* framework, with LAl and
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FAPAR also recognized as Essential Climate Variables (ECVs)*?. LAl quantifies the total one-
sided green leaf area per unit ground surface and is closely linked to photosynthesis, respiration
and evapotranspiration®”, while LAle represents an effective LAI that ignores canopy clumping
while preserving an equivalent spectral response®; FCOVER describes the proportion of a pixel
covered by vegetation and is widely used to assess degradation and recovery processes®®*’;
and FAPAR represents the fraction of incoming photosynthetically active radiation (400-700 nm)
absorbed by vegetation and strongly correlates with productivity?®3'. Providing these
precomputed maps, alongside the Python package gee-biophys for retrievals at user-defined
temporal frequencies, facilitates downstream applications in biodiversity assessment and

improves monitoring of ecosystem restoration worldwide.
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Results

Methods Summary

We developed a hybrid RTM retrieval framework in which Bayesian optimization selected the
simulated training-data design and feature-engineering choices, while a nested grid search
optimized the multi-layer perceptron (MLP) hyperparameters for retrieving LAle, FAPAR, and
FCOVER (Figure 1A). The parameter search space (Table S3) included alternative PROSAIL
leaf and canopy trait distributions, number of simulated spectra, LAle distributions, added noise,
and diverse soil backgrounds derived from the Open-Soil Spectral database® (OSSL) and from
the EMIT imaging spectrometer®® (NASA’s Earth Surface Mineral Dust Source Investigation).
For each candidate configuration, we simulated reflectances with the PROSAIL RTM,
augmented the training data with spectra from non-vegetated surfaces, and fitted an MLP to
retrieve LAle, FAPAR, or FCOVER, respectively.

Model optimization and validation (Figure 1B) used GROUNDED-EO in-situ reference
measurements (RMs), compiled from the National Ecological Observatory Network (NEON),
Integrated Carbon Observation System (ICOS), and Terrestrial Ecosystem Research Network
(TERN). We paired these RMs with spatiotemporally matched, cloud-free S2 observations,
retaining a dataset with 11,038 RMs from 1,385 sampling plots across 71 sites, 44 different
ecoregions*, and nine biomes®. We used five-fold ecoregion-blocked cross-validation for
model training, assigning entire ecoregions to folds, and repeated the optimization described
above independently for each split, retaining one best model per split. These five models formed
the S2BIOPHYS ensemble. We assessed performance using both stacked out-of-sample
retrievals from the held-out folds and ensemble-mean retrievals representing operational model

use and compared S2BIOPHYS with two benchmark methods.

To generate annual maps (Figure 1C), we used S2 surface reflectance (L2A) observations*®
and applied pixel-level cloud masking using CloudScorePlus® . Within each tile and year, we
selected S2 acquisitions representing near-peak greenness conditions based on image-level
mean Normalized Difference Vegetation Index (NDVI)* calculated over predominantly natural
vegetation, excluding croplands. For applications requiring custom temporal specifications, the
gee-biophys Python package enables retrievals over user-defined spatial extents and temporal
intervals. We aggregated ensembile retrievals into annual pixel-wise means for 2019-2025 at 20

m and 100 m resolution. Within-acquisition uncertainty was estimated from ensemble spread
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and recalibrated against empirical retrieval errors, while across-acquisition variability was
calculated among contributing observations. We combined their variances, assuming zero

covariance, to obtain total uncertainty.
Resource Description

The output products consist of annual near-peak greenness composites of LAle, FAPAR and
FCOVER for 2019-2025, with planned annual updates. The datasets are provided at 20 m and
100 m resolutions and are hosted on Google Earth Engine (GEE) in S2’s native UTM projection
using the MGRS tiling grid®°. Values are stored as scaled integers using factors of 1,000 for
LAle and 10,000 for FAPAR and FCOVER. All products are publicly accessible via:

- ee.ImageCollection (“projects/ee-speckerfelix/assets/open-

earth/{laie, fapar, fcover} predictions-mlp {100, 20}m v03”)

The 20 m products provide the ensemble mean retrieval ({var} mean) and total retrieval
uncertainty ({var} stdDev). At 100m, we additionally provide the within-acquisition uncertainty
({var} stdDev_within), across-acquisition variability ({var} stdDev across) and the

number of valid S2 observations ({var} count), enabling user-defined quality masking.

To improve accessibility beyond GEE, we provide global mosaics of the ensemble mean and
total uncertainty as Cloud-Optimized GeoTIFFs (COGs) in geographic coordinates
(EPSG:4326) at two spatial resolutions (1 km and 100 m)*.

Each annual image represents the mean across selected near-peak greenness acquisitions and
should not be interpreted as an annual mean of vegetation function. Therefore, the annual

products should not be used to characterize crop phenology or management-related within-year

dynamics. For such applications, the gee-biophys Python package (https://pypi.org/project/gee-
biophys/) should be used. It implements both S2BIOPHYS and SL2P (Simplified Level 2

Product Prototype Processor)'°

and lets users define time intervals and spatial extents using a
simple configuration file, supporting reproducible and scalable generation of biophysical maps.

The package also provides access to the full set of uncertainty components.
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Technical validation

We assessed the performance of S2BIOPHYS against in-situ data from GROUNDED-EO
RMs*'. Across the represented validation domain (Figure S1), the ensemble-averaged retrievals
demonstrated strong performance across all biophysical variables with coefficients of
determination (R?) of 0.77 for LAle, 0.78 for FAPAR and 0.79 for FCOVER and root mean
squared errors (RMSE) of 0.60, 0.15 and 0.15, respectively (Table 1, Figure 3). Performance
estimates based on stacked out-of-sample retrievals (see methods) was comparable (LAle:

R?* = 0.75,RMSE = 0.63; FAPAR: R?* = 0.75,RMSE = 0.16; FCOVER: R?> = 0.77, RMSE =
0.15; Table S4). Across variables, retrievals tended to overestimate low values and
underestimate high values (Figure 3). Mean errors were small and positive (LAle: +0.07;
FAPAR: +0.02; FCOVER: +0.01). The Uncertainty Agreement Ratio (UAR) showed the highest
consistency for LAle (90%), followed by FAPAR (70%) and FCOVER (68%; Table S4).

