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Abstract

Grassland aboveground biomass provides key insights into ecological processes such as carbon
sequestration, animal movement patterns, and agricultural management practices. Different
model types have been developed to estimate grassland biomass from satellite imagery.
However, differences in model performance across sites with different management regimes
remain largely understudied. In this study, we compared accuracy and transferability of
empirical, physically-based, and hybrid models to estimate grassland biomass from
multispectral Sentinel-2 data. Based on field data from five study sites in Europe and the United
States, we assessed (1) the accuracy of biomass estimation models per site, (2) model
transferability between sites, (3) the performance of models trained or optimized with data from
multiple study sites, and (4) the relationship between epistemic uncertainty and model
transferability. Our results showed that (1) all models exhibited satisfying and comparable
performance at the site level, (2) physically-based models showed the highest degree of
transferability between sites, (3) no model consistently outperformed all other models when
trained or optimized with field data from multiple sites, and (4) epistemic uncertainty was not
necessarily a reliable measure of model applicability to unseen data. Our findings demonstrate
the challenges of developing models applicable across grasslands subject to varying ecological
conditions and management regimes, further highlighting that model transferability should be
considered an integral part of performance assessment when building scalable satellite-based
grassland monitoring systems. As next steps we suggest investigating the degree to which
adding variables such as climate data or multi-sensor approaches would improve model

performance across ecosystems.
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1. Introduction

Grasslands cover up to 40% of Earth’s terrestrial surface (White et al., 2000) and two-thirds of
the Earth’s agricultural land area (O’Mara, 2012). With their extensive land coverage,
grasslands store around a third of the global terrestrial carbon (Bai and Cotrufo, 2022) and host
many endemic species (Hobohm and Bruchmann, 2009). At the same time, grasslands provide
essential ecosystem services (Lemaire et al., 2011; Zhao et al., 2020) including global food
production (Bengtsson et al., 2019; O’Mara, 2012). Given their ecological, cultural, and
economic importance, accurate monitoring of grasslands is imperative to counteract declines in

biodiversity and ecosystem services (Bardgett et al., 2021).

Within the overall objective of grassland monitoring, the accurate and reliable estimation of
aboveground biomass (hereafter referred to as biomass) is critical for quantifying numerous
ecological processes and effects of human disturbances. Biomass is an important parameter for
Earth System Models (e.g., Lawrence et al., 2019) and for estimating the contribution of
grasslands to the global carbon cycle (Erb et al., 2018). Grassland biomass is also a key driver
of animal movement and grazing patterns (Bailey et al., 1996; Rempfler et al., 2024; Schweiger
et al., 2015b), and provides information about management practices such as mowing (De
Vroey et al., 2022), whose timing and frequency are linked to biodiversity (Socher et al., 2012;

Van Vooren et al., 2018) and productivity (Zhang et al., 2023).

For large-scale grassland biomass estimation, spaceborne remote sensing enables repeated
observations across large spatial domains. Optical sensors measuring surface reflectance, such
as those onboard the European Space Agency‘s (ESA) Sentinel-2 and the National Aeronautics
and Space Administration’s (NASA)/United States Geological Survey’s (USGS) Landsat
satellites, are widely used to examine vegetation dynamics of grasslands (Reinermann et al.,
2020). These studies are promoted by open data policies, including the availability of many

years of archived data (Gascon et al., 2017; Masek et al., 2020; Roy et al., 2014). For example,
3
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the spectral layout of Sentinel-2 has shown to hold viable information to estimate foliar
properties and canopy structure used to infer biomass (de Sa et al., 2021; Guerini Filho et al.,
2020; Hauser et al., 2021a; Rossi et al., 2020). However, many grasslands are subject to high
levels of spectral complexity arising from several factors, including effects of non-
photosynthetically active vegetation (NPV; Xu et al., 2014), co-occurring plant functional types
(Dixon et al., 2014), and management regimes affecting grassland phenology and species

composition (Ali et al., 2016; Rossi et al., 2024).

This complexity led to the emergence of different model types to estimate biomass, including
the use of vegetation indices (VIs), empirical, physical, and hybrid models. Each of these model
types has its specific trade-offs regarding required field data, model complexity, specificity,
and transferability. Vegetation indices (VIs), such as the Normalized Difference Vegetation
Index (NDVI; Guerini Filho et al., 2020; Li et al., 2016; Wang et al., 2019), are found to
correlate to various vegetation properties at both the leaf and canopy level. They are
straightforward to use, but can saturate with high amounts of biomass (Huete et al., 2002; Zeng
et al., 2023). Empirical models are statistical models trained and validated using field data.
Deriving relationships from the training data, they do not rely on prior knowledge about the
relationship between input and output variables, and are generally well-equipped to handle non-
linearity and noise often present in remote sensing data (Verrelst et al., 2015). Numerous
empirical machine and deep learning models such as Random Forest regression (RFR), Support
Vector regression (SVR), Extreme Gradient boosting (XGB), Gaussian process regression
(GPR) and Deep Neural Networks (DNN) have been successfully used to estimate grassland
biomass and vegetation traits from optical Sentinel-2 and Sentinel-1 synthetic aperture radar
(SAR) data (Lietal., 2021; Muro et al., 2022; Raab et al., 2020; Schwieder et al., 2020; Verrelst
et al., 2012). Physically-based Radiative Transfer Models (RTMs) simulate the interactions

between light and matter at leaf- and canopy-scales reducing reliance on field data and
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improving transferability by leveraging universal physical principles (He et al., 2019; Wang et
al., 2023). RTM inversion can be achieved by using a look-up table (LUT) approach (Verrelst
et al., 2014), which connects simulated or measured spectra with trait combinations linked to
those spectra. For example, the PROSAIL RTM (Jacquemoud et al., 2009) can be inverted to
estimate grassland biomass derived by multiplying leaf dry matter content with leaf area index
(LAI see e.g., He et al. (2019)). However, the PROSAIL RTM is based on certain assumptions,
such as uniformly distributed leaf constituents and geometrically homogeneous canopies
(Jacquemoud and Baret, 1990; Verhoef et al., 2007), that are never met in reality. Hybrid
models combine RTM-simulated canopy spectra with machine learning models for model
inversion (Verrelst et al., 2015). Active Learning (AL) is often used in combination with hybrid
models to select the most informative training samples (Verrelst et al., 2016) to perform the
RTM inversion which is inherently ill-posed (Combal et al., 2003), coming however at the
potential cost of model transferability (Berger et al., 2021b; Tagliabue et al., 2022). Hybrid
models have been successfully used for estimating vegetation properties in croplands (Berger
et al., 2021a, 2020; Ranghetti et al., 2022; Tagliabue et al., 2022; Verrelst et al., 2021; Wocher
et al., 2022) and forests (Binh et al., 2022; Brown et al., 2019; Hauser et al., 2021a; Yuan et al.,
2015). However, the findings from these previous studies cannot be simply extended to
grasslands, since grasslands are more chemically and structurally diverse compared to
croplands and differ in plant size and canopy characteristics from forests (Habel et al., 2013;
Wellstein et al., 2013). Grasslands also tend to violate the assumption of geometrically
homogeneous canopies of one-dimensional RTMs (Berger et al., 2018; Rossi et al., 2020),

complicating the selection of the most appropriate model for a given application.

In this paper, we aim to compare empirical, physically-based, and hybrid models to estimate
biomass across grassland sites with different management regimes, altitude and climate, and

determine model performance by assessing their local accuracy, transferability, and epistemic



115  uncertainty (= model uncertainty referring to the confidence of a model about its prediction)
116  sensu Martinez-Ferrer et al. (2022). Our goals are to develop adequate grassland biomass

117  estimation models for each site and to identify key considerations for model transferability.
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2. Methods

2.1. Study sites and data acquisition

We used field and remote sensing data from five study sites: one in Switzerland, three in
Germany, and one in the United States differing in environmental characteristics, including
altitude, climate, and management practices (Table 1, Figure 1). These differences make our
compiled dataset particularly valuable for assessing model transferability. The number of
samples per study site ranged from 100 to 429, but we based all our models on 100 samples to
keep them comparable. For sample selection we used Latin hypercube sampling (LHS) as
implemented in the clhs package v0.9.0 (Roudier, 2021) in R v4.2.1 (R Core Team, 2021).

Table 1: Overview of the characteristics of the five study sites covering a wide range of topographic and climate, and
management practices. Remote sensing data were acquired with the Airborne Prism Experiment (APEX) and Sentinel-2
between 2010 and 2020. The Képpen-Geiger climate classification is following Beck et al. (2018) for period 1991-2020.
Dominant species are provided for Switzerland by the Swiss National Park’s long-term permanent grassland monitoring

project, for Germany by Bolliger et al. (2020), and for the United States by Gholizadeh et al. (2022). m.a.s.l.: meters above sea

level, MAT: mean annual air temperature, MAP: mean annual precipitation.

Country Switzerland Germany United States

Site code CH ALB HAI SCH usS

Site Swiss National Lower Schwibische Hainich-Diin Schortheide- The Nature
Park Engadine, Val Alb Chorin Conservancy’s
Miistair Tallgrass Prairie
Preserve

(Pawhuska, OK)

Elevation 1,400 — 2,500 460 — 860 285 -550 3-140 252 -365
[m.a.s.L]
MAT [°C] 1 (at 2,000 m.a.s.l.) 6-7 6.5-8 8-8.5 17.4
MAP [mm/a] 800 700 — 1,000 500 — 800 500 — 600 960
Koppen-Geiger Cold, no dry season, cold summer Cold, no dry Mostly Ctb, Temperate, no Temperate, no
climate class (Dfc) season, warm small areas Dfb dry season, dry season, hot
summer (Dfb) warm summer summer (Cfa)
(Ctb)




133

Dominant Erica carnea, Nardus stricta, Carex Alopecurus Poa pratensis Poa pratensis Schizachyrium
species sempervirens, Festuca rubra pratensis, aggr., aggr., Lolium scoparium,
Taraxacum sp., Taraxacum sp., perenne, Poa Andropogon
Festuca rubra Lolium perenne, | trivialis, Elymus gerardii,
aggr., Bromus Alopecurus repens Sorghastrum
erectus pratensis nutans, Panicum
virgatum
Management Strict protection Grazing, mowing, fertilizing Grazing,
burning
Sensor Resampled Sentinel-2
APEX
Years 2010 - 2013 2016 -2017 2017 - 2020 2022
Number of 407 22 194 185 146 100
available
samples
Number of 78 22 100 100 100 100
selected
samples
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Figure 1: Overview of the five study sites. Violin plots show dried aboveground biomass for the 100 selected samples per site.
Line plots show the mean spectra (+ 1 standard deviation) per site for Sentinel-2 or resampled APEX data. CH: Switzerland,
image credits: Swiss National Park/Hans Lozza. ALB: Schwdbische Alb, image credits: Biodiversity Exploratories Information
System (BExIS)/Martin Fellendorf. HAI: Hainich-Diin, image credits: BExIS/Steffen Both. SCH: Schorfheide-Chorin, image

credits: BExIS/Ulrike Garbe. US: United States, image credits: Nicholas McMillan.

2.1.1. Switzerland

The Swiss study site (site code CH) encompasses the Lower Engadine and the Val Miistair in
the Canton of Grisons in southeast Switzerland. Plots located in the Swiss National Park (SNP),
an IUCN (International Union for the Conservation of Nature) category la nature reserve
(highest protection level — strict nature reserve), are unmanaged. Plots in the Lower Engadine
and the Val Miistair adjacent to the SNP are fertilized, mown, and grazed to varying degrees

(Rossi et al., 2020).

At the CH site, biomass sampling for took place on the day of remote sensing data acquisition
in late June to early July of 2010 — 2013 and 2016 — 2017, respectively. Biomass was clipped

9
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approximately 1 cm above the ground in 1 m? plots representative for a homogeneous area of 6
x 6 m, and dried at 65° for 48 h for 429 samples (Rossi et al., 2020; Schweiger et al., 2017,
2015b, 2015a). From 2010 to 2013 (before the launch of Sentinel-2), remote sensing data were
acquired with the Airborne Prism Experiment (APEX) imaging spectrometer (Jehle et al., 2010;
Schaepman et al., 2015). APEX data were resampled to 2 m pixel size using nearest neighbor
interpolation and the parametric geocoding procedure PARGE (Schlidpfer and Richter, 2002)
and the airborne atmospheric and topographic correction model ATCOR-4 (Richter and
Schldpfer, 2002) were used for geometric and atmospheric correction, respectively (Schweiger
et al., 2015b). APEX data were resampled to Sentinel-2 bands (Appendix A Section A.1) using
the prospectR R package v0.2.6 (Stevens and Ramirez-Lopez, 2022) in R v4.2.1, and can be
considered comparable with Sentinel-2 (Helfenstein et al., 2022). In 2016 and 2017, Sentinel-
2 Level-1C (top of atmosphere) images were downloaded from the Copernicus Open Access

Hub (https://scihub.copernicus.eu/dhus/) and processed to Level-2A (surface reflectance) using

Sen2Cor v2.3 (Miiller-Wilm et al., 2013) and the SRTM 90 m digital elevation model (Reuter
et al., 2007). The 10 m bands (B2, B3, B4, B8) were aggregated to a spatial resolution of 20 m
using the arithmetic mean and bidirectional reflectance distribution function (BRDF) correction
was applied following Poortinga et al. (2019). No cloud masking was required. For each plot,
the spectral reflectance was sampled in the respective Sentinel-2 image by calculating the

weighted mean on 20 m resolution around the plot center coordinate.

2.1.2. Germany

The three German study sites (site codes ALB, HAI, SCH) are part of the Biodiversity

Exploratories (https://www.biodiversity-exploratories.de/en/). At each site, 50 grassland plots

with different management regimes have been closely monitored since 2009 (Fischer et al.,

2010; Hinderling et al., 2023; Ostrowski et al., 2020). Management intensity varies from

10
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extensive to moderately intensive, e.g., from no mowing or fertilization to three mowing events

per year plus fertilization (Bliithgen et al., 2012; Fischer et al., 2010).