For benchmarking, we compared S2BIOPHYS with two retrieval methods applicable to S2
observations: SL2P'*'® an established PROSAIL-based inversion model, and the
GROUNDED-EO Gaussian Process Regression (GPR) model*', a data-driven retrieval model
trained directly on RMs. S2BIOPHY'S outperformed SL2P, showing higher R? values (LAle: 0.77
vs. 0.68; FAPAR: 0.78 vs. 0.69; and FCOVER: 0.79 vs. 0.74) and lower RMSE values (0.60 vs.
0.70, 0.15 vs. 0.18 and 0.15 vs. 0.16, respectively) (Figure 3, Table 1). Against GROUNDED-EO
GPR, S2BIOPHYS achieved comparable FAPAR performance (R* = 0.78 vs. 0.79; RMSE =
0.15 vs. 0.15), with small metric-specific differences (Table S4). Map-to-map comparisons
across four representative landscapes showed high rank correlations between S2BIOPHYS and
benchmark retrievals, despite systematic offsets relative to SL2P or GROUNDED-EO GPR
(Figures S2—S3). Aggregation to 300 m reduced fine-scale spatial detail, and rank correlations
with Sentinel-3 CLMS***3 were considerably lower than those among the 20 m retrievals with
SL2P or GROUNDED-EO GPR.

We evaluated variation in retrieval performance among vegetation types by assessing
S2BIOPHYS separately for each land-cover class*. Because biophysical property ranges differ
among classes, we additionally report RMSE normalized by the class-specific mean (nRMSE).
S2BIOPHYS had the lowest absolute RMSE in shrub/scrub for all three variables, but the lowest
NRMSE in mixed and deciduous forests (Table S4). Compared with SL2P, S2BIOPHYS had

lower RMSE for LAle in most land-cover classes, including cultivated crops (RMSE 0.50 vs.
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0.80), evergreen forests (0.69 vs. 0.78), and grassland/herbaceous vegetation (0.45 vs. 0.75).
For FAPAR, S2BIOPHYS had similar or lower RMSE than SL2P among all land-cover classes,
with the largest differences in mixed forest (0.10 vs. 0.17) and deciduous forest (0.15 vs. 0.19).
FAPAR retrieval performance of S2BIOPHYS was similar to GROUNDED-EO GPR overall, with
lower RMSE in cultivated crops, deciduous forest and wetlands, but higher RMSE in evergreen

forest, pasture/hay and shrub/scrub.

We also examined whether model calibration benefited from stratification by comparing group-
specific models calibrated separately for eight biome—land-cover groups with a generic model
calibrated across all groups (Note S3, Tables S5). Group-specific calibration did not improve
pooled performance: the generic model had lower RMSE and higher R? for LAle, FAPAR, and
FCOVER. For LAle, specific models reduced RMSE in the three largest validation groups but
performed substantially worse in some smaller groups, particularly cold-climate and tropical

evergreen forests (Table S6).

We evaluated how well the raw ensemble spread corresponded to empirical retrieval errors
against GROUNDED-EO RMs. Because ensemble spread generally underestimated empirical
errors for intermediate and high retrieval values, we recalibrated it using a smooth scaling
function of the predicted value (Figure S4). Recalibration improved correspondence with
empirical errors: mean absolute calibration error (MACE) decreased from 0.372 to 0.271 for
LAle, from 0.086 to 0.066 for FAPAR and from 0.086 to 0.066 for FCOVER (Figure S4).
S2BIOPHYS also had lower MACE than SL2P, which similarly provides pixel-level uncertainties,
both before and after recalibration. These results support the use of the recalibrated ensemble

spread as an empirically calibrated proxy for within-acquisition retrieval uncertainty.

Whereas this recalibration characterizes retrieval uncertainty for individual acquisitions, annual
composites are also affected by variability among their contributing observations. Analysis of the
two uncertainty components revealed distinct spatial patterns (Figure S5). Within-acquisition
uncertainty was highest in structurally complex and heterogeneous canopies, including dense
forests and mixed land-cover boundaries. Across-acquisition variability was elevated in regions
with strong seasonal dynamics, active land management, or variable observation conditions,
including atmospheric variability. Because this component can include changes in vegetation
state as well as observation-related variation, it reflects the stability of contributing observations

to the annual composite. Consequently, the relative contributions of within-acquisition
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uncertainty and across-acquisition variability differed among ecosystems and land-use types
(Figure S5).

Limitations

The parametrization of the model training workflow (Figure 1) relies on in-situ RMs for
calibration, which are geographically biased toward North America and Europe (Figure S1). As
a result, empirical validation is necessarily weaker in underrepresented regions. To reduce bias
in performance estimates arising from spatial autocorrelation, we train the model ensemble
using ecologically meaningful, ecoregion-based spatially blocked CV. While this approach aims
to obtain more independent validation samples within the represented ecoregions, it cannot
compensate for the absence of RMs in underrepresented ecoregions, where model accuracy
remains empirically unconstrained. This limitation motivated the use of RTM simulations to
promote physical consistency beyond the calibration domain, while underscoring the need for
expanded in-situ measurements in underrepresented ecosystems, particularly across Asia,

Africa and South America.

To quantify extrapolation effects, we analyzed retrieval performance and uncertainty as
functions of spectral distance from the training domain. Retrieval performance declined with
increasing distance from the LUT, with a marked drop beyond ~3.5 (Figure S9). Retrieval
uncertainty increased with spectral distance, thereby reflecting reduced retrieval reliability,
except in the most extreme extrapolation cases. The mean distance to the PROSAIL LUT was
similar for GROUNDED-EO RMs and global S2 samples (1.69 and 1.75, respectively), and only
2.5% and 3.5% exceeded the 3.5 threshold. Thus, the validation and prediction domain showed
similar degrees of extrapolation from the training domain. Given the substantial performance
decline beyond this threshold, we generated a spatially explicit global map of spectral distance
to the training domain at 100 m resolution. Strong extrapolation was limited to a few regions,
primarily in steep terrain or areas of intensive agriculture, and these pixels can be identified and

masked if desired (Figure S9).