Biomass was harvested between late April and mid-July from 2017 to 2020 by clipping biomass
approximately 4 cm above the ground on an area of 2 m? in plots representative of a
homogeneous area of 50 X 50 m and subsequent drying at 80° for 48 h, resulting in 600 samples
(Hinderling et al., 2023). We linearly scaled the dry biomass content to 1 m? for consistency
with the other study sites. Sentinel-2 Level-2A data closest to the day of biomass harvest were
acquired through the Google Earth Engine (GEE, Gorelick et al., 2017) using the “Harmonized
Sentinel-2 MSI: MultiSpectral Instrument, Level-2A” collection. The s2cloudless algorithm
was used to mask out clouds and cloud shadows with the cloud probability threshold set to 10%
(Zupanc, 2017). Again, the 10 m bands were aggregated to 20 m using the function
reduceResolution in GEE and BRDF correction was applied. Sampling of the spectral
reflectance for each plot follows the protocol for the CH site. An NDVI threshold was applied
to prevent the inclusion of plots influenced by artifacts such as remaining cloud shadows or

inhomogeneous vegetation cover (Appendix A Section A.2) with 525 samples remaining (Table

1).
2.1.3. United States

The study site in the United States (site code US) is located near Pawhuska, Oklahoma, and
falls within The Nature Conservancy’s Tallgrass Prairie Reserve (TGPP), encompassing an area
of approximately 160 km? mostly covered by tallgrass prairie with some oak woodland
(Hamilton, 2007; The Nature Conservancy, 2023). The TGPP is managed by cattle or bison
grazing, and patch burning (Sherrill, 2019). This creates a “shifting mosaic” (Fuhlendorf and
Engle, 2004) of patches with varying grazing pressure, as bison and cattle tend to primarily
graze in recently burned areas with high nutrient availability (Anderson et al., 2006; Fuhlendorf

and Engle, 2001).
11
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Biomass sampling was conducted between July and August 2022 across 100 plots of 30 x 30
m, each containing nine 1 m? quadrats (Gholizadeh et al., 2024). Biomass was clipped in 80 of
the 900 1 m? quadrats at approximately 2.54 cm (1 inch) above ground and dried at 65° for 144
h. In the remaining quadrats, biomass was determined using the digital obstruction method
using the 80 samples for calibration (Limb et al., 2007). For each of the 100 plots, biomass was
calculated as the mean biomass across the nine quadrats. Sentinel-2 Level-2A data for each plot

were acquired following the same protocol as for the German study sites.
2.2. Model types

We assessed the accuracy and transferability of three different model types (i.e., empirical,
physically-based, and hybrid; Figure 2). Field data were partitioned into training (for the
empirical models) or optimization (for the physically-based and hybrid models) and external
testing sets using an 80:20% split using LHS (Figure 2A). We used scikit-learn v/.5.2
(Pedregosa et al., 2012) and xgboost v2.1.2 (Chen and Guestrin, 2016) in Python 3.13 for model

training, optimization, and validation.
2.2.1. Empirical models

A wide variety of algorithms can be used to train empirical models (Figure 2B). We used
Random Forest regression (RFR), Support Vector regression (SVR), Extreme Gradient
boosting regression (XGB), and Gaussian process regression (GPR) models to represent both
tree-based and kernel-based methods. These algorithms all have been successfully used to
estimate grassland biomass (Li et al., 2021; Muro et al., 2022; Raab et al., 2020; Schwieder et
al., 2020; Verrelst et al., 2015, 2012). RFR uses an ensemble of decision trees, where each tree
is trained on a random subset of samples and features and the final prediction is obtained by
averaging the predictions of all trees (Breiman, 2001). SVR was originally introduced by

Vapnik et al. (1997) and uses support vectors to fit hyperplanes in the data within a specified

12
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margin of tolerance. XGB 1is based on the concept of gradient boosting of regression trees
introduced by Friedman (2001) and incorporates regularization to mitigate overfitting (Chen
and Guestrin, 2016). Lastly, GPR uses a prior belief about the latent function describing the
relationship between input and output variables, and training data to form the posterior
distribution (Rasmussen and Williams, 2006). The advantages of using GPR include automatic
hyperparameter optimization during model training and the provision of epistemic uncertainty
(Verrelst et al., 2013a). To predict a data point, the model returns the mean of the posterior
distribution as the estimated value and the predictive standard deviation (SD) as a measure of

epistemic uncertainty.

A 5-fold cross-validation (CV) scheme with negative RMSE for scoring was used to identify
the optimal model parametrization from all possible combinations of parameters listed in Table
2.

Table 2: Parameter values used for cross-validation of empirical Random Forest regression (RF), Support Vector regression

(SVR), Extreme Gradient Boosting regression (XGB), and Gaussian process regression (GPR) models. Nomenclature of

parameter names for RFR, SVR, and GPR according to Pedregosa et al. (2012), for XGB according to Chen and Guestrin (2016).

Model Parameter function Parameter name Values
RF Number of trees n_estimators 100, 200, 500
Maximum tree depth max_depth None, 5, 10, 15
Minimum number of samples min_samples_leaf 1,2,5
required to be at a leaf node
Number of features max_features ‘sqrt’, ‘log2’, 10
Maximum number of leaf nodes max_leaf nodes 10, 20, None
SVR Kernel type kernel ‘rbf’, ’linear’
Kernel coefficient gamma ‘scale’, ‘auto’, 0.01, 0.1, 1
Regularization parameter C 0.1, 1, 10, 100
Epsilon-tube epsilon 0.01,0.1,0.5,1
XGB Number of gradient boosted trees n_estimators 100, 200, 300
Maximum tree depth max_depth 3,5,7,9
Boosting learning rate learning_rate 0.01,0.1,0.2
Subsample ratio of training subsample 0.8,1
instance

13
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Subsample ratio of columns when subsample_bytree 0.8, 1
constructing each tree

Minimum loss reduction gamma 0,0.1,0.2

GPR Kernel kernel ConstantKernel() * RBF()
Length scale bounds of RBF length_scale_bounds (-100, 100)
kernel

2.2.2. Physically-based model

Here we used the PROSAIL RTM (Jacquemoud et al., 2009), which combines the PROSPECT-
D (Féret et al., 2017) and 4SAIL (Verhoef et al., 2007) RTMs, to simulate grassland canopy
reflectance (Figure 2C). PROSPECT-D simulates leaf level reflectance by considering leaf
properties such as chlorophyll content (CHL), leaf mass per area (LMA) and the angle of
incoming solar radiation (Féret et al., 2008). Subsequently, 4SAIL computes the bidirectional
reflectance at the canopy level, employing canopy properties such as LAI and sun-target-sensor
geometry. We used the prosail R package vi.1.1 (Féret and de Boissieu, 2022) in R v4.2.1 to
create a single LUT for all study sites containing 10,000 simulated canopy reflectance spectra
with input parameters selected by means of LHS within their respective value ranges (Table 3)
derived from satellite image metadata, prior knowledge, and literature (He et al., 2019; Rossi
et al., 2020; Verrelst et al., 2021). The value ranges and size of the LUT were consistent with
other studies (Darvishzadeh et al., 2011; Hauser et al., 2021a; Locherer et al., 2015; Punalekar
et al., 2018; Rivera et al., 2013; Rossi et al., 2020). We used the psoil parameter as weighting
factor for the built-in dry and wet soil spectra of the prosail R package with psoil = 0
corresponding to completely dry soil conditions and psoil = 1 corresponding to completely wet
soil conditions, respectively. The simulated reflectance spectra were resampled to Sentinel-2
bands using the prospectR R package and their corresponding biomass content was calculated

following Quan et al. (2017, Equation 1).
biomass [g m™2] = LMA [g cm™2] = LAI = 10,000 (1)

14
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Table 3: Value ranges and distributions of PROSAIL input parameters used in this study.

Parameter Variable Unit Minimum value Maximum value Distribution
Leaf structure parameter N [-] 1.5 1.9 uniform
Chlorophyll content CHL [ug cm™] 5 75 uniform
Carotenoid content CAR [pg cm?] 2 60 uniform
Anthocyanin content ANT [pg cm?] 0 2 uniform
Brown pigment content BROWN [-] 0 1 uniform
Equivalent water thickness EWT [cm] 0.001 0.04 uniform
Leaf mass per area LMA [g cm?] 0.002 0.015 uniform
Angle for incident light at leaf surface alpha [°] 40 40 fixed
Leaf inclination distribution function TypeLidf [-] 2 2 fixed
Average leaf angle LIDFa [°] 40 70 uniform
Leaf area index LAI [-] 0.1 4 uniform
Hot spot parameter q [-] 0.01 0.1 uniform
Sun zenith angle tts [°] 25 75 uniform
Observer zenith angle tto [°] 0 0 fixed
Relative azimuth angle psi [°] 50 180 uniform
Dry/wet soil factor psoil [-] 0 1 uniform

Two parameters must be determined for the inversion of the generated LUT: the cost function
and the number of spectra with the lowest cost to consider (hereafter referred to as percentage
of solutions). We tested 17 commonly used cost functions listed by Rivera et al. (2013) and
different percentages of solutions, namely 0.01% (= 1 solution), 1%, 2%, 5%, and 10%
(Punalekar et al., 2018; Rivera et al., 2013; Rossi et al., 2020) to optimize parameter choice.
The predicted biomass value was calculated as the mean value of the selected solutions, with
the corresponding SD being indicative of epistemic uncertainty (Locherer et al., 2015; Rivera

etal., 2013).

2.2.3. Hybrid model

For the hybrid model, we created a LUT containing 1,000 simulations (Tagliabue et al., 2022;

Verrelst et al., 2021) as described above. But in this case, the simulated canopy reflectance

15
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spectra were used to train a regression algorithm for RTM inversion (Figure 2D). Here we used
a GPR model (see Section 2.2.1 for further details) with the parameters indicated in Table 2 for
the regression task. We used AL to avoid biophysically unrealistic variable combinations and
redundant information, and select the most informative simulations from the LUT (Verrelst et
al., 2016). Using the AL-selected subset of simulations for GPR training can help to mitigate
the ill-posedness inherent to RTM inversion as different variable combinations can lead to
similar spectra (Combal et al., 2003), and increase computational efficiency (Berger et al.,
2021b). AL selects a predefined percentage of simulations from the LUT as an initial training
dataset. Subsequently, the GPR model is trained using this initial training set, and its predictive
training accuracy is assessed via the root-mean-square error (RMSE) computed with the
optimization set. By employing a selection heuristic, such as Euclidean distance-based diversity
(EBD), a simulation from the remaining LUT is selected, temporarily added to the training set,
and only permanently kept if the updated training set leads to an improved RMSE. This
optimization process continues until all simulations are evaluated. Finally, the validation

accuracy of the GPR model trained with the optimal training set is determined.

In line with previous studies, we used 2% of the data as initial training data (Tagliabue et al.,
2022; Wocher et al., 2022). Hybrid models without the use of AL did not lead to meaningful
results in the context of this study (Appendix A Section A.3) and were therefore not further

analyzed.

2.3. Model comparisons

We conducted three model comparisons to investigate model accuracy and assess model
transferability (Figure 3). First, models were trained (empirical) or optimized (physically-based
and hybrid) and validated individually for each study site (hereafter referred to as local models,
Figure 3A). This setting corresponds to that of most local to regional scale studies in which

field data of a specific area of interest are available. Second, the local models were applied to
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the field data of the other study sites to assess their transferability (hereafter referred to as
transferred models, Figure 3B), simulating the case where a model trained or optimized for one
area is applied to another area where no field data are available. Third, models were trained or
optimized with field data from four study sites and validated using the field data of the
remaining site to examine any improvement in transferability (hereafter referred to as global
models, Figure 3C). This mimics the case in which a diverse set of field data are available, for
example from a compiled database, and used to make predictions for an area not covered by the
database. In addition, we compared epistemic uncertainties with model accuracies for all model

comparisons where available — namely empirical GPR, physically-based, and hybrid models.

Model performance was assessed by coefficient of determination (R?), relative root-mean-
square errors (RRMSE) calculated as the RMSE divided by the mean value of the external
testing set (Richter et al., 2012), and mean bias error (MBE) using the external testing set. In
all cases, we used the ten Sentinel-2 bands in the visible and near-infrared (B2 — BSA) and the
short-wave infrared regions (B11 — B12) as predictor variables with reflectance values being
standardized for empirical and hybrid models and normalized, i.e., treating the spectra as
probability distributions summing up to 1, for physically-based models (Rivera et al., 2013),

respectively.

We note that due to comparatively small sample size, partitioning of the data into training or
calibration and external testing set was repeated 10 times for the local and transferred models
to account for stochastic effects (Muro et al., 2022). Correspondingly, local and transferred
model performance of all model types were assessed by calculating both mean and SD for R?,

RRMSE, and MBE.

For the empirical models, the best-performing method was selected to be presented in the results

as the focus lied on the comparison of model types and not different empirical models.
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Comprehensive cross-validation and testing performances for all models including additional

performance metrics are enclosed in Appendix A Sections A.4 to A.16.

Lastly, the epistemic uncertainty of the local, transferred, and global models was compared to
the absolute difference between measured and predicted biomass of the external testing set to
test if epistemic uncertainty could potentially be used as an indicator of model transferability
for heterogeneous grasslands. Further information about said relation for all models, including
the individual repetitions of local and transferred models, is included in Appendix A Section
A.17. We tested the relationship between absolute difference and epistemic uncertainty since it
has been demonstrated that epistemic uncertainty of GPR models can serve as a quality
indicator to identify reliable and unreliable predictions of transferred models for croplands,

even when applied across spatial scales (Verrelst et al., 2013b, 2013a, 2012).
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Figure 2: Functioning of the models used in this study. A: As a prerequisite for all models, the field data need to be split into
training (in the case of empirical models) or optimization set (in case of physically-based and hybrid models; colored in dark
grey) and external testing set (colored in light grey) using Latin hypercube sampling. B: Empirical models are data-driven and
learn data-specific relationships between predictor variables. The 5-fold cross-validation (CV) was performed with each
possible combination of parameters listed in Table 2. C: Physically-based models use a radiative transfer model (RTM) such as
PROSAIL to simulate canopy reflectance spectra and a cost function is used to find a predefined number of best matches

between each field data point and the simulated spectra, a process commonly referred to as look-up table (LUT) inversion. D:
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Figure 3: The three model comparisons conducted in this study. Cubes represent data used for training (of empirical models)

or optimization (of physically-based and hybrid models). Circles represent data used for model validation. Colors represent
data from different study sites. A: Local models with training/optimization and validation data from the same study site. B:
Transferred models with training/optimization and validation data from different study site (only one of five cases shown). C:
Global models with training/optimization data from four sites and validation data from the remaining site (only one of five

cases shown).
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3. Results

3.1. Local models

The accuracy of all models varied with the study sites (Figure 4). For empirical models (Figure
4A-E), mean R? ranged from 0.31 to 0.64 (CH and HAI, respectively) and mean RRMSE from
0.22 to 0.55 (US and CH, respectively). Mean MBE indicated a systematic underestimation for
all sites between -4.1 and -13.29 g/m? (HAI and CH, respectively) except for the US, for which
a mean overestimation of 5.06 g/m*> was observed. SVR outperformed the other empirical

models for most sites, only the HAI site was best predicted by RFR.

For physically-based models (Figure 4F-J), mean R? ranged from 0.26 to 0.66 (CH and HAI,
respectively) and mean RRMSE from 0.47 to 0.71 (SCH and US, respectively). For the ALB
and HAI sites, a mean MBE of up to 42.64 g/m* was observed while on average, biomass was
underestimated for CH and SCH. For the US model, a severe underestimation of -167.32 g/m?
was reported. Compared to empirical models, model accuracy slightly decreased for most sites;

for the US site it decreased substantially.

For hybrid models (Figure 4K-O), mean R? ranged from 0.23 to 0.54 (US and HAI,
respectively) while mean RRMSE ranged from 0.29 to 0.64 (US and CH, respectively). Except
for the US site, a slight underestimation in terms of MBE could be observed. Model accuracy

across sites resembled those of empirical models, although they were again slightly lower.
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Figure 4: Scatterplots of measured versus predicted biomass for the local empirical (A-E), physically-based (F-J), and hybrid models (L-O). Textboxes show mean coefficient of determination (R2),
relative root-mean-square error (RRMSE) and mean bias error (MBE) # 1 standard deviation across 10 repetitions for each model type. For empirical models, only the best-performing model in terms
of lowest RRMSE is shown with the corresponding model name added in a separate textbox. CH: Switzerland (A, F, K), ALB: Schwdbische Alb (B, G, L), HAI: Hainich-Diin (C, H, M), SCH: Schorfheide-

Chorin (D, I, N), US: United States (E, J, O), RFR: Random Forest regression, SVR: Support Vector regression.
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3.2. Transferred models

In general, model accuracy decreased when local models were applied to other sites, although

physical models sustained their predictive power the best (Table 4).

Out of all transferred empirical models, the accuracy of the CH models transferred to the SCH
site (mean R? = 0.33, mean RRMSE = 0.49) and models transferred among the three German
sites came closest to that of the local models, e.g., the ALB models predicting the HAI site
(mean R? = 0.49, mean RRMSE = 0.54) or the HAI and SCH models predicting the ALB site
(mean R?> = 0.30, mean RRMSE = 0.53 and mean R? = 0.49, mean RRMSE = 0.64,
respectively). For the CH site, only a mean R? of 0.15 with an associated mean RRMSE of 0.65
could be achieved by the transferred empirical model trained at the SCH site. For the US site,
all transferred empirical models exhibited a systematic underestimation of the present biomass
while the US models themselves overestimated biomass at other sites, e.g., with a mean MBE

of 146.09 g/m? when predicting the HAI site.

Regarding physically-based models, transferability diverged less strongly between
combinations of optimization and prediction sites, with the performance being best for the ALB,
HAI, and SCH sites. Overall, variability between the 10 repetitions was comparatively low, as
identical combinations of cost function and percentage of solutions were selected for the
German sites (Appendix A Section A.5). Best results were achieved for the ALB site with the
HAI models having performed similarly to the local models (mean R? = 0.43, mean RRMSE =
0.51). A slight decline in performance could be observed for the HAI site, although the ALB
model still achieved a mean R? of 0.53 and a mean RRMSE of 0.66, with the decline for the
SCH site being more pronounced. For the CH site, the models showed a lower mean R?, but
only a slightly higher mean RRMSE. For the US site, in contrast, a direct comparison with the

local models was difficult; generally, a higher mean R? was achieved, but mean RRMSE and
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systematic underestimation also increased. Moreover, the US models consistently performed
worst for all other prediction sites. In comparison with transferred empirical models, the

transferability of physically-based models was higher for the CH, ALB, and HAI sites.

The transferability of hybrid models also varied among different combinations of optimization
and validation sites with best results for combinations of the German study sites such as the
ALB models for the HAI site (mean R? = 0.32, mean RRMSE = 0.63) and vice versa (mean R?
= 0.34, mean RRMSE = 0.52). The ALB models for the SCH site showed comparatively good
values for mean R? and RRMSE, but with increased systematic underestimation. For the CH
and US sites, no satisfactory performance could be achieved. Overall, the transferred hybrid
models exhibited similar patterns to the empirical models, although their performance was
somewhat lower. Particularly notable was the comparatively good performance among the

German study sites and the systematic underestimation of biomass for the US site.
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409 Table 4: Mean coefficient of determination (R2), relative root-mean-square error (RRMSE), and mean bias error (MBE) for + 1 standard deviation across 10 repetitions for the transferred empirical,
410 physically-based, and hybrid models. To facilitate an estimation of model transferability, the metrics of the local models were included (in italic). For empirical models, only the best-performing model
411 in terms of lowest RRMSE is shown with the corresponding model name added in brackets. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Dtin, SCH: Schorfheide-Chorin, US: United States, RFR:

412 Random Forest regression, SVR: Support Vector regression, XGB: Extreme Gradient Boosting regression, GPR: Gaussian Process regression.

Prediction site
? ? ? ? CH ALB HAIL SCH Us
Bop Bp €20 G
Vol
000
Model Training/optimizatio R* RRMSE MBE R* RRMSE MBE R* RRMSE MBE R’ RRMSE MBE R* RRMSE MBE
type n site
Empirical | CH 031#012 | 0554003 | -13.29% 046012 | 070+0.12 | 67.46% 0.39:0.04 | 092015 | 77.08+ 0.33+0.08 | 0.49:0.05 | -14.42% 0.08+0.05 | 048000 | -88.80+0.88
(SVR) (SVR) 13.09 (SVR) (SVR) (SVR) 23.94 (SVR) (SVR) (SVR) 20.47 (SVR) (SVR) (SVR) 23.94 (SVR) (GPR) (GPR) (GPR)
ALB 0.04+0.02 | 0.69+0.00 | -37.63+0.98 | 0.54+0.21 0.43+0.09 | -6.35+12.74 | 0.49+0.05 | 0.54+0.02 | -10.15+5.00 | 0.30£0.03 | 0.55+0.01 | -68.78+3.22 | 0.04+0.02 | 0.57+0.00 | -123.02¢
(GPR) (GPR) (GPR) (SVR) (SVR) (SVR) (SVR) (SVR) (SVR) (XGB) (XGB) (XGB) (GPR) (GPR) 0.86 (GPR)
HAI 0.00£0.01 | 0.73+0.00 | -62.02+0.58 | 0.30+0.03 | 0.53+0.02 | -13.74+3.73 | 0.64+0.11 0.44+0.10 | -4.10%6.45 0.16+0.03 | 0.63+0.02 | -83.11+578 | 0.16+0.04 | 0.65+0.00 | -146.93t
(GPR) (GPR) (GPR) (GPR) (GPR) (GPR) (RFR) (RFR) (RFR) (XGB) (XGB) (XGB) (GPR) (GPR) 0.65 (GPR)
SCH 0.15+0.02 | 0.65+0.03 | 22.32+9.96 0.49+0.04 | 0.64+0.04 | 6465+7.68 | 0.48+0.05 | 0.76+0.05 | 62.53+6.07 | 0.42+0.15 | 042+0.04 | -822+12.60 | 0.09+0.03 | 0.36+0.00 | -39.81+1.23
(RFR) (RFR) (RFR) (SVR) (SVR) (SVR) (SVR) (SVR) (SVR) (SVR) (SVR) (SVR) (GPR) (GPR) (GPR)
Us 0.01+0.00 | 0.81+0.00 | 87.98+1.09 0.03%0.01 1.07£0.01 | 122.53% 0.02:0.00 | 1.46+0.01 | 146.09% 0.01£0.00 | 0.57+0.00 | 39.83+1.14 059+0.08 | 022+0.04 | 5.06%9.42
(GPR) (GPR) (GPR) (GPR) (GPR) 1.11 (GPR) (GPR) (GPR) 1.31 (GPR) (GPR) (GPR) (GPR) (SVR) (SVR) (SVR)
Physically- | CH 0.26+0.17 | 059+0.09 | -24.33% 0.41+0.00 | 0.53+0.00 | 34974037 | 0.53+0.00 | 0.69+0.00 | 51.81+0.23 | 0.21+0.00 | 0.51+0.00 | -40.07+0.25 | 0.45+0.00 | 0.75+0.01 | -182.43+
based 15.87 1.66
ALB 0.14+0.00 | 0.61+0.00 | -2461+0.00 | 0.43+0.17 | 0524005 | 32.34+9.65 | 0.53+0.00 | 0.66+0.00 | 45.83+0.00 | 0.20£0.00 | 0.53+0.00 | -45.64+0.00 | 0.44+0.00 | 0.75+0.00 | -182.09 +
0.00
HAI 0.14+0.00 | 0.61+0.00 | -2461+0.00 | 0.43+0.00 | 0.51+0.00 | 29.33£0.00 | 0.66+0.10 | 0.59+0.05 | 42.64%7.51 0.20£0.00 | 0.53+0.00 | -45.64+0.00 | 0.44:+0.00 | 0.75:0.00 | -182.09 +
0.00
SCH 0.12+0.00 | 0.60+0.00 | -3.44%0.00 0.45+0.00 | 0.63+0.00 | 60.49+0.00 | 0.50+0.00 | 0.85+0.00 | 77.44+0.00 | 0.30+0.04 | 0.47+0.04 | -9.99+6.58 0.43+0.00 | 071+0.00 | -170.48+
0.00
Us 0.13:0.00 | 0.64+0.04 | -1858+7.28 | 0.22+021 | 0.68+0.07 | 19.05% 026023 | 0.84:002 | 41.44% 0.12+0.12 | 0.60%0.13 | -45.40t 030+0.24 | 071£0.04 | -167.32%
37.63 31.11 31.62 6.38
Hybrid CH 023+0.14 | 0644018 | -346+17.01 | 0.07+0.07 | 0.88+0.06 | 55.91+% 0.03+0.03 1134011 | 70.71¢ 0.02+0.02 | 0.64+0.06 | -4435% 0.13+0.10 | 0.70+0.10 | -148.09 +
19.27 24.06 27.74 28.52
ALB 0.02:0.02 | 073+0.05 | -31.66¢ 046+0.18 | 046+0.08 | -0.37+11.47 | 032:0.04 | 0.63+001 | 042+12.18 | 0.23%+0.04 | 0.58:0.04 | -75.77t 012010 | 0.62+0.15 | -132.65%
21.59 12.38 46.57
HAI 0.02:0.03 | 072:0.06 | -36.42¢t 034007 | 052+003 | -19.74+534 | 054+0.11 0.51+0.09 | -9.55%8.77 0.17+0.07 | 0.65%0.03 | -9474+545 | 0.14:0.11 | 059004 | -120.22%
18.12 12.54
SCH 0.03+0.03 | 079+0.07 | 36.96+ 041+0.09 | 077+0.06 | 83.55%+6.82 | 0.25+0.06 | 0.95+0.04 | 78.01+6.21 | 0.27+0.15 | 0.47+0.06 | -0.14+8.90 0.19+0.05 | 045+0.09 | -48.41+
48.54 44.96
Us 0.01+0.01 | 0.94+020 | 93.61% 0.030.02 1.14£020 | 11733t 0.02£0.03 1.55£0.27 | 146.89t 0.02£0.03 | 0.65:t0.12 | 39.24% 023+0.26 | 029+£0.07 | 0.49%7.92
20.14 42.37 38.34 43.46
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3.3. Global models

For empirical models, accuracy was generally low (Figure SA-E). It was highest for the ALB
site, followed by the HAI and SCH sites, but accompanied by a high MBE. For the CH site, the
R? of the prediction was practically 0.00, while the systematic underestimation for the US site
amounted to -195.82 g/m?. Comparatively poor results were also produced by the physically-
based models in most cases (Figure SF-J). An exception was the US site, for which an R? of
0.45 and an RRMSE of 0.75 were achieved. However, the systematic underestimation also
tended to be high with an MBE of -183.99 g/m?. Regarding hybrid models (Figure 5K-O), best
results were obtained for the models predicting the ALB, HAIL and SCH sites, although the
MBE indicated substantial over- and underestimations ranging from 37.30 for the ALB model
to -79.07 g/m? for the SCH model, respectively. No satisfactory performance was achieved for
the CH and US sites. Overall, the accuracy of global models was lower than for the local models

(with the exception of the physically-based model for the US site, Figure 5K).
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Figure 5: Scatterplots of measured versus predicted biomass for the global empirical (A-E), physically-based (F-J), and hybrid models (L-O). Textboxes show coefficient of determination (R2), relative
root-mean-square error (RRMSE) and mean bias error (MBE) for each model. For empirical models, only the best-performing model in terms of lowest RRMSE is shown with the corresponding model
name added in a separate textbox. CH: Switzerland (A, F, K), ALB: Schwdbische Alb (B, G, L), HAI: Hainich-Diin (C, H, M), SCH: Schorfheide-Chorin (D, I, N), US: United States (E, J, O), RFR: Random

Forest regression, SVR: Support Vector regression, XGB: Extreme Gradient Boosting regression.
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3.4. Epistemic uncertainty

For none of the comparisons (local, transferred, and global), a systematic relationship between
epistemic uncertainty and absolute differences between measured and predicted biomass values
was observed when considering all predicted data points (10 repetitions of 20 data points for
local and transferred models, 100 data points for global models; Tables 5 and 6). Only isolated
weak correlations were found, e.g., for local and transferred physically-based models predicting

the US site (R? up to 0.31) or the global hybrid model predicting the US site (R? = 0.38).