The validation data also includes several sources of uncertainty. GROUNDED-EO RMs include
per-measurement uncertainty estimates, but these likely represent lower bounds*® and
additional error arises from spatial footprint mismatch and temporal offsets between
measurements and satellite acquisitions (median offset: 2.27 days). In addition, S2-L2A data

t46

lack an operational uncertainty product®, meaning that uncertainty due to sensor noise,
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atmospheric correction errors and bidirectional reflectance distribution function (BRDF) effects
(i.e. reflectance changes caused by varying illumination and viewing geometry) cannot be
propagated through the retrieval workflow. Empirical retrieval errors therefore reflect a
combination of model uncertainty, RM noise, and unquantified S2 observation uncertainty. Our
post-hoc uncertainty recalibration adjusts the within-acquisition ensemble uncertainty (see
methods) to match this combined error structure, but it cannot compensate for the absence of

explicit S2 uncertainty inputs.

The PROSAIL model operates under several assumptions, most notably that of a turbid
medium, i.e., a homogeneous, continuous canopy with randomly distributed leaves.
Consequently, our retrieved LAle is an effective quantity, which describes the LAl of a canopy
with randomly distributed leaves that produce an equivalent spectral response. While previous
research has shown that SAIL-derived LAI closely matches LAle?, the distinction between LAle
and LAl limits the direct applicability of our retrievals, for example in structurally complex
ecosystems, and would require additional estimates of, or corrections for, canopy clumping to
derive LAI.

Map quality directly reflects the quality and availability of input S2 data. Regions with insufficient
input data due to frequent cloud cover include, e.g., tropical regions in East Africa and Latin
America, and parts of the northern Andes (Figure S6). We observe moderate tiling and orbital
artifacts in agriculture-dominated areas such as the Midwestern United States and North India,
likely due to a temporal mismatch between peak natural and peak agricultural growing seasons
(Figure S6). In these cases, we expect the NDVI signal used for image selection to be
confounded by agricultural practices due to the lack of remnant natural vegetation or insufficient
masking of agricultural land-use pixels. Tiling artifacts are also apparent in FCOVER maps over
tropical closed-canopy regions, potentially partly attributable to limitations of Sen2Cor’s
atmospheric correction*’, which is known to underperform in high-aerosol tropical
environments*®. Orbital artifacts are visible in the LAle maps, especially over dense canopies
such as the Amazon (Figure S6), which are likely caused by BRDF effects*®. Although
PROSAIL accounts for observation geometry in its simulations, angular information accessible
within GEE is restricted to the tile level (110x110 km) rather than at the finer scale (5x5 km)
from the original ESA S2 product*’. Consequently, more detailed angular predictors were not

included, and residual BRDF effects may remain.

10
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Discussion

Implications and potential applications

Here, we present S2BIOPHYS, a global dataset of 20 m annual near-peak greenness maps of
LAle, FAPAR and FCOVER, together with the gee-biophys Python package for generating
retrievals over user-defined time intervals. Together, these open-source resources support
diverse applications in ecosystem monitoring, land management and restoration assessment
across spatial and temporal scales, from local case studies to global comparisons and from
short-term disturbance assessments to long-term vegetation dynamics. At 20 m resolution, the
products capture fine-scale spatial patterns and within-site variability that coarser products may
not resolve, supporting analysis of small management units and heterogenous land-use

systems.

Beyond static representations, the annual time series and interannual difference maps enable
the detection and quantification of vegetation disturbance and recovery processes across large
spatial extents. As demonstrated across forest harvests in Sweden, annual FCOVER maps can
quantify disturbance-related biophysical changes at scales down to sub-hectare areas (Figure
4C, Note S2). More generally, year-to-year difference maps can reveal vegetation responses to
natural disturbances such as drought and wildfire, as well as anthropogenic disturbances
including deforestation, while longer time series facilitate assessments of recovery trajectories
following disturbance or restoration (Figure 4B). When combined with complementary datasets
such as canopy height or above-ground biomass, these products allow differential recovery
rates to be compared across ecosystem dimensions, reflecting the multidimensional nature of
forest recovery®. Explicit uncertainty estimates, including separate within-acquisition uncertainty
and across-acquisition variability components (Figure S5), further support interpretation of
temporal changes by separating disagreement among ensemble members from variability

among acquisition-level retrievals.

At similarly fine spatial scales, S2BIOPHYS also enables analyses of habitat heterogeneity,
which is linked to biodiversity, with greater structural or functional variability generally
associated with higher biodiversity®'3. Remotely sensed heterogeneity has been quantified
using unimodal metrics (e.g. variability in spectral indices® or canopy height®®), or multivariate
metrics (e.g. functional richness, divergence, evenness®). We show that, for example, across

464 matched plantation-forest pairs distributed throughout Tasmania, plantations had higher

11
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mean LAle but significantly lower spatial heterogeneity than nearby forests (Figure 4A, Note
S1). This landscape-scale comparison demonstrates the potential of using high-resolution
biophysical maps to quantify vegetation heterogeneity across ecosystems and land-use
systems, supporting more integrated ecosystem monitoring. By providing globally consistent,
high-resolution biophysical variables, S2BIOPHYS enables broad-scale testing of relationships

among vegetation structure, functional diversity and biodiversity patterns.
Comparison with existing resources

Although previous mapping products are available for LAl, FAPAR, or FCOVER, they are
typically limited in either spatial resolution (> 30 m pixel size) or spatial extent and temporal
continuity. For example, the Canada Centre for Remote Sensing (CCRS) provides operational
20 m monthly summer composites based on land-cover-specific modifications of SL2P (SL2P-
CCRS®’) for Canada, while a near-real-time implementation of SL2P for Europe within the
Copernicus Land Monitoring Services (CLMS)*® was discontinued in 2025. Large-scale mapping
efforts at 30 m resolution using the Landsat record have been demonstrated for the contiguous
United States, but these products are either available as on-demand processing services®® or

have not been updated anymore®.

In contrast, existing global operational products are usually coarser in spatial resolution but offer
higher temporal frequency. For example, the MODIS LAl product®’
with an eight-day frequency, while LAlI, FAPAR and FCOVER products derived from Sentinel-3

are available at 300 m through CLMS*24%2_However, most applications in ecological

provides 500 m resolution

management and land surface modeling require spatial resolutions that match the scale of land
management units and landscape heterogeneity. For example, in smallholder-dominated

63,64

regions, land parcels often occupy less than five hectares®™*, equivalent to 125 pixels at 20 m

but only a fraction of a single pixel at 300 m resolution, highlighting the limitations of coarse-
resolution products for monitoring small-scale restoration and management activities®°®.
Similarly, our analysis of forest harvests across Sweden shows that aggregating FCOVER to
coarser resolutions progressively attenuates the quantified biophysical change (Figure 4A, Note

S2).

To provide high spatial resolution at a global scale while keeping storage requirements
tractable, our precomputed product focuses on annual aggregations rather than high-frequency

retrievals. For many ecological and land-management applications, annual estimates of

12
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biophysical variables are sufficient to characterize long-term vegetation condition and
restoration progress. To enable consistent global comparisons across regions with differing
phenology, we defined the growing season empirically using tile-level NDVI aggregations,
selecting observations with minimal cloud cover and near-peak NDVI. We observe that the
timing of near-peak greenness varies systematically across latitudinal zones (Figure S7), a
pattern not captured by products that rely on annual medians or globally fixed time window'.
The annual products should not be used to characterize crop phenology or management-related
within-year changes, because crop development may not coincide with the regional near-peak
greenness period used for image selection. These applications require sub-annual retrievals,
which can be generated with the package gee-biophys or alternative retrieval frameworks such
as PyEOGPR® and SL2P-based tools in the LEAF Toolbox'968¢°,

Method comparison

Global-scale, high-resolution retrievals require models that balance physical realism, predictive
flexibility across heterogeneous surface types, and operational scalability. Hybrid RTM-based
inversion approaches, such as S2BIOPHYS and SL2P, address this balance by coupling
physically based forward simulations with non-parametric regression for variable retrieval'* .
PROSAIL has been widely adopted for this purpose because of its computational efficiency™
and mechanistic representation of canopy structure, leaf biochemistry, and background
reflectance. Building on earlier hybrid PROSAIL-based inversion approaches, our framework
systematically optimizes RTM parameter distributions using in-situ observations to improve

retrieval accuracy and robustness at the global scale.

57,71) can

Increasing model complexity (e.g., using vegetation-type-specific retrieval models
reduce systematic bias in structurally heterogeneous systems, but is subject to a bias—variance
trade-off®’. Our biome—land-cover-specific calibration experiment reflected this trade-off: specific
models improved LAle retrievals in the three largest validation groups, but performed
substantially worse in some other groups, while the generic model performed better across all
groups pooled for all three variables (Note S3, Table S6). At global scale, vegetation-specific
retrievals additionally require accurate, high-resolution land-cover maps to select the
appropriate model. However, such maps are often unavailable at the required spatial or

7273 or use broad classes that combine vegetation types''’*"®. Moreover,

temporal resolution
classification uncertainties and errors propagate directly into the retrieval chain when

conditioning on misclassified labels'**'"®. Dependence on external land-cover products may
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further constrain operational deployment through changes in their availability, consistency, or
update frequency. We therefore adopt a single, globally applicable PROSAIL-constrained model
to prioritize robustness and operational scalability without dependence on external land-cover

products.

A further requirement for global retrieval is the ability to represent the full diversity of Earth’s
surface conditions. Earlier hybrid retrievals accounted for soil variability, for example by
selecting representative soil spectra from soil libraries™”’, but did not explicitly integrate the
diversity of non-vegetated surfaces encountered globally. We expand this representational
domain by incorporating in-situ (OSSL%?) and remotely-sensed (EMIT*?®) soil spectra, as well as
non-vegetated surface reflectance from S2. While EMIT spectra have been used in albedo and
radiative-budget studies’®, their direct use as background inputs within a PROSAIL-based
vegetation retrieval workflow is, to our knowledge, new. This enriched spectral representation
improves retrieval robustness in sparsely vegetated, arid and heterogeneous landscapes where
background reflectance strongly influences observed canopy signals and helps support more

reliable generalization.

Meeting the computational demands of global 20 m mapping further requires a retrieval
algorithm that can be deployed efficiently on cloud platforms. We designed S2BIOPHYS for
server-side inference within GEE, which informed our algorithmic choices. MLPs can be trained
locally, serialized reliably and executed efficiently in GEE, enabling rapid iteration and
reproducible deployment. Although alternative approaches such as GPR or Random Forest
(RF) have been implemented in GEE**"*®" we encountered practical challenges in GEE model
deployment, including the need for substantial training-data reduction (GPR) and reproducibility
limitations related to model serialization of locally trained RF models for server-side execution.
MLPs have demonstrated strong performance in several operational biophysical retrieval

toolboxes'®19:60

and offer a pragmatic balance between accuracy, scalability and implementation
simplicity. Overall, integrating a physically grounded RTM backbone with globally enriched and
empirically optimized RTM parametrization, combined with efficient cloud-based deployment,
positions S2BIOPHYS as a robust and scalable framework for producing global, analysis-ready

vegetation biophysical variables.