Only for the mean values of epistemic uncertainty and absolute difference, a few patterns could
be identified. Regarding the local empirical and hybrid models, a positive correlation between
mean epistemic uncertainty and mean absolute difference could be observed. The lowest
correlation values were found for the HAI site (for both model types) and the highest values for
the SCH and CH sites (for empirical and hybrid models, respectively). The physically-based
models displayed a negative correlation; the US site exhibited the lowest mean epistemic

uncertainty but the highest mean absolute difference (52.71 and 162.16 g/m?, respectively).

For the transferred models, a clear pattern between combinations of training or optimization
and prediction site was found. The respective empirical and hybrid models of the ALB and HAI
sites exhibited low values for both mean epistemic uncertainty and absolute difference for
mutual prediction. The highest values for mean epistemic uncertainty and absolute difference
were produced by the CH and US models of both model types. For the transferred physically-
based models, the lowest values for mean epistemic uncertainty were observed for the US site
(38.86 g/m? for ALB and HAI models), which did not coincide with the high values for mean
absolute difference (182.09 g/m? for ALB and HAI models). For the global models, no
agreement between mean epistemic uncertainty and mean absolute difference was found for

any model type or prediction site.
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Table 5: Mean difference between predicted and measured grassland biomass and epistemic uncertainty + 1 standard deviation and coefficient of determination (R?) for the 10 local (in italic) and

local transferred models. For the local models, 200 samples (10 predictions of 20 samples each) and for the transferred models, 1000 samples (10 predictions of 100 samples each) were available. If

the percentage of solutions of a given physically-based model was 0.01%, only 1 solution was used to derive the predicted biomass value and no epistemic uncertainty could be calculated for the

corresponding predicted samples (see Appendix A Section A.5). The absolute difference was calculated by taking the absolute value after subtracting the measured biomass value from the predicted

biomass value for each predicted sample. For the empirical and hybrid models, the epistemic uncertainty for a predicted sample corresponds to the predicted standard deviation of the Gaussian

process regression (GPR) models. For the physically-based models, the epistemic uncertainty corresponds to the standard deviation of all selected solutions. CH: Switzerland, ALB: Schwdbische Alb,

HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

Prediction site
CH ALB HAI SCH us
Model Training/optimizatio Absolute difference Epistemic R? bsol R? Absol R? Absol R? Absol R?
type n site [gm?] uncertainty difference [g m uncertainty difference [g m™ uncertainty difference [g m™ uncertainty difference [g m™ uncertainty
[gm? b [gm?] % [gm?] % [gm?] % [gm?]
Empirical CH 94.67 + 108.78 + 109.00 + 111.90 116.21 ¢
83.69+74.12 21.25 0.08 98.15+71.22 11.78 0.18 119.89 + 72.50 10.10 0.19 101.10 + 82.35 8.79 0.02 94.41+ 81.49 3.83 0.03
ALB 82.00 £ 64.64 + 70.18 £ 69.07 £ 82.86 ¢
90.79 + 77.02 3.57 0.10 55.08 +41.92 14.89 0.01 53.80 + 48.66 12.51 0.05 96.30 + 90.96 11.85 0.00 123.80 + 84.85 1.06 0.00
HAI 87.96 £ 65.96 £ 5710+ 65.59 89.98
96.51 + 83.30 7.87 0.03 58.07 +44.78 16.17 0.02 41.89 + 43.50 17.38 0.03 102.05 + 95.57 15.87 0.07 146.93 + 86.94 6.35 0.00
SCH 123.63 111.75 + 11195+ 110.94 + 123.97 +
100.43  66.40 5.15 0.00 100.29 £ 62.11 14.43 0.05 105.34 +57.31 13.54 0.13 86.17 + 76.45 14.80 0.02 69.60 + 64.11 5.05 0.00
us 96.99 £ 96.99 £ 96.98 + 96.99 + 66.35+
120.43 +73.51 7.78 0.00 129.78 +73.50 7.78 0.00 156.39 + 65.59 7.78 0.00 104.73 £ 69.81 7.78 0.00 54.01 + 48.06 19.96 0.01
Physically CH 72.64 + 90.64 + 87.73 95.65+ 40.22 +
-based 72.56 + 74.38 28.22 0.02 64.22 +37.31 25.47 0.00 68.23 £ 41.77 24.39 0.01 80.90 + 80.60 21.07 0.04 182.43 +73.30 11.08 0.20
ALB 71.98 £ 88.68 + 84.10 92.55+ 38.86
76.45 +72.35 24.64 0.01 63.10+ 37.78 25.09 0.00 64.28 + 41.40 24.24 0.02 81.28 + 83.70 20.37 0.03 182.09 +73.19 10.85 0.21
HAI 7198+ 86.64 81.59+ 9255+ 38.86
76.45+72.35 24.64 0.01 60.97 £ 36.65 25.29 0.00 59.18 + 34.42 25.56 0.00 81.28 + 83.70 20.37 0.03 182.09 + 73.19 10.85 0.21
SCH 95.62 + 103.37 ¢ 101.54 + 109.97 + 51.96 +
79.70 £ 67.66 24.64 0.01 76.02 +43.42 27.38 0.04 87.85 + 44.65 24.53 0.05 76.14+71.71 19.35 0.02 170.48 +70.77 15.66 0.17
us 85.86 100.68 97.41+ 107.35 % 52.71+
77.93 £69.49 26.66 0.01 74.45+42.24 28.68 0.03 83.05 + 46.07 27.84 0.07 77.86+71.21 23.30 0.03 162.16 + 64.37 8.87 0.31
Hybrid CH 168.42 + 116.83 + 84.32 102.34 + 152.27 +
85.15 + 79.45 64.24 0.02 100.74 £ 69.41 57.08 0.10 113.54 + 67.88 47.26 0.00 109.92 +92.14 55.32 0.02 151.07 £ 108.91 53.92 0.19
ALB 127.65 £ 100.59 + 76.32 % 84.99 + 129.28 +
96.76 + 82.75 34.26 0.03 49.07 +43.37 38.06 0.00 52.49 + 50.49 33.13 0.04 96.64 + 86.68 36.44 0.06 137.02 +92.86 28.89 0.25
HAI 130.98 + 101.47 + 83.56 + 89.19+ 135.26
94.79 £ 82.74 27.94 0.03 52.71 + 49.66 30.03 0.00 41.62 +42.70 29.03 0.01 106.33 £ 98.54 31.22 0.07 124.46 +93.54 23.55 0.17
SCH 138.79 109.98 87.59 % 100.39 + 144.42 +
111.38 +80.29 41.65 0.00 93.55+52.99 42.53 0.00 92.91+59.13 43.11 0.05 79.79 + 68.74 44.62 0.08 92.30+77.51 34.61 0.17
us 137.77 £ 120.75 107.63 = 112.79 13536 +
135.55 +98.87 47.69 0.01 135.62 + 86.92 38.63 0.04 163.14 + 82.09 33.42 0.00 118.59 + 85.61 36.61 0.00 58.76 + 53.06 38.89 0.04
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Table 6: Mean difference between predicted and measured grassland biomass and epistemic uncertainty + 1 standard deviation and coefficient of determination (R?) for global models. For each

model, 100 samples (1 prediction of 100 samples each) were available. The absolute difference was calculated by taking the absolute value after subtracting the measured biomass value from the

predicted biomass value for each predicted sample. For the empirical and hybrid models, the epistemic uncertainty for a predicted sample corresponds to the predicted standard deviation of the

Gaussian process regression (GPR) models. For the physically-based models, the epistemic uncertainty corresponds to the standard deviation of all selected solutions. CH: Switzerland, ALB:

Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

Prediction site

CH ALB HAI SCH us
Model Absolute Epistemic R? Absolute Epistemic R? Absolute Epistemic R? Absolute Epistemic R? Absolute Epistemic R?
type difference [g m?] uncertainty difference [g m?] uncertainty difference [g m?] uncertainty difference [g m?] uncertainty difference [g m?] uncertainty

[gm?] [gm?] [gm?] [gm?] [gm?

Empirical 11211+ 115.07 107.64 +

89.36 + 65.55 0.00 0.00 83.81+55.91 0.00 0.00 105.16 + 56.70 111.4 + 0.00 0.00 92.12 +90.44 0.00 0.00 102.31 + 81.66 108.8 + 0.00 0.00
Physically- 83.49+ 100.68 97.41+ 94.48 39.74
based 81.37+71.47 27.37 0.00 74.45+42.24 28.68 0.03 83.05 + 46.07 27.84 0.07 78.35+79.36 21.91 0.01 182.99 +73.17 11.05 0.20
Hybrid 138.74 + 138.67 88.45 + 106.99 + 132.54 +

98.72+75.78 25.66 0.01 62.54 +40.14 51.71 0.03 57.72 £ 45.84 24.39 0.14 97.38£92.43 34.61 0.11 101.97 £ 90.03 7.63 0.38
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4. Discussion

Remote sensing has gained traction in its application for monitoring ecosystem functioning,
with spatial (and temporal) scalability often highlighted as a key advantage. When developing
scalable models, model transferability should be an integral part of performance assessment;
however, systematic evaluation often lags behind the ambition for scalability within and across
ecosystems. In this study, we demonstrated the importance of assessing model transferability
when evaluating the performance of remotely sensed grassland biomass estimates and related
model selection considerations. Our model comparisons indicated that in most cases physically-
based models exhibited the highest transferability when applied to unseen grassland sites.
However, no single model consistently outperformed others when trained or optimized with
data from multiple sites. These results underscore the challenges in developing scalable models,
highlight the importance and possible trade-offs of appropriate model selection, and shed light

on the discrepancies between epistemic uncertainty and predictive accuracy.

4.1. Accuracy of local models

All model types performed similarly when predicting biomass locally with accuracies
comparable to those of other studies conducted in alpine and semi-natural grasslands in
Switzerland and Germany (Raab et al., 2020; Schweiger et al., 2015a). Generally, model
accuracy decreased with increasing biomass range and (to a lesser extent) spectral variability
(see also Dehghan-Shoar et al., 2023, and Appendix A Section A.18). Overall, empirical models
performed best at the site level, presumably due to their high flexibility, allowing them to
incorporate site-specific relationships in the data without necessarily relying on physical

principles.
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For the physical models, we found a large discrepancy between the in situ and modeled data
for the US site caused by the employed LUT parametrization. Although the models recognized
the underlying relationship between biomass and spectral information to a certain extent (mean
R? = 0.30), a high RRMSE of 0.71 resulted probably due to a too narrow range of values for
LMA in the LUT since testing an alternative value range with a higher upper bound for LMA
resulted in a mean R? of 0.51 and mean RRMSE of 0.33 (Appendix A Section A.19). However,
broadening the trait ranges increased ill-posedness (Combal et al., 2003; Verrelst et al., 2014)
and deteriorated model performance for the other sites; therefore, a site-specific parametrization
of multiple narrowly defined LUTs would be necessary to obtain comparable results to the

empirical models for all sites.

The hybrid models performed similarly compared to the empirical models. Selecting training
samples with AL led to substantial improvements in performance as stated in AL theory
(Verrelst et al., 2016). In our case, the use of AL for selecting the most informative optimization
samples was essential because we did not parameterize the LUT a priori or excluded
biophysically unrealistic simulations as done by others (see, e.g., Campos-Taberner et al.,
2018). Moreover, the hybrid models did not display the aforementioned imbalance between R?
and RRMSE for the US site although having been trained on a suboptimally configured LUT,
presumably because the employed GPR kernel was able to scale the predictions by the
magnitude of the employed constant kernel resulting in a lower RRMSE compared to the

physically-based models while keeping comparatively R? high (scikit-learn Developers, 2023).
4.2. Transferability of local models

Several factors possibly hampered model transferability. First, the transferability of empirical
and hybrid models remained limited to combinations of training or optimization and validation
sites sharing similar environmental and management characteristics such as ALB and HAI. This

is consistent with the findings of Muro et al. (2022) who, among the German study sites, found
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the prediction of SCH to be the most challenging due to an elevated level of soil organic content
and different management compared to ALB and HAI (Busch et al., 2018). At the other
extreme, the US site, which was poorly predicted by transferred models, was sampled during a
very dry summer, and the Sentinel-2 spectra showed a substantial increase in reflectance in the
short-wave infrared region, likely due to low water content confounding the overall spectra
(Jacquemoud et al., 2009; Mesonet, 2024; Appendix A Section A.20). The summer drought
may have also led to early senescence, resulting in a potential underestimation of LAI in
PROSAIL as the latter is predominantly equipped for modelling green vegetation and struggles
to capture NPV (Amin et al., 2021; Delegido et al., 2015; Schiefer et al., 2021; Verrelst et al.,
2023). Second, differences in the abundance of C3 and C4 grasses among sites may have further
limited model transferability from European sites to the US exhibiting a substantially higher
cover fraction of C4 grasses (Kothari and Schweiger, 2022; Shoko et al., 2016; Appendix A
Section A.21). Third, the derivation of biomass values in physically-based and hybrid
approaches via LUT-based LMA and LAI multiplication resulted in numerous parameter
combinations associated with the same biomass values, increasing the prevalent ill-posedness
of the model. Fourth, plot definition and field measurements were handled differently among
the study sites and field campaigns. For example, the plots being monitored by the Biodiversity
Exploratories were selected to be representative of an area of 2,500 m? and biomass was cut for
an area of 2 m? (Hinderling et al., 2023), whereas the plots in Switzerland were representative
for an area of 36 m? and biomass harvesting was limited to 1 m? (Schweiger et al., 2015b).
While such discrepancies between monitoring programs are likely to introduce uncertainties,
they are difficult to mitigate when working with already existing field data. Moreover, the in
situ data collection might not necessarily have been optimized for the pixel grid of the utilized
remote sensing data, e.g., 20 x 20 m grid for Sentinel-2, leading to the problem of diminished
representativeness (Hauser et al., 2021b; Schweiger, 2020) such as in the case of mixed pixels.

Even though standardization of field campaigns could potentially benefit the transferability of
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model trained with remote sensing data, it might be hardly feasible due to ecological or policy
constraints and the legitimate interest of existing monitoring programs to ensure temporally

consistent measurements.