14



398

399

400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418

419
420
421
422
423
424
425
426
427
428

Methods

Model Training

We performed model training separately for each variable and CV split. For each split, we
integrated a hybrid RTM retrieval workflow with Bayesian optimization to jointly optimize RTM
input distributions, LUT modifications, and feature engineering specifications (Figure 1A, Table
S3). We defined input ranges for foliar and canopy structural traits and generated trait
combinations as input for the PROSAIL RTM® (Figure 1A1). Drawing from previous literature,
we replicated parametrizations implemented by the Simplified Level 2 Biophysical Processor
(SL2P)"™ and by Wan et al.?', Estévez et al.®’, and Kovacs et al.®' (Table S2). Rather than fixing
the LAI distribution, we treated its mean and standard deviation as trainable parameters (Table
S3). Because PROSAIL assumes a homogeneous turbid medium without foliage clumping'®,
LAl and effective LAl (LAle) are equivalent within the model; we therefore used the input LAl
values as the LAle targets when training the retrieval model. As an additional parameterization

option, we accounted for correlations among leaf traits®8

using foliar trait data from NEON
(DP1.10026.001)%°. We used a Gaussian copula function® to model the covariance structure of
the measurements for leaf chlorophyll (CHL), leaf carotenoid (CAR) contents, equivalent water
thickness (EWT), and leaf mass per area (LMA). Before fitting, we excluded observations where
EWT was above 0.1 cm, CHL above 100 pg cm™, LMA above 0.10 g cm™, or carotenoid content
above 30 pg cm™. We modeled the marginal distributions as normal distributions truncated at
zero and generated 100,000 samples that preserved the observed covariance structure (Figure

S8).

Next, we defined the illumination and observation geometry using either predefined ranges of
observation angles or observation angles sampled from randomly selected S2 images collected
during the growing season. To represent the soil background, we combined the standard
implementation of psoil, defined as the weighted average of a dark and bright reference soil
spectra, in the prosail R package®” with two additional datasets: reflectance data from EMIT®:8°,
which provides spectra at 60 m spatial and 7.5 nm spectral resolution covering the visible to
near-infrared (VisNIR, 380 — 2500 nm) region of the electromagnetic spectrum, and VisNIR
spectra from OSSL%2%°-192 \which contains harmonized in-situ soil spectra collected from various
instruments. We parametrized the fraction and type of background reflectance used as trainable

parameters (Table S3).
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We applied the PROSAIL RTM to simulate canopy reflectances (Figure 1A2) and converted the
output’s 1-nm spectral sampling to the corresponding S2 bands using the S2 spectral response
functions'®. The PROSAIL RTM combines the leaf optical model PROSPECT'™ with the

L', We used the implementation from the prosail R package®,

canopy structural model 4SAl
version 2.4.1, which invokes the PROSPECT-D model'® in the prospect R package'"” version
1.7.0. We included the number of simulated spectra as a trainable parameter (Table S3). This
formed a look-up table (LUT) containing input traits as defined in PROSPECT-D (including LAI),

output reflectance, and canopy properties (including FAPAR, FCOVER).

We augmented the LUT with reflectance spectra of non-vegetated surfaces to better represent
global surface heterogeneity. We incorporated bare soil and rock, snow, ice and built-up spectra
from S2 and soil spectral data from EMIT and OSSL. We assigned zero values to LAIl, FAPAR,
or FCOVER for these non-vegetated spectra and optimized the number of spectra added from
each group and the levels of additive and multiplicative noise during training (Table S3).
Additional preprocessing options optimized during training included normalizing reflectance
using the near-infrared reflectance of vegetation?'1% (NIRv), and transforming response
variables (LAIl, FAPAR, FCOVER) through standard or logarithmic scaling, or logit-
transformation for bounded fractional variables (Table S3). For each candidate configuration, we
fitted an MLP regression model in scikit-learn'® (Figure 1A4) and optimized the MLP
hyperparameters (hnumber and size of hidden layers, activation function, learning-rate strategy,

and regularization strength; Table S3) using a nested successive-halving grid search.

For each CV split, we evaluated the resulting model on the calibration set using the root-mean-
square error (RMSE; Figure 1A6). This value served as the objective function for the Bayesian
optimization framework OPTUNA'®, which jointly optimized the parameters listed in Table S3.
We used 4,000 random-sampling iterations followed by 4,000 iterations using a tree-structured
Parzen estimator'!" for parameter sampling (Figure 1A7). Each iteration generated a new
simulated training dataset and corresponding MLP inversion model. We retained the model with
lowest calibration RMSE from each CV split (Figure 1A8) and combined these five selected
models into the S2BIOPHYS ensemble (Figure 1A9).

Model Calibration / Validation

We used in-situ reference measurements (RMs) for LAle, FAPAR and FCOVER from the
recently published GROUNDED EO*' RMs dataset, which compiles RMs from three long-term
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ecological monitoring networks: NEON based in the US''2, ICOS'"*-""® based in Europe, and
TERN'"®"7 in Australia (Table S1). At NEON and ICOS sites, LAle, FAPAR and FCOVER were
derived from digital hemispherical photography processed with HemiPy''®, while TERN sites

119

used digital cover photographs processed with CoverPy'"™. Methodological details, including

corrections for canopy clumping, missing understory contributions, as well as consistent
propagation of measurement uncertainty, are described in Brown et al.*".

We extracted the temporally closest cloud-free S2 imagery for each RM (Figure 1B2), allowing a
maximum temporal offset of +/- 15 days (median temporal difference 2.56 days). We computed
mean reflectance within a 20 x 20 m (NEON, ICOS) or 100 x 100 m (TERN) window centered
on the RM location, following network-specific protocols''®'22121  After spatio-temporal overlay,
a total of 11,038 RMs were retained, representing 1,385 sampling plots across 71 field sites, 44

ecoregions and nine different biomes, in the US, Europe and Australia (Figure S1, Table S1).

We implemented a spatially blocked five-fold cross-validation (CV) scheme based on
ecoregions® (Figure 1B3). This design evaluates model performance under ecological
conditions not encountered during calibration, approximating extrapolation to other ecoregions.
We assessed S2BIOPHYS performance using two approaches: (1) ensemble-averaged
retrievals (Figure 1B5) and (2) stacking retrievals from each CV fold to form a single out-of-
sample (SOS) evaluation set to account for imbalanced folds'?? (Figure 1B4). The SOS
evaluation provides a strictly out-of-sample performance estimate under ecoregion-based
spatial blocking. In contrast, the ensemble-averaged approach reflects the operational use of
S2BIOPHYS but introduces limited information sharing (data leakage) across folds through
PROSAIL parameter optimization and ensemble aggregation. Despite this, ensemble averaging
improves retrieval stability and accuracy and is therefore used for comparison with SL2P and
GROUNDED-EO GPR, which cannot easily be retrained under the same spatial blocking

design.

For both evaluation strategies, we computed standard accuracy metrics, including the
coefficient of determination (R?), mean error (ME), mean absolute error (MAE), root-mean-
squared error (RMSE), and normalized RMSE (nRMSE). For land-cover-specific evaluation, we
additionally computed a global-mean-referenced coefficient of determination (Rélobal), following
the general formulation of R?, but calculating the total sum of squares within each class relative

to the overall variable mean across all RMs rather than the class-specific mean. We also
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calculated an uncertainty agreement ratio (UAR), defined as the proportion of retrievals meeting
predefined user requirements. We adopted the same user-requirement thresholds as previous
studies*'%°'% to enable direct comparison, with acceptable retrievals defined by a relative error
< 20% or an absolute error < 1.0 for LAle, and a relative error < 20% or an absolute error <
0.1 for FAPAR and FCOVER.

Retrieval Uncertainty and Across-Acquisition Variability

For each pixel and S2 acquisition, we first calculated a raw uncertainty proxy as the sample
standard deviation across retrievals from the five independently optimized models, 6,4, =

std (9D, ... ,®). This ensemble spread captures model disagreement for a fixed reflectance
input but does not account for errors due to reference-measurement uncertainty, S2 observation
noise, or imperfect spatiotemporal alignment between RMs and satellite observations. We
therefore apply a post-hoc recalibration to align the ensemble spread with the magnitude of
retrieval errors observed against GROUNDED-EO RMs (Figure S4). Inspired by a previously
proposed linear rescaling®®, we introduced a smooth scaling function t(9;) such that the
calibrated within-acquisition uncertainty, o;thin = T(¥)0raw, Minimizes the mean absolute
calibration error (MACE),

N
1
MACE = = > | € = 730 Giyaw |, where e; = ly; = .

i=1

Here, N is the total number of RMs used in this study, and y; and J; are the reference and
retrieved values for pair i, respectively. No independent hold-out set was used to evaluate the
uncertainty recalibration and therefore, the reported improvement may be optimistic. We
modeled the function 7(9) as a cubic B-spline with coefficients optimized using constrained
nonlinear minimization. To prevent unstable extrapolation at the limits of the retrieval domain,
we imposed fixed boundary conditions by setting T = 1 at slightly extended endpoints (e.g., at
—0.1 and 1.1 for variables bounded in [0, 1]).

For pixels with multiple acquisitions T, we quantified across-acquisition variability as the sample
standard deviation of the per-acquisition mean retrievals, o,.0ss = std (W, ..., 5T), where
y(® denotes the mean retrieval for a given pixel from acquisition t. Finally, we combined the
average within-acquisition uncertainty and the across-acquisition variability to obtain a

combined pixel-level uncertainty metric o;,:4;- AS a practical approximation, we treated both
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components as uncorrelated and calculated the total variance as the sum of the two. Any
dependence between the components is not represented and may affect the combined
uncertainty estimate. We cannot estimate across-acquisition variability for pixels with only one
valid acquisition, so we set it to zero, such that oio1a) = Gwithin- The per-pixel observation count

should therefore be considered when interpreting oipty)-
Global-scale retrievals

We accessed atmospherically corrected S2 L2A surface reflectance data® (Figure 1C1) through
GEE, organized in 110 x 110 km tiles in the local UTM projection. We used ten spectral bands:
B2, B3, B4, B5, B6, B7, B8, B8A, B11 and B12. We produced global maps at 20 m and 100 m
spatial resolution. When an S2 band is processed at a spatial resolution different from its native
resolution (e.g. 20 m bands at 100 m), GEE resamples pixel values by selecting the next higher-
resolution image pyramid, which is precomputed using mean aggregation, followed by nearest-
neighbor resampling (e.g., from 80 m to 100 m)'?.

We applied a multi-stage filtering strategy to reduce the number of input images while retaining
high-quality and spectrally consistent observations. First, we removed images where the
percentage of cloudy pixels (CPPpqg4.) €xceeded 70%. We linked the remaining images with
the CloudScorePlus® image collection to mask clouds and cloud shadows at the pixel level
(Figure 1C2-3). We masked pixels with CloudScorePlus quality-assessment scores (c¢s band)

below 0.65, where 0 indicates cloudy pixels and 1 indicates clear pixels.

To produce annual global maps, we restricted the input S2 imagery to acquisitions representing
near-peak greenness conditions. For each S2 image, we computed mean NDVI (NDVIpq4¢)
across natural vegetation pixels after excluding defective, snow, water, cropland and other non-
natural surface pixels based on the S2 scene classification layer*” and the ESA WorldCover
map''. We then calculated the 95 percentile of these image-level means (NDV,q5) across all
images for each orbit, tile, and calendar year (Figure 1C4) and retained images for which
NDVI,95 — NDVIimage < 0.15. As this approach selects S2 observations at the image-level, it
provides a consistent and scalable way of identifying periods of near-peak greeness across
natural vegetation but does not correspond to pixel- or vegetation-type-specific phenological

maxima.
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Because orbital overlap increases substantially at high latitudes, we restricted the number of
orbits per tile to a maximum of two, following Lang et al.'?, and selected the orbits with the
smallest fraction of empty pixels. We then determined the target number of images per tile,
orbit, and year from the mean cloudy-pixel proportion of the remaining candidates. We retained
four images when mean cloudiness was < 20% and eight when it was = 50%; between these
thresholds, the number was linearly interpolated and rounded to the nearest integer. These
operational bounds balanced cloud-free spatial coverage against processing volume. Candidate
images were ranked using a quality score that balances image-level cloudiness and vegetation

greenness,
q= CPPimage +2x(1- NDVIimage):

and we retained the four to eight images with the lowest scores. For example, in 2022, after
cloud-, NDVI-, and orbital filtering, we retained 155,595 S2 images as input for S2BIOPHYS

processing, corresponding to approximately 3% of all available S2 images for that year.