Nevertheless, physically-based models outperformed empirical and hybrid models when
predicting novel study sites which is consistent with the claimed transferability of physically-
based models and the results of previous studies conducted at leaf level (Féret et al., 2019;
Verrelst et al., 2015; Wang et al., 2023). For the hybrid models, we expected a comparatively
high transferability due to the physical foundation of the RTM-simulated training data. In
addition, previous studies have shown the general ability of machine learning regression models
to serve as RTM emulators, i.e., being able to accurately grasp the physical principles of RTMs
during model training (Rivera et al., 2015; Verrelst et al., 2017). However, our results showed
that the transferability of the hybrid models was weakest in most cases, potentially because the
empirical features of hybrid models overrode the physical foundation of the training data by
fitting data-specific single-trait relationships between the AL-selected training set and the
optimization data. To increase the transferability of hybrid models, it has been suggested to
increase the initial training set size (Berger et al., 2021b; Tagliabue et al., 2022), enforcing the
inclusion of more general training data prior to the employment of AL. However, no general
increase in transferability was apparent in our results even when using different initial training

set sizes (Appendix A Section A.22).

4.3. Accuracy of global models

In this study, global models were defined as models that were trained (empirical) or optimized
(physically-based and hybrid) using field data from multiple sites and applied to an unseen
prediction site. The reasoning behind this model set-up was that model training or optimization
with heterogeneous field data might increase model transferability by allowing the model to

learn from a larger pool of diverse field data motivated by previous studies employing similar
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approaches (Muro et al., 2022) and the emergence of global plant trait products derived from
remote sensing data using physically-based or machine learning models (Campos-Taberner et
al., 2018; Kovécs et al., 2023; Moreno-Martinez et al., 2020) relying on accurate predictions
for unsampled areas. The results of this third model comparison were not conclusive as to which

model performed best at this task.

The global physically-based models achieved lower accuracy than the local models for all sites,
indicating a strong influence of the selected combinations of cost function and percentage of
solutions, which differed strongly from those of the local models (Appendix A Sections A.5
and A.8). This seems to contradict the observed higher transferability of the transferred
physically-based models and the eventual conclusion that physically-based models are always

the best choice if no validation data is available (see Section 4.2).

One major challenge for global empirical and hybrid models was that different confounding
relationships between biomass and spectral information are possible for various study sites.
This was reflected for the empirical and hybrid models by the increased mean RRMSE of the
US site, whose specific conditions could not be adequately learned by the models without
additional contextual information (in the case of the global physically-based models, the reason
for the high mean RRMSE was most likely the parametrization of the LUT as discussed in 4.1).
Nevertheless, comparatively good results were obtained by the empirical models for the ALB
site (R? =0.49, RRMSE = 0.49, MBE = 28.87 g/m?) and by the hybrid models for the ALB (R?
=0.43, RRMSE = 0.53, MBE = 37.30 g/m?) and HAI sites (R? = 0.42, RRMSE = 0.64, MBE =
34.41 g/m?) which is consistent with the results of Muro et al. (2022) who reported a lower
transferability of models applied to the SCH site due to confounding factors such as soil organic
content and management practices (Busch et al., 2018). Identifying the exact factors
contributing to the divergent performance is challenging within the multi-site training set-up

and limits definitive conclusions to be drawn on model selection and suitability.
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4.4. Prediction uncertainty as a measure of model applicability to unseen data

Value and acceptance of remote sensing products increase with a quantitative specification of
uncertainty (Woodcock, 2002); increased attention to uncertainty is also called for in the context
of machine learning applications (Meyer and Pebesma, 2020). Motivated by the finding that
epistemic uncertainty of GPR models might help to identify reliable and unreliable predictions
for croplands (Verrelst et al., 2013b, 2013a, 2012), we tested if epistemic uncertainty could be
used as proxy for model transferability across heterogeneous grasslands by comparing the
absolute difference between measured and predicted biomass with the epistemic uncertainty
associated with each prediction and found low correspondence between the two (as shown in

Section 3.4).

In the case of GPR, epistemic uncertainty is a direct model output in the form of the predictive
SD. According to Rasmussen and Williams (2006), the epistemic uncertainty of GPR models
is determined by the similarity between a data point to be predicted and the training data as well
as the properties of the optimized kernel, e.g., the magnitude of the constant kernel and the
lengthscale of the RBF kernel. Accordingly, it is not surprising that the empirical models for
the mutual prediction of the spectrally more similar ALB and HALI sites showed lower mean
epistemic uncertainty than the US models, whose training data exhibited different spectral
properties, e.g., the high reflectance in the short-wave infrared region for the US site. The fact
that the AL-selected training data of the hybrid models did not differ much among the study
sites (Appendix A Section A.23) led to a consistently lower epistemic uncertainty for the
German sites, for which the spectral properties of the field data were more similar to those of
the AL-selected training data. Correspondingly, a high mean epistemic uncertainty resulted for
the CH and US sites, since these sites exhibited larger spectral heterogeneity (as shown in
Appendix A Section A.18) or contained spectra that were not fully covered by the current

parametrization of the PROSAIL LUT, respectively. Thus, a high epistemic uncertainty
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indicated that the data points to be predicted are not optimally covered by the training data,
while a low epistemic uncertainty on the contrary did not necessarily indicate a reliable
prediction as suggested by the missing correspondence between low absolute differences and
associated epistemic uncertainty. Hence, using the epistemic uncertainty as a measure of model
applicability to unseen data might be valid only in the case of comparable relationships between
biomass and spectral information — a condition violated in our study. Nevertheless, the GPR
uncertainty still serves as valuable information to optimize field sampling efforts as outlined in

Verrelst et al. (2012).

In the case of physically-based models, the SD of the solutions considered in the LUT inversion
process is a comparatively simple approach to express the variability of the candidate solutions
and thus to quantify the diversity of the possible solutions. This diversity was relatively
consistent per prediction site, e.g., mean epistemic uncertainty was between 38.86 and 51.96
g/m? for predictions of the US site, suggesting a subordinate influence of the cost functions and
percentages of solutions used for different LUT inversions. Rather, the epistemic uncertainty
appeared to depend primarily on the spectral properties of the predicted data. For example, the
US site had by far the lowest epistemic uncertainty, which was not consistent with the
comparatively high mean RRMSE. In fact, a more accurate prediction of the US site would
have required a modification of the LUT parameterization (as shown in Appendix A Section
A.19), which is obscured by relying solely on the prediction uncertainty. Therefore, in our
study, the epistemic uncertainty expressed as diversity of the possible solutions did not allow a

direct conclusion on the applicability of the models to unseen data.
4.5. Possible improvements

Regarding the performance of local models, various opportunities for improvement are
conceivable depending on the model type. First, the use of alternative algorithms or cost

functions should be considered. For empirical models, alternative algorithms such as Artificial
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Neural Networks (ANNSs) as employed by Ali et al. (2017) and Muro et al. (2022) could be
tested to determine further improvements in model accuracy. For the physically-based models,
the cost functions discussed by Rivera et al. (2013) were tested but since the choice of the
optimal cost functions varied between study sites, the inclusion of additional cost functions
such as genetic algorithms (Fang et al., 2003) could benefit the accuracy of the LUT inversion.
Second, subsetting the LUT using correlations between PROSAIL input parameters could
reduce solution space (Campos-Taberner et al., 2018). For this, in sifu data of several PROSAIL
input parameters are necessary whose correlations could be exploited to prevent unrealistic
parameter combinations being included in the LUT (Combal et al., 2003) as done by Schiefer
et al. (2021). Ideally, the in situ data should be collected for each study site, since the correlation
between the parameters is subject to environmental gradients such as climatic and soil factors
(Joswig et al., 2021). Third, the inclusion of additional predictor variables could improve model
accuracy and transferability, for example additional biomass-relevant variables such as
vegetation height could lead to improved predictions. However, sampling of additional
variables is time- and labor-intensive and deriving them from remote sensing data is
challenging, highlighting the need for reliable, accurate, and transferable remote sensing
models. For example, the mean average error (MAE) of the estimated canopy height from
spaceborne laser altimeters amounts to at least 2 m (Liu et al., 2021) and the use of Sentinel-1
SAR data has led to mixed results, ranging from improving grassland biomass estimation to
providing little or no added value when combined with optical data (Muro et al., 2022; Raab et
al., 2020; Wang et al., 2019). For hybrid models, it is possible to employ further advanced
models such as multi-output GPR models (MOGPs) if additional in situ measured PROSAIL
parameters are available, which allow to predict multiple output variables while preserving the
correlations among the input variables (Liu et al., 2018). The feasibility of employing MOGPs

in the context of biophysical variable estimation has already been demonstrated by Pipia et al.
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(2019) and Caballero et al. (2023) who predicted LAI and vegetation water content (VWC),

respectively, by combining Sentinel-1 and Sentinel-2 data.

To improve the local models’ transferability as well as the global models’ accuracy, it is
essential to disentangle the site-specific confounded relationships between biomass and spectral
information. First, additional predictor variables could help to distinguish these relationships,
including vegetation height, climate data, land use intensity as continuous proxy for
management information (Bliithgen et al., 2012; Rossi et al., 2024), and the quantification of
NPV. Second, a stratification based on climatic priors for subsequent LUT optimization would
be useful in the context of diverse study sites and resonates with studies making the case for a
stronger embedding of remote sensing data with ancillary data (Aguirre-Gutiérrez et al., 2021;
Cavender-Bares et al., 2022; Moreno-Martinez et al., 2020; Verrelst et al., 2023). Although a
remote sensing-only solution may have been desirable, our results reaffirm, through a new
perspective, the trade-off between a LUT parametrization covering the ecological conditions of
all sites and a degradation of the LUT inversion accuracy. Such a stratification would allow, in
the first step, the data points to be projected into different environmental regimes based on
climate data and in the second step, to use LUTs subsetted based on correlations between
PROSAIL parameters and with optimized parameter ranges for the physically-based or hybrid
models. While coarse-resolution climate data for the first step are freely available over large
spatial scales (e.g., ERAS5-Land; Mufioz Sabater, 2019), the second step still places high

demand on the availability of in situ data.
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Conclusion

In this study, we compared different models for biomass estimation from multispectral

spaceborne remote sensing data across heterogeneous grasslands to assess model assumptions

and facilitate model choice for specific applications. In three model comparisons, we

investigated the accuracy and transferability of empirical, physically-based, and hybrid models

across five study sites regarding (1) their local applicability, (2) their spatial transferability, and

(3) the opportunity to compile field data from multiple study sites to increase transferability.

Our results showed that:

1)

2)

3)

on the local level, all models performed similarly well in terms of RRMSE and R2.
Further, we found that in the context of hybrid models, employing AL to identify the
most informative training samples was required.

when transferring local models to a different study site, the physically-based models led
to the most promising results for most combinations of training (empirical models) or
optimization (physically-based and hybrid models) and validation sites. Moreover, we
observed a trade-off between LUT specificity and generality, impeding the universal
application of a single physically-based model. The transferability of empirical and
hybrid models was limited to combinations of sites sharing similar ecological and/or
spectral conditions.

when compiling the field data of four study sites to predict the remaining one, no model
clearly outperformed the others. Differences in model performance remained
challenging to explain, highlighting the need to further explore the possibilities and
characterize the trade-offs of developing models applicable on a large spatial scale and

across ecological gradients.
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4) common epistemic uncertainty implementations were not necessarily reliable measures
of model applicability to unseen data in the case of varying relationships between
biomass and spectral information across study sites.

5) model transferability needs to be thoroughly tested when developing remote sensing

applications whose intended applicability goes beyond the local scale.

Possibilities for improving local model accuracy and transferability include the testing of
alternative machine and deep learning algorithms and cost functions, hierarchical subsetting of
LUTs based on ecological priors, and the use of multi-output models to preserve correlations
among predictor variables, incorporating additional predictors such as NPV or climate data, and
exploring multi-sensor approaches. To fully exploit the spatio-temporal potential of satellite
observations, evaluating and improving model transferability should be a priority; this requires
datasets that enable rigorous testing across sites and conditions, along with theory-driven

foundations to build models capable of robust prediction when applied to new unseen data.
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Appendix A

Section A.1: Pre-processing of APEX data

Remote sensing data for the 365 plots inside the Swiss National Park (SNP) were acquired on
24 June 2010, 26 June 2011, 29 June 2012, and 12 July 2013 with the Airborne Prism
Experiment (APEX) imaging spectrometer (Jehle et al., 2010; Schaepman et al., 2015). Of 334
spectral bands in the wavelength region from 380 to 2500 nm, 285 (2011), 301 (2011), 299
(2012), and 284 bands (2013) remained after noise removal. APEX data were resampled to 2
m pixel size using nearest neighbor interpolation and the parametric geocoding procedure
PARGE (Schlédpfer and Richter, 2002) and the airborne atmospheric and topographic correction
model ATCOR-4 (Richter and Schlidpfer, 2002) were used for geometric and atmospheric
correction, respectively (Schweiger et al., 2015). We considered the 33 plots in 2010 and 9 plots
in 2011 covered by two flight strips as individual samples, resulting in 407 samples. APEX
spectral reflectance was resampled to the Sentinel-2 bands (ESA, 2015) using the prospectR R
package v0.2.6 (Stevens and Ramirez-Lopez, 2022) individually for each year because of

changing APEX spectral response functions.
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Section A.2: Outliers of ALB/HAI/SCH sites

The following condition (Equation A.1) was used to determine if a sample from the
ALB/HAI/SCH sites was discarded due to an unusual biomass-Normalized Difference
Vegetation Index (NDVI) relation while accounting for the saturation effect of NDVI (Huete et

al., 1997; Van Der Meer et al., 2001):
; -2
NDVI < ”“"”+Ef”"] AND NDVI < 0.8 (A.1)

The condition was met for 13 samples of 12 different plots (Figure A.1), for which we

removed all samples from 2017-2020.
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Figure A.1: Biomass content of the ALB, HAI, and SCH samples before sample selection plotted against the Normalized

Difference Vegetation Index (NDVI). ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin.
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Section A.3: Local performance of hybrid models without the use of AL

Look-up tables (LUTs) generated with radiative transfer models (RTMs) such as PROSAIL are
subject to inherent ill-posedness as the inversion does not necessarily lead to a unique solution
(Combal et al., 2003). Additionally, such a LUT might include spectra simulated based on
ecologically meaningless parameter combinations. Hence, prior knowledge can be used to
subset the LUT based on correlations between plant traits (Schiefer et al., 2021). In this study,
we used prior knowledge to define the value ranges and distributions of the selectable
parameters, but we did not use prior information to further subset the LUT since covariances
between traits might be site-specific and generating different LUTs for the study sites would
have prevented any meaningful analysis of transferability. Instead, Active Learning (AL) was
used to select the most informative spectra from the LUT (Verrelst et al., 2016).
Correspondingly, not using AL leads to models being trained on the full LUT containing
redundant and/or unrealistic information and drastically diminished model performance as
illustrated in Figure A.2. Furthermore, without AL, model training is also independent of the
optimization data, since no optimization of the training data takes place. Therefore, the
inclusion of hybrid models without the use of AL for the systematic model comparison was

waived.
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Figure A.2: Mean relative root-mean-square error (RRMSE, A, B) and coefficient of determination (R2, C, D) + 1 standard
deviation for the local hybrid models with (A, C) and without (B, D) the use of Active Learning (AL) with an initial training set

size of 2%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Section A.4: Cross-validation performance of local empirical models

Table A.1: Cross-validation performance of local empirical models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation. CH: Switzerland, ALB: Schwiébische Alb, HAI: Hainich-
Diin, SCH: Schorfheide-Chorin, US: United States, RFR: Random Forest regression, SVR: Support Vector regression, XGB:
Extreme Gradient Boosting regression, GPR: Gaussian Process regression, R?: coefficient of determination, RMSE: root-mean-
square error, RRMSE: relative root-mean-square error. Nomenclature of parameter names for RFR, SVR, and GPR according

to Pedregosa et al. (2012), for XGB according to Chen and Guestrin (2016).