We incorporated observation angles from the S2 image metadata as predictors by averaging
the viewing incidence zenith and azimuth angles across all bands. Subsequently, we calculated
the relative azimuth angle between the sun's azimuth and the mean viewing incidence azimuth
angle. Finally, we applied a cosine function to the sun's zenith, the mean viewing zenith and the

relative azimuth angle.

While we trained the model locally, we re-implemented the ensemble prediction functionality in
GEE (Figure 1C5) to leverage cloud-based computing and direct access to the complete S2
L2A archive through the GEE API'**. We implemented two custom helper classes that replicate
the functionality of the StandardScaler and MLPRegressor classes in scikit-learn'®,

specifically adapted for processing images in GEE.

We performed out-of-range checks on input band reflectances by determining the minimum and
maximum values for each S2 band from the LUT before model fitting. We then masked input
pixels outside this range, allowing a tolerance of 2% of the reflectance range. Ensemble
member retrievals were aggregated to obtain the per-image mean retrieval and the raw
ensemble spread (o,.4,,), Which we then recalibrated to the empirical within-acquisition

uncertainty (o itnin)-
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In the final aggregation step, we combined retrievals across different acquisitions into a single
map (Figure 1C6) by computing the pixel-wise mean, the across-acquisition standard deviation
(gacross ), @nd the number of valid observations. We obtained total retrieval uncertainty by
combining the within-acquisition uncertainty and across-acquisition variability components as
described above. We masked permanent water bodies using the ESA WorldCover v200 map for

2021"" and areas classified as the “Rock and Ice” ecoregion (ECO_ID = 0)*.

The resulting global maps (Figure 1C7) are available in GEE at resolutions of 20 m and 100 m
from 2019 to 2025. These images are stored in 6° x 8° grid cells defined by the modified
MGRS?° using the original UTM projections of the S2 images. To improve accessibility, we
provide annual global mosaics at 100 m and 1 km resolution in the EPSG:4326 coordinate
reference system, available on Zenodo as cloud-optimized GeoTIFFs*. The pixel values are
stored as 16-bit integers with scaling factors of 1,000 for LAle and 10,000 for FAPAR and
FCOVER.
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Figures

(A) Model Training (for CV-splitk = 1,...,5) (B) Model Calibration / Validation (C) Model Prediction
A3 Simulated Training Data A5 MLP-Regressor B1 In-situ RMs C1 Sentinel-2 L2A C2 CloudScore+
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B5 Ensemble-mean evaluation:
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Figure 1 — Model training, calibration, validation, and prediction workflow for
S2BIOPHYS. (A) For each of five ecoregion-blocked cross-validation (CV) splits, Bayesian

optimization iteratively improved the parametrization (see Table S3) of a hybrid radiative

transfer model (RTM) inversion pipeline. We used simulated PROSAIL reflectances to fit each

candidate multi-layer perceptron (MLP) model, and in situ reference measurements (RMs) in the

corresponding calibration set C, to evaluate candidate retrieval performance. We retained the
best model from each split My, yielding the five-model S2BIOPHYS ensemble. (B) We paired
RMs with cloud-free Sentinel-2 (S2) reflectances. Performance was assessed using stacked

out-of-sample retrievals, for which each model M, was evaluated on its held-out fold V,, and

ensemble-mean retrievals across all five models. (C) S2BIOPHY'S produces global annual

maps representing near-peak greenness conditions. We applied the full model ensemble to

each selected observation and aggregated the resulting retrievals into annual LAle, FAPAR,

and FCOVER maps containing the mean, uncertainty estimates, and observation count.
Alternatively, the gee-biophys Python package supports retrievals for user-defined spatial

extents and temporal intervals.
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Figure 2 — Global maps of annual LAle, FCOVER and FAPAR. Retrievals for LAle (A),
FAPAR (B) and FCOVER (C) are visualized for the year 2022 in Equal Earth Projection'®.
Local zoom-ins at 20 m resolution show mean and total retrieval uncertainty (std) maps with
locations marked by the arrows. (A) Agroforestry site in Ethiopia (outlined in yellow) (7.366° N,
35.736° E) for 2020. (B) Forest clearcut for timber production in Washington State, USA
(47.333° N, 123.937° W) for 2024. (C) Road network expansion for selective logging in a
tropical rainforest in the Congo Basin (1.587° N, 22.149° E) for 2022.

24



618

619
620
621
622
623
624
625

A1 A2 A3

, / 1.0 1.0

/, / ()] 2
9 4 AV X F 08 T o8
I il /7 , o %
o 7’ 4 O —
O 3 . 0 ¢ = 06 m 0.6
= ’ Cé m N
o . 7/ ’ N n
o ’ 7/ 58 (%) .
2 4 , ' 0.4 0.4
' P /7 3 x [0
o Z y: 7 N=11038 < N=11038 '-g _ N=11038
hEEE $ 4 r=o7e7 | % 02 RE=0779 | Q 0.2 A Bi=0-756
2 5 RMSE =0603 | L RMSE=0.15| O RMSE = 0.146
‘ & MAE = 0.431 MAE=0.105 | U MAE = 0.105
0 ’ UAR = 89.6 % 0.0 UAR = 69.6 % 0.0 UAR =67.9 %
0 1 2 3 p 5 0.0 0.2 04 06 038 1.0 0.0 0.2 04 06 038 1.0
LAle - RMs FAPAR - RMs FCOVER - RMs
B1 B2 B3
5 ol 7 1.0 » 1.0 e
4 7/ ?
4 7/ , 0.8 o 0.8
o 7/ 5 /, % ﬁ
|
N3 a M 06 D o6
%) 5 . o
1 7/ m Lu
22 < 04 > 04
< o ’ o 2
- N=11038 E ¥ N=11038 | & N=11038
1 R?=0.68 0.2 50098 | IL g Be=0.00
RMSE = 0.706 RMSE = 0.177 RMSE = 0.162
MAE = 0.536 v MAE = 0.136 MAE = 0.125
0 UAR =851 % 0.0 UAR =55.8 % 0.0 UAR =56.6 %
0 1 2 3 4 5 00 0.2 04 06 038 1.0 00 0.2 04 06 038 1.0
LAle - RMs FAPAR - RMs FCOVER - RMs