Site Mod See Parameters R? RMSE [g RRM
el d m?) SE
CH RFR 1 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 1, 'n_estimators": 100 0.26 97.383 0.567
2
CH RFR 2 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples leaf": 1, 'n_estimators': 100 0.22 97.707 0.559
CH RFR 3 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": 10, 'min_samples_leaf": 2, 'n_estimators": 100 0.18 104.372 0.595
4
CH RFR 4 'max_depth": None, 'max_features": 10, 'max_leaf nodes": None, 'min_samples_leaf': 2, 'n_estimators': 100 0.25 98.643 0.561
CH RFR 5 'max_depth": 10, 'max_features" 10, 'max_leaf nodes': None, 'min_samples_leaf": 1, 'n_estimators": 200 0.23 97.227 0.553
9
CH RFR 6 'max_depth": 10, 'max_features" 'sqrt', 'max_leaf nodes" None, 'min_samples_leaf': 1, 'n_estimators': 100 0.22 94.349 0.55
1
CH RFR 7 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": 10, 'min_samples_leaf": 2, 'n_estimators": 100 0.25 100.899 0.571
4
CH RFR 8 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes'": 20, 'min_samples_leaf': 1, 'n_estimators': 200 0.21 99.517 0.578
7
CH RFR 9 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples leaf': 5, 'n_estimators': 200 0.17 104.461 0.593
2
CH RFR 10 'max_depth'": None, 'max_features': 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf": 2, 'n_estimators': 500 0.24 97.024 0.548
3
CH SVR 1 'svr__C': 10, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.32 95.135 0.555
3
CH SVR 2 'svr__C': 1,'svr__epsilon': 1, 'svr__gamma": 'scale', 'svr__kernel': 'linear' 0.22 96.989 0.554
CH SVR 3 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.18 96.688 0.558
2
CH SVR 4 'svi_ C': 1,'svr__epsilon': 1, 'svr__gamma': 'scale', 'svr__kernel': 'linear' 0.22 98.606 0.566
CH SVR 5 'svr__C': 100, 'svr__epsilon': 0.01, 'svr__gamma': 'auto', 'svr__kernel': 'tbf' 0.29 93.806 0.527
4
CH SVR 6 'svr__C': 10, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.22 96.36 0.563
8
CH SVR 7 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.29 93.581 0.531
6
CH SVR 8 'svi__ C': 1,'svr__epsilon': 1, 'svr__gamma": 'scale', 'svr__kernel': 'linear' 0.25 96.224 0.555
9
CH SVR 9 'svr__C': 10, 'svr__epsilon": 0.1, 'svr__gamma": 'scale', 'svr__kernel": 'linear' 0.22 96.138 0.549
7
CH SVR 10 'svr__C': 1,'svr__epsilon': 1, 'svr__gamma": 'scale', 'svr__kernel': 'linear' 0.20 97.674 0.555
5
CH XGB 1 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 7, 'xgb__n_estimators': 0.19 96.853 0.574
300, 'xgb__subsample": 1.0 8
CH XGB 2 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.1, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.21 99.454 0.567
100, 'xgb__subsample': 0.8 7
CH XGB 3 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.1, 'xgb__max_depth: 9, 'xgb__ n_estimators": 0.18 102.339 0.603
100, 'xgb__subsample': 1.0 1
CH XGB 4 'xgb__colsample_bytree": 0.8, 'xgb__gamma': 0.2, 'xgb__learning_rate': 0.2, 'xgb__max_depth': 7, 'xgb__n_estimators'": 0.24 98.511 0.562
100, 'xgb__subsample': 0.8 3
CH XGB 5 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0.2, 'xgb__learning_rate": 0.2, 'xgb__max_depth": 7, 'xgb__ n_estimators': 0.22 90.404 0.523
200, 'xgb__subsample': 0.8 5
CH XGB 6 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.1, 'xgb__max_depth": 7, 'xgb__ n_estimators': 0.26 90.79 0.529
300, 'xgb__subsample": 0.8 6
CH XGB 7 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.16 98.689 0.579
300, 'xgb__subsample': 1.0
CH XGB 8 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.1, 'xgb__max_depth": 7, 'xgb__ n_estimators': 0.22 93.968 0.555
300, 'xgb__subsample": 1.0 9
CH XGB 9 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.1, 'xgb__max_depth': 7, 'xgb__n_estimators": 0.15 101.16 0.583
100, 'xgb__subsample': 0.8 7
CH XGB 10 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.1, 'xgb__max_depth": 5, 'xgb__ n_estimators': 0.24 97.957 0.562
300, 'xgb__subsample': 0.8 9
CH GPR 1 1.04**2 * RBF(length_scale=0.555) 0.03 112.276 0.669
CH GPR 2 1.09**2 * RBF(length_scale=0.614) 0.03 113.143 0.66
4
CH GPR 3 1.11*%2 * RBF(length_scale=0.717) 0.04 116.921 0.679
6
CH GPR 4 1.05**2 * RBF(length_scale=0.542) 0.09 117.013 0.691
1




CH GPR 5 1.05**2 * RBF(length_scale=0.663) 0.07 111.359 0.644
1

CH GPR 6 1.07#*2 * RBF(length_scale=0.643) 0.08 110.957 0.655
9

CH GPR 7 1.06**2 * RBF(length_scale=0.699) 0.07 111.392 0.646
5

CH GPR 8 1.06**2 * RBF(length_scale=0.677) 0.05 107.571 0.631
4

CH GPR 9 1.07**2 * RBF(length_scale=0.607) 0.06 119.623 0.693
3

CH GPR 10 1.06**2 * RBF(length_scale=0.603) 0.04 114.67 0.672
3

AL RFR 1 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 5, 'n_estimators": 100 0.49 61.884 0.447

B 2

AL RFR 2 'max_depth'": None, 'max_features': 'sqrt, 'max_leaf nodes": None, 'min_samples_leaf": 5, 'n_estimators': 500 0.38 62.498 0.463

B 9

AL RFR 3 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': 10, 'min_samples_leaf': 5, 'n_estimators': 100 0.47 60.956 0.444

B

AL RFR 4 'max_depth': 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples_leaf": 5, 'n_estimators': 200 0.47 59.714 0.439

B 3

AL RFR 5 'max_depth": 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples leaf': 1, 'n_estimators': 100 0.49 57.978 0.418

B 1

AL RFR 6 'max_depth'": None, 'max_features": 'sqrt', 'max_leaf nodes" 10, 'min_samples_leaf': 2, 'n_estimators': 100 0.59 54.306 0.388

B 8

AL RFR 7 'max_depth": 5, 'max_features": 'sqrt', 'max_leaf nodes'": 20, 'min_samples_leaf': 1, 'n_estimators': 100 0.59 54.284 0.395

B 9

AL RFR 8 'max_depth": None, 'max_features": 10, 'max_leaf nodes" 10, 'min_samples_leaf": 5, 'n_estimators'": 200 0.48 61.801 0.451

B 7

AL RFR 9 'max_depth': 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples_leaf": 5, 'n_estimators': 200 0.51 60.256 0.437

B 1

AL RFR 10 'max_depth": None, 'max_features": 10, 'max_leaf nodes": None, 'min_samples_leaf': 5, 'n_estimators': 100 0.48 61.236 0.445

B 4

AL SVR 1 'svr__C': 10, 'svr__epsilon": 0.01, 'svr__gamma': 'scale’, 'svi 0.52 60.243 0.435

B 7

AL SVR 2 'svr__C': 10, 'svr__epsilon': 0.5, 'svr__gamma": 'scale', 'svr__kernel": 'linear' 0.46 58.95 0.435

B 5

AL SVR 3 'svr__C': 10, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.48 59.269 0.431

B 8

AL SVR 4 'svr__C': 10, 'svr__epsilon": 1, 'svr__gamma': 'scale', 'svr__kernel': 'linear' 0.50 59.348 0.434

B 2

AL SVR 5 'svr__C': 10, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.57 54.454 0.393

B 2

AL SVR 6 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 1, 'svr__kernel": 'rbf’ 0.6 56.361 0.406

B

AL SVR 7 'svr__C': 10, 'svr__epsilon': 1, 'svr__gamma': 'scale', 'svr__kernel': 'linear' 0.62 55.656 0.406

B 4

AL SVR 8 'svr__C': 10, 'svr__epsilon": 1, 'svr__gamma': 'scale', 'svr__kernel': 'linear' 0.51 63.062 0.458

B 2

AL SVR 9 'svr__C': 100, 'svr__epsilon": 0.01, 'svr__gamma': 'scale’, 'svi 0.57 59.17 0.428

B 1

AL SVR 10 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.51 59.66 0.436

B 7

AL XGB 1 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.1, 'xgb__learning_rate": 0.2, 'xgb__max_depth" 5, 'xgb__n_estimators': 0.49 63.028 0.454

B 100, 'xgb__subsample': 0.8 4

AL XGB 2 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0.2, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 3, 0.36 63.793 0.47

B 'xgb__n_estimators': 200, 'xgb__subsample': 0.8 6

AL XGB 3 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.1, 'xgb__learning_rate": 0.1, 'xgb__max_depth" 3, 'xgb__n_estimators': 0.52 60.109 0.44

B 100, 'xgb__subsample": 1.0 5

AL XGB 4 'xgb__colsample_bytree": 0.8, 'xgb_ _gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 5, 'xgb__n_estimators': 0.50 57.863 0.424

B 200, 'xgb__subsample': 0.8 9

AL XGB 5 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators': 0.50 56.811 0.411

B 300, 'xgb__subsample": 1.0 6

AL XGB 6 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.2, 'xgb__learning_rate": 0.1, 'xgb__max_depth" 3, 'xgb__n_estimators': 0.62 51.448 0.367

B 100, 'xgb__subsample': 0.8

AL XGB 7 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.62 51.687 0.375

B 300, 'xgb__subsample": 0.8 7

AL XGB 8 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 3, 'xgb__n_estimators": 0.50 61.415 0.448

B 300, 'xgb__subsample": 0.8 2

AL XGB 9 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.2, 'xgb__max_depth": 5, 'xgb__ n_estimators': 0.56 58.001 0.416

B 100, 'xgb__subsample': 0.8

AL XGB 10 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.49 60.569 0.44

B 200, 'xgb__subsample": 0.8 9

AL GPR 1 0.969**2 * RBF(length_scale=0.582) 0.36 | 70.641 0.51

B 4

AL GPR 2 0.988**2 * RBF(length_scale=0.571) 0.22 73.522 0.554

B 9

AL GPR 3 0.971**2 * RBF(length_scale=0.596) 0.31 73.961 0.551

B 2

AL GPR 4 1#*2 * RBF(length_scale=0.602) 0.26 | 70.827 0.523

B 3

AL GPR 5 0.963**2 * RBF(length_scale=0.637) 0.34 | 69.188 0.506

B 6

AL GPR 6 0.954**2 * RBF(length_scale=0.728) 0.57 57.247 0.409

B 7

AL GPR 7 0.988**2 * RBF(length_scale=0.69) 0.41 66.398 0.487

B 8

AL GPR 8 0.96%*2 * RBF(length_scale=0.603) 0.32 70.746 0.512

B 7

AL GPR 9 0.981**2 * RBF(length_scale=0.68) 0.50 | 61.572 0.445

B 3




AL GPR 10 0.978**2 * RBF(length_scale=0.592) 0.43 67.059 0.49
B 7

HA RFR 1 'max_depth": 10, 'max_features" 'sqrt', 'max_leaf nodes" 20, 'min_samples_leaf": 2, 'n_estimators": 500 0.60 58.344 0.484
1 1

HA RFR 2 'max_depth': 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf': 2, 'n_estimators': 200 0.56 58.231 0.481
1 7

HA RFR 3 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes'": 20, 'min_samples_leaf: 1, 'n_estimators': 200 0.49 60.211 0.51
I 4

HA RFR 4 'max_depth': 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf': 5, 'n_estimators': 200 0.62 55.599 0.471
1 6

HA RFR 5 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': 20, 'min_samples_leaf': 1, 'n_estimators': 100 0.56 57.184 0.48
1 3

HA RFR 6 'max_depth": 10, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf': 1, 'n_estimators': 100 0.67 50.357 0.443
1 7

HA RFR 7 'max_depth'": None, 'max_features': 'sqrt, 'max_leaf nodes": None, 'min_samples_leaf": 5, 'n_estimators': 100 0.54 59.045 0.504
1 6

HA RFR 8 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples leaf": 1, 'n_estimators': 500 0.59 56.409 0.471
1 3