Figure 3 — Model performance. Comparison of LAle (A1, B1), FAPAR (A2, B2) and FCOVER
(A3, B3) retrievals between S2BIOPHYS (A1-A3) and SL2P (B1-B3), compared to in-situ
reference measurements (RMs). The thick dashed line represents the 1:1 line and the thinner
dashed lines refer to the uncertainty requirements (see Methods). The annotation box provides
evaluation metrics, including RMSE, MAE, R? UAR and sample size (N). Points in the
scatterplots are colored by the square-root-transformed local density of observations, from

beige (low) to purple (high).
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Figure 4 — Potential applications of S2BIOPHYS. (A) Landscape heterogeneity in Tasmania,

Australia. S2 RGB imagery from 2020 (A1) and corresponding 20 m LAle 2020 retrievals (A2)

are shown for a representative matched plantation-forest pair. Blue and orange boxes identify

the plantation (P) and forest (F) sampling windows, respectively, and the white outline indicates

plantation boundaries'®. LAle distributions within the two windows are shown in (A3), with

dashed lines indicating the means. (A4) shows mean paired differences (plantation minus

26



633
634
635
636
637
638
639
640
641
642
643

644

forest) across 464 matched pairs, with 95% percentile-bootstrap intervals. See Note S1 for
further details. (B) Restoration monitoring in Campeche, Mexico. Annual 20 m LAle retrievals
are shown for 2020 (B1) and 2025 (B2), with the corresponding difference map (B3). Brown
outlines indicate the restoration site. (B4) shows annual spatial means of LAle, FCOVER, and
FAPAR within the restoration site, with shaded bands representing the average pixel-level
model uncertainty, and the intervention start year indicated by the dashed line. (C) Forest-
harvest signals across spatial resolutions in Sweden. FCOVER changes from the year before to
the year after harvest for two example harvest areas, displayed at 20 m (C1), 100 m (C2), and
300 m (C3), with harvest boundaries shown in black. (C4) shows median FCOVER changes
and interquartile ranges by harvest-area class at 20, 100, 300, and 500 m resolutions. See Note
S2 for further details.
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Tables

Table 1 — Model performance. Comparison of S2BIOPHYS and SL2P retrieval performance

for LAle, FAPAR and FCOVER. N is the number of reference measurements. For each variable

and NLCD land-cover type**, the lower RMSE is highlighted in grey and bold. S2BIOPHYS
performance is reported for the ensemble-averaged retrievals (mean). See Table S4 for

additional evaluation metrics.

LAle FAPAR FCOVER
Model NLCD Land cover N RMSE R? RMSE R? RMSE R?
S2BIOPHYS All (mean) 11038 0.60 0.77 0.15 0.78 0.15 0.79
cultivatedCrops 498 0.50 043 0.13 0.78 0.13 0.74
deciduousForest 3010 0.69 0.72 0.15 0.66 0.15 0.68
evergreenForest 3286 0.69 047 0.19 0.48 0.18 0.51
grasslandHerbaceous 1685 0.45 0.40 0.12 0.76 0.11 0.78
mixedForest 501 0.56 0.68 0.10 0.77 0.11 0.78
pastureHay 519 0.50 0.24 0.14 0.68 0.15 0.66
shrubScrub 1293 0.31 0.79 0.09 0.79 0.08 0.84
wetlands 246 0.74 0.58 0.16 0.66 0.16 0.70
SL2P All 11038 0.70 0.68 0.18 0.69 0.16 0.74
cultivatedCrops 498 0.80 -0.46 0.13 0.76 0.15 0.64
deciduousForest 3010 0.66 0.74 0.19 0.48 0.16 0.67
evergreenForest 3286 0.78 0.32 0.21 0.30 0.20 0.40
grasslandHerbaceous 1685 0.75 -0.67 0.14 0.68 0.15 0.59
mixedForest 501 0.52 0.72 0.17 0.31 0.12 0.70
pastureHay 519 0.82 -0.99 0.14 0.67 0.17 0.58
shrubScrub 1293 0.43 0.61 0.10 0.74 0.10 0.74
wetlands 246 0.81 049 0.17 062 0.17 0.67
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Resource availability

Lead contact

Further information and requests for resources should be directed to and will be fulfilled by the

lead contact, Felix Specker (felix.specker@wsl.ch).

Materials availability
No new materials were generated in this study.
Data and code availability

- The medium- (100 m) and low-resolution (1 km) global maps are archived on Zenodo
and publicly available at https://doi.org/10.5281/zenodo.19366930

- All generated global maps at 20 m and 100 m resolution can be accessed directly on

GEE via the following image collections: ee . ImageCollection (“projects/ee-
speckerfelix/assets/open-earth/{laie, fapar, fcover} predictions-
mlp {100, 20}m v03”)

- A public GEE App for exploring the output maps is available at https://ee-

speckerfelix.projects.earthengine.app/view/global-trait-maps.

- All original code has been deposited at Zenodo at
https://doi.org/10.5281/zenodo.15052995 and is publicly available.
- An accompanying Python package, gee-biophys, for user-defined retrievals is available

at https://pypi.org/project/gee-biophys/.
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