HA RFR 9 'max_depth': 15, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 1, 'n_estimators': 100 0.55 60.494 0.516
1 5

HA RFR 10 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 5, 'n_estimators": 100 0.54 59.877 0.509
I 4

HA SVR 1 'svr__C': 100, 'svr__epsilon": 0.1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.64 55.258 0.461
1

HA SVR 2 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.59 55.823 0.463
1 1

HA SVR 3 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.63 52.765 0.447
1 7

HA SVR 4 'svr__C': 100, 'svr__epsilon": 0.1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.67 51.742 0.438
1

HA SVR 5 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.57 55.933 0.469
1 2

HA SVR 6 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.64 50.297 0.441
1 6

HA SVR 7 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.62 53.9 0.458
I 4

HA SVR 8 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.68 50.765 0.423
1 7

HA SVR 9 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.57 59.724 0.506
1 9

HA SVR 10 'svr__C': 100, 'svr__epsilon': 0.5, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.63 53.207 0.447
1 1

HA XGB 1 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.2, 'xgb__learning_rate": 0.2, 'xgb__max_depth" 3, 'xgb__n_estimators': 0.59 59.358 0.491
1 300, 'xgb__subsample": 1.0 7

HA XGB 2 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.2, 'xgb__max_depth': 3, 'xgb__ n_estimators": 0.57 58.098 0.48
1 100, 'xgb__subsample': 0.8 1

HA XGB 3 'xgb__colsample_bytree": 0.8, 'xgb__gamma': 0, 'xgb__learning_rate': 0.01, 'xgb__max_depth": 3, 'xgb__n_estimators': 0.47 61.115 0.517
1 300, 'xgb__subsample": 0.8 6

HA XGB 4 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.58 59.375 0.501
1 300, 'xgb__subsample': 1.0 7

HA XGB 5 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.1, 'xgb__max_depth": 3, 'xgb__ n_estimators': 0.50 64.257 0.54
1 100, 'xgb__subsample': 0.8 8

HA XGB 6 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 3, 'xgb__n_estimators": 0.62 54.179 0.475
1 300, 'xgb__subsample': 1.0

HA XGB 7 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.2, 'xgb__max_depth": 9, 'xgb__ n_estimators': 0.48 64.233 0.548
1 100, 'xgb__subsample': 0.8 3

HA XGB 8 'xgb__colsample_bytree": 0.8, 'xgb__gamma': 0, 'xgb__learning_rate': 0.1, 'xgb__max_depth': 3, 'xgb__n_estimators'": 0.61 56.071 0.467
1 100, 'xgb__subsample': 0.8 1

HA XGB 9 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators': 0.48 64.76 0.548
1 200, 'xgb__subsample': 0.8 4

HA XGB 10 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.46 64.489 0.545
1 200, 'xgb__subsample": 0.8 4

HA GPR 1 1.13**2 * RBF(length_scale=0.956) 0.49 | 68.263 0.569
1 1

HA GPR 2 1.05**2 * RBF(length_scale=0.939) 0.56 | 61.494 0.498
1 4

HA GPR 3 1.04**2 * RBF(length_scale=0.817) 0.44 | 65.875 0.557
1 3

HA GPR 4 1.01**2 * RBF(length_scale=0.866) 0.54 | 62.848 0.531
1 1

HA GPR 5 1.04**2 * RBF(length_scale=0.87) 0.48 61.989 0.516
1 9

HA GPR 6 0.944**2 * RBF(length_scale=0.82) 0.47 59.248 0.52
1 7

HA GPR 7 1.06**2 * RBF(length_scale=0.87) 0.46 | 66.942 0.564
1 9

HA GPR 8 1.03**2 * RBF(length_scale=0.835) 0.47 64.916 0.544
1 9

HA GPR 9 1.09**2 * RBF(length_scale=0.963) 0.51 62.062 0.53
1 2

HA GPR 10 1.03**2 * RBF(length_scale=0.853) 0.44 | 65.897 0.559
1 9

Ne RFR 1 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': 10, 'min_samples_leaf': 2, 'n_estimators': 200 0.35 95.411 0.432
H 4

Ne RFR 2 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": 10, 'min_samples_leaf': 5, 'n_estimators': 100 0.32 94.618 0.427
H 8

SC RFR 3 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": 10, 'min_samples_leaf': 2, 'n_estimators': 100 0.43 90.285 0.402
H 4

Ne RFR 4 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf": 1, 'n_estimators': 100 0.33 98.242 0.435




SC RFR 5 'max_depth'": None, 'max_features": 'sqrt', 'max_leaf nodes" 10, 'min_samples_leaf': 1, 'n_estimators': 100 0.34 97.047 0.445

H 3

Ne RFR 6 'max_depth": 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples leaf': 5, 'n_estimators': 100 0.39 94.588 0.421

H

SC RFR 7 'max_depth'": None, 'max_features": 'sqrt', 'max_leaf nodes" 10, 'min_samples_leaf': 2, 'n_estimators': 200 0.36 101.901 0.456

H 1

Ne RFR 8 'max_depth": 10, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf': 2, 'n_estimators': 100 0.40 94.495 0.423

H 8

SC RFR 9 'max_depth': 10, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 2, 'n_estimators': 500 0.32 100.8 0.448

H 3

Ne RFR 10 'max_depth": 5, 'max_features" 'sqrt', 'max_leaf nodes'": 20, 'min_samples_leaf': 2, 'n_estimators': 100 0.33 101.181 0.454

H 3

Ne SVR 1 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.35 93.693 0.423

H 4

SC SVR 2 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.36 93.28 0.418

H 1

Ne SVR 3 'svr__C': 100, 'svr__epsilon”: 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.42 93.033 0.413

H 1

SC SVR 4 'svr__C': 100, 'svr__epsilon": 0.01, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf’ 0.42 91.405 0.404

H 5

N SVR 5 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.36 92.754 0.421

H 8

SC SVR 6 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.42 92.56 0.41

H 8

SC SVR 7 'svr__C': 100, 'svr__epsilon": 0.01, 'svr__gamma': 'scale’, 'svr__kernel": 'tbf’ 0.36 100.513 0.445

H 2

N SVR 8 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.47 94.222 0.425

H 4

SC SVR 9 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.40 95.513 0.426

H 8

Ne SVR 10 'svr__C': 100, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel": 'tbf’ 0.45 92.601 0.416

H 4

SC XGB 1 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators" 0.31 97.182 0.439

H 300, 'xgb__subsample": 1.0 3

Ne XGB 2 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators': 0.27 99.375 0.451

H 200, 'xgb__subsample': 0.8 1

N XGB 3 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0.1, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 7, 0.42 92.165 0.41

H 'xgb__n_estimators": 200, 'xgb__subsample': 1.0 5

SC XGB 4 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.30 98.417 0.436

H 300, 'xgb__subsample': 0.8 2

Ne XGB 5 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.30 97.967 0.448

H 200, 'xgb__subsample": 0.8 3

SC XGB 6 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 3, 'xgb__n_estimators": 0.41 94.208 0.42

H 200, 'xgb__subsample": 1.0

Ne XGB 7 'xgb__colsample_bytree": 0.8, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators': 0.36 105.444 0.473

H 300, 'xgb__subsample': 0.8 3

SC XGB 8 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.39 94.985 0.422

H 300, 'xgb__subsample": 0.8 2

SC XGB 9 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.29 103.28 0.459

H 200, 'xgb__subsample': 0.8 1

Ne XGB 10 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.31 102.488 0.461

H 300, 'xgb__subsample": 0.8 4

SC GPR 1 1.03**2 * RBF(length_scale=0.542) 0.05 112.547 0.511

H 5

Ne GPR 2 1##*2 * RBF(length_scale=0.0912) 0 116.645 0.531

H

SC GPR 3 1.05**2 * RBF(length_scale=0.664) 0.02 116.241 0.518

H 8

Ne GPR 4 1.05**2 * RBF(length_scale=0.624) 0.06 119.988 0.532

H 7

Ne GPR 5 1.04**2 * RBF(length_scale=0.653) 0.14 110.328 0.505

H 6

SC GPR 6 1.04**2 * RBF(length_scale=0.618) 0.00 121.548 0.542

H 9

Ne GPR 7 1.07**2 * RBF(length_scale=0.817) 0.14 119.432 0.537

H 9

SC GPR 8 1.04**2 * RBF(length_scale=0.679) 0.22 106.116 0.476

H 1

Ne GPR 9 1.06**2 * RBF(length_scale=0.831) 0.24 105.753 0.473

H 5

SC GPR 10 1.05**2 * RBF(length_scale=0.671) 0.05 120.172 0.539

H 1

us RFR 1 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": 10, 'min_samples_leaf": 1, 'n_estimators": 100 0.43 68.608 0.267
3

us RFR 2 'max_depth": 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples leaf': 2, 'n_estimators': 200 0.44 63.617 0.25
4

us RFR 3 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": None, 'min_samples_leaf: 5, 'n_estimators': 500 0.37 67.218 0.259
9

us RFR 4 'max_depth": 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples_leaf': 2, 'n_estimators': 200 0.46 70.669 0.281
1

us RFR 5 'max_depth': 5, 'max_features" 10, 'max_leaf nodes': 10, 'min_samples_leaf": 2, 'n_estimators': 100 0.45 66.11 0.254
1

us RFR 6 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': 10, 'min_samples_leaf': 2, 'n_estimators': 200 0.42 64.712 0.261
2

us RFR 7 'max_depth": None, 'max_features": 10, 'max_leaf nodes" 20, 'min_samples_leaf": 1, 'n_estimators": 100 0.37 74.124 0.29
7

us RFR 8 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": None, 'min_samples_leaf: 5, 'n_estimators': 100 0.39 67.47 0.26
5

us RFR 9 'max_depth": None, 'max_features": 10, 'max_leaf nodes" 10, 'min_samples_leaf": 1, 'n_estimators": 100 0.41 68.961 0.266
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us RFR 10 'max_depth'": None, 'max_features': 10, 'max_leaf nodes": None, 'min_samples_leaf": 5, 'n_estimators': 100 0.30 71.819 0.279
8
us SVR 1 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.49 62.487 0.24
4
us SVR 2 'svr__C': 100, 'svr__epsilon": 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.60 50.272 0.197
2
us SVR 3 'svr__C': 100, 'svr__epsilon': 0.01, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.49 61.333 0.235
6
us SVR 4 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.53 60.381 0.236
1
us SVR 5 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.54 60.469 0.232
7
us SVR 6 'svr__C': 100, 'svr__epsilon': 0.5, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.56 52.136 0.207
9
us SVR 7 'svr__C': 100, 'svr__epsilon": 0.1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.56 60.417 0.236
2
us SVR 8 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.43 64.762 0.248
2
us SVR 9 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear' 0.45 64.825 0.247
5
us SVR 10 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel': 'linear’ 0.44 63.514 0.244
9
us XGB 1 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 5, 'xgb__n_estimators": 0.41 69.243 0.268
200, 'xgb__subsample": 0.8 1
us XGB 2 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0, 'xgb__learning_rate": 0.2, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.39 66.15 0.258
100, 'xgb__subsample': 0.8 8
us XGB 3 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.1, 'xgb__max_depth': 3, 'xgb__ n_estimators": 0.37 67.86 0.258
300, 'xgb__subsample": 0.8 5
us XGB 4 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 5, 'xgb__n_estimators": 0.37 76.427 0.302
200, 'xgb__subsample': 0.8 6
us XGB 5 'xgb__colsample_bytree": 1.0, 'xgb_ _gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators": 0.50 64.874 0.252
200, 'xgb__subsample': 1.0 2
us XGB 6 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.2, 'xgb__learning_rate": 0.1, 'xgb__max_depth" 3, 'xgb__n_estimators': 0.40 66.616 0.267
300, 'xgb__subsample": 0.8 3
us XGB 7 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0.2, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 7, 0.35 74.251 0.291
'xgb__n_estimators': 200, 'xgb__subsample': 0.8
us XGB 8 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 3, 'xgb__n_estimators': 0.36 67.505 0.258
300, 'xgb__subsample": 1.0 4
us XGB 9 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.1, 'xgb__learning_rate": 0.2, 'xgb__max_depth" 7, 'xgb__n_estimators': 0.35 68.738 0.261
100, 'xgb__subsample': 1.0 5
us XGB 10 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth': 5, 'xgb__n_estimators': 0.38 67.266 0.263
200, 'xgb__subsample": 1.0 4
uUs GPR 1 1.2%*2 * RBF(length_scale=0.816) 0.25 83.361 0.323
5
uUs GPR 2 1.06**2 * RBF(length_scale=0.696) 029 | 68.962 0.269
4
us GPR 3 1.14**2 * RBF(length_scale=0.79) 0.21 80.838 0.31
us GPR 4 1.12**2 * RBF(length_scale=0.725) 0.14 | 88.532 0.347
7
uUs GPR 5 1.21#*2 * RBF(length_scale=0.898) 020 | 85.777 0.33
7
us GPR 6 1.06**2 * RBF(length_scale=0.661) 0.24 | 71.481 0.283
8
uUs GPR 7 1.11*%2 * RBF(length_scale=0.646) 0.18 87.213 0.341
2
uUs GPR 8 1.1**2 * RBF(length_scale=0.744) 0.21 82.567 0.314
3
uUs GPR 9 1.19%%2 * RBF(length_scale=0.814) 0.16 | 82.955 0.317
7
uUs GPR 10 1.1#*2 * RBF(length_scale=0.718) 0.15 80.403 0.313
6
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Section A.5: Cross-validation performance of local physically-based models

Table A.2: Cross-validation performance of local physically-based models. The parameters correspond to the best-performing

combination of parameters tested during the fivefold cross-validation. CH: Switzerland, ALB: Schwiébische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE: root-mean-square error, RRMSE:

relative root-mean-square error.

Site Seed Cost function Percentage of R? RMSE [g m?] RRMSE
solutions

CH 1 min_contrast_1 1 0.221 95.683 0.556
CH 2 min_contrast_1 1 0.214 96.421 0.558
CH 3 min_contrast_1 1 0.149 107.756 0.617
CH 4 min_contrast_1 1 0.142 104.529 0.602
CH 5 min_contrast_1 1 0.207 102.279 0.589
CH 6 min_contrast_1 1 0.211 96.402 0.558
CH 7 min_contrast_1 1 0.208 101.18 0.583
CH 8 min_contrast_1 1 0.192 98.848 0.573
CH 9 min_contrast_1 1 0.23 101.751 0.583
CH 10 min_contrast_2 1 0.263 97.142 0.558
ALB 1 neyman_chi_square_divergence 1 0.419 72.6 0.521
ALB 2 neyman_chi_square_divergence 1 0.392 70.695 0.512
ALB 3 neyman_chi_square_divergence 1 0.401 73.617 0.525
ALB 4 neyman_chi_square_divergence 1 0.399 71.542 0.518
ALB 5 neyman_chi_square_divergence 1 0.491 67.975 0.491
ALB 6 neyman_chi_square_divergence 1 0.519 67.184 0.483
ALB 7 neyman_chi_square_divergence 1 0.488 68.575 0.496
ALB 8 neyman_chi_square_divergence 1 0.404 71.385 0.511
ALB 9 neyman_chi_square_divergence 1 0.424 70.498 0.505
ALB 10 neyman_chi_square_divergence 1 0.406 70.858 0.508
HAI 1 neyman_chi_square_divergence 1 0.535 76.289 0.653
HAI 2 neyman_chi_square_divergence 1 0.502 79.265 0.68
HAI 3 neyman_chi_square_divergence 1 0.488 77.544 0.67
HAI 4 neyman_chi_square_divergence 1 0.521 79.296 0.682
HAI 5 neyman_chi_square_divergence 1 0.471 79.608 0.683
HAI 6 neyman_chi_square_divergence 1 0.56 74.294 0.65
HAI 7 neyman_chi_square_divergence 1 0.496 78.714 0.679
HAI 8 neyman_chi_square_divergence 1 0.494 78.26 0.673
HAI 9 neyman_chi_square_divergence 1 0.513 79.514 0.678
HAI 10 neyman_chi_square_divergence 1 0.465 80.354 0.691
SCH 1 laplace_distribution 10 0.232 100.658 0.459
SCH 2 laplace_distribution 10 0.258 99.444 0.451
SCH 3 laplace_distribution 10 0.253 105.421 0.475
SCH 4 laplace_distribution 10 0.252 105.525 0.475
SCH 5 laplace_distribution 10 0.25 99.303 0.451
SCH 6 laplace_distribution 10 0.265 104.778 0.471

10
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SCH 7 laplace_distribution 10 0.237 107.39 0.481
SCH 8 laplace_distribution 10 0.249 105.4 0.473
SCH 9 laplace_distribution 10 0.234 107.052 0.48

SCH 10 laplace_distribution 10 0.235 106.999 0.481
us 1 pearson_chi_square 0.01 0.11 179.487 0.684
us 2 pearson_chi_square 0.01 0.102 173.848 0.67

uUs 3 min_contrast_4 10 0.411 182.307 0.695
usS 4 min_contrast_4 10 0.394 182.016 0.694
us 5 pearson_chi_square 0.01 0.119 176.744 0.674
us 6 pearson_chi_square 0.01 0.101 174.832 0.673
uUs 7 min_contrast_4 10 0.419 180.943 0.689
usS 8 min_contrast_4 10 0.417 181.294 0.692
usS 9 min_contrast_4 10 0.434 181.748 0.693
us 10 pearson_chi_square 0.01 0.117 175.263 0.671
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Section A.6: Cross-validation performance of local hybrid models

Table A.3: Cross-validation performance of local hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
2%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, GPR: Gaussian
Process regression, R2: coefficient of determination, RMSE: root-mean-square error, RRMSE: relative root-mean-square error.

Nomenclature of parameter names for GPR according to Pedregosa et al. (2012).

Site Model Seed Parameters R? RMSE [g m?] RRMSE
CH GPR 1 2.21%*2 * RBF(length_scale=1.42) 0.499 75.556 0.439
CH GPR 2 1.38%*2 * RBF(length_scale=1.19) 0.452 79.347 0.459
CH GPR 3 2.3%*2 * RBF(length_scale=1.31) 0.352 91.03 0.521
CH GPR 4 1.65%*2 * RBF(length_scale=1.54) 0.391 86.625 0.499
CH GPR 5 1.4%*2 * RBF(length_scale=1.12) 0.443 83.088 0.478
CH GPR 6 1.35%*2 * RBF(length_scale=0.905) 0.294 90.317 0.523
CH GPR 7 2.17%*2 * RBF(length_scale=1.44) 0.454 83.176 0.479
CH GPR 8 1.86**2 * RBF(length_scale=1.39) 0.528 75.341 0.437
CH GPR 9 2.01%*2 * RBF(length_scale=1.55) 0.373 88.788 0.509
CH GPR 10 1.88**2 * RBF(length_scale=1.51) 0.416 85.856 0.493
ALB GPR 1 1.48%*2 * RBF(length_scale=1.53) 0.598 54.526 0.391
ALB GPR 2 1.55%*2 * RBF(length_scale=1.18) 0.522 57.823 0.418
ALB GPR 3 1.71%*2 * RBF(length_scale=1.43) 0.59 55.424 0.396
ALB GPR 4 1.23**2 * RBF(length_scale=1.06) 0.553 55.795 0.404
ALB GPR 5 1.22%*2 * RBF(length_scale=1.05) 0.651 49.486 0.357
ALB GPR 6 1.24**2 * RBF(length_scale=0.967) 0.662 50.024 0.36
ALB GPR 7 1.22%*2 * RBF(length_scale=0.924) 0.585 54.581 0.395
ALB GPR 8 1.46**2 * RBF(length_scale=1.77) 0.607 53.931 0.386
ALB GPR 9 1.38**2 * RBF(length_scale=1.05) 0.605 54212 0.388
ALB GPR 10 1.39%*2 * RBF(length_scale=1.13) 0.557 57.082 0.409
HAI GPR 1 1.11%*2 * RBF(length_scale=0.986) 0.626 55.158 0.472
HAI GPR 2 1.61%*2 * RBF(length_scale=1.39) 0.567 57.636 0.494
HAI GPR 3 1.56**2 * RBF(length_scale=1.17) 0.558 58.089 0.502
HAI GPR 4 1.23%*2 * RBF(length_scale=1.22) 0.599 56.084 0.483
HAI GPR 5 1.18%*2 * RBF(length_scale=0.916) 0.558 58.565 0.503
HAI GPR 6 1.34**2 * RBF(length_scale=0.889) 0.669 46.253 0.405
HAI GPR 7 1.36**2 * RBF(length_scale=0.949) 0.551 59.404 0.512
HAI GPR 8 1.22%*2 * RBF(length_scale=1.2) 0.593 55.635 0.478
HAI GPR 9 1.35%*2 * RBF(length_scale=0.994) 0.582 58.676 0.5
HAI GPR 10 1.07**2 * RBF(length_scale=0.729) 0.439 64.907 0.558
SCH GPR 1 1.43%*2 * RBF(length_scale=1.66) 0.42 87.105 0.397
SCH GPR 2 2.41%%2 * RBF(length_scale=1.88) 0.413 87.669 0.398
SCH GPR 3 1.1#*2 * RBF(length_scale=0.739) 0.265 103.892 0.468
SCH GPR 4 1.67**2 * RBF(length_scale=1.46) 0.42 92.083 0.414
SCH GPR 5 1.28%*2 * RBF(length_scale=1.18) 0.419 88.073 0.4

12
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SCH GPR 6 1.22**2 * RBF(length_scale=0.963) 0.358 97.48 0.438
SCH GPR 7 2.21*%*2 * RBF(length_scale=1.73) 0.347 98.593 0.442
SCH GPR 8 1.87**2 * RBF(length_scale=1.72) 0.472 87.585 0.393
SCH GPR 9 1.13%*2 * RBF(length_scale=0.843) 0.313 101.202 0.454
SCH GPR 10 1.5%*2 * RBF(length_scale=1.22) 0.422 95.264 0.428
us GPR 1 1*#*2 * RBF(length_scale=0.15) 0 87.721 0.334
us GPR 2 1*#*2 * RBF(length_scale=0.0601) 0 78.583 0.303
us GPR 3 1*#*2 * RBF(length_scale=0.107) 0 87.481 0.334
us GPR 4 2.88**2 * RBF(length_scale=1.72) 0.522 62.153 0.237
us GPR 5 1.73**2 * RBF(length_scale=1.58) 0.523 60.741 0.232
us GPR 6 1*#*2 * RBF(length_scale=0.215) 0 78.953 0.304
us GPR 7 2.27**2 * RBF(length_scale=1.37) 0.652 53.078 0.202
us GPR 8 1#*2 * RBF(length_scale=0.371) 0 87.852 0.335
us GPR 9 1.67**2 * RBF(length_scale=1.35) 0.652 52.129 0.199
us GPR 10 1#*2 * RBF(length_scale=0.119) 0 85.523 0.328

13
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Section A.7: Cross-validation performance of global empirical models

Table A.4: Cross-validation performance of global empirical models. The parameters correspond to the best-performing

combination of parameters tested during the fivefold cross-validation. CH: Switzerland, ALB: Schwiébische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States, RFR: Random Forest regression, SVR: Support Vector regression, XGB:

Extreme Gradient Boosting regression, GPR: Gaussian Process regression, R?: coefficient of determination, RMSE: root-mean-

square error, RRMSE: relative root-mean-square error. Nomenclature of parameter names for RFR, SVR, and GPR according

to Pedregosa et al. (2012), for XGB according to Chen and Guestrin (2016).

Site Model Parameters R’ RMSE RRMS
lgm?] E

All except RFR 'max_depth": None, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 2, 'n_estimators": 200 0.506 79.86 0.433

for CH

All except SVR 'svr__C': 100, 'svr__epsilon": 0.1, 'svr__gamma': 'scale’, 'svr__kernel': 'rbf' 0.522 78.95 0.427

for CH

All except XGB 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.1, 'xgb__learning_rate": 0.01, 'xgb__max_depth" 3, 0.5 80.664 0.437

for CH 'xgb__n_estimators': 300, 'xgb__subsample': 0.8

All except GPR 1##*2 * RBF(length_scale=0.0279) 0.398 88.272 0.478

for CH

All except RFR 'max_depth': 10, 'max_features": 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 1, 'n_estimators': 100 0.399 90.335 0.467

for ALB

All except SVR 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.379 92.708 0.479

for ALB

All except XGB 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.2, 'xgb__learning_rate": 0.1, 'xgb__max_depth": 9, 0.377 93.213 0.482

for ALB 'xgb__n_estimators": 100, 'xgb__subsample': 0.8

All except GPR 1#*2 * RBF(length_scale=0.0285) 0.083 109.70 0.567

for ALB 5

All except RFR 'max_depth": 10, 'max_features" 'sqrt', 'max_leaf nodes": None, 'min_samples_leaf': 2, 'n_estimators': 500 0.328 91.829 0.462

for HAI

All except SVR 'svr__C': 100, 'svr__epsilon" 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.359 90.446 0.454

for HAI

All except XGB 'xgb__colsample_bytree": 1.0, 'xgb_ gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth": 3, 0.294 94.275 0.474

for HAI 'xgb__n_estimators": 300, 'xgb__subsample': 0.8

All except GPR 1##*2 * RBF(length_scale=0.0297) 0.001 111.55 0.562

for HAI 8

All except RFR 'max_depth": 10, 'max_features" 10, 'max_leaf nodes': None, 'min_samples_leaf': 1, 'n_estimators": 500 0.49 77.84 0.449

for SCH

All except SVR 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'scale’, 'svr__kernel": 'rbf' 0.439 82.674 0.477

for SCH

All except XGB 'xgb__colsample_bytree" 1.0, 'xgb__gamma': 0.2, 'xgb__learning_rate": 0.01, 'xgb__max_depth" 7, 0.463 79.584 0.459

for SCH 'xgb__n_estimators": 300, 'xgb__subsample': 0.8

All except GPR 1##*2 * RBF(length_scale=0.0273) 0.298 90.679 0.525

for SCH

All except RFR 'max_depth': 15, 'max_features" 'sqrt', 'max_leaf nodes': None, 'min_samples_leaf": 2, 'n_estimators': 200 0.349 89.073 0.547

for US

All except SVR 'svr__C': 100, 'svr__epsilon": 1, 'svr__gamma': 'auto', 'svr__kernel'": 'rbf 0.366 89.059 0.546

for US

All except XGB 'xgb__colsample_bytree" 0.8, 'xgb__gamma': 0, 'xgb__learning_rate": 0.01, 'xgb__max_depth'": 3, 0.324 90.521 0.556

for US 'xgb__n_estimators": 300, 'xgb__subsample': 0.8

All except GPR 1#*2 * RBF(length_scale=0.0292) 0.161 101.07 0.62

for US 8
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Section A.8: Cross-validation performance of global physically-based models

Table A.5: Cross-validation performance of global physically-based models. The parameters correspond to the best-performing

combination of parameters tested during the fivefold cross-validation. CH: Switzerland, ALB: Schwiébische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE: root-mean-square error, RRMSE:

relative root-mean-square error.

Site Cost function Percentage of R? RMSE [g m?] RRMSE
solutions

All except for CH laplace_distribution 1

0.034 120.649 0.653
All except for ALB min_contrast_4 10

0.025 126.039 0.652
All except for HAI min_contrast_4 10

0.025 124.348 0.625
All except for SCH laplace_distribution 1

0.009 119.915 0.695
All except for US min_contrast_1 1

0.266 93.696 0.576
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Section A.9: Cross-validation performance of global hybrid models

Table A.6: Cross-validation performance of global hybrid models. The parameters correspond to the best-performing

combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of

2%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, GPR: Gaussian

Process regression, R2: coefficient of determination, RMSE: root-mean-square error, RRMSE: relative root-mean-square error.

Nomenclature of parameter names for GPR according to Pedregosa et al. (2012).

Site Model Parameters R? RMSE [g m?] RRMSE
All except for CH GPR 1.39**2 * RBF(length_scale=1.29) 0.427 85.269 0.462
All except for ALB GPR 1.82**2 * RBF(length_scale=1.41) 0.31 95.682 0.495
All except for HAI GPR 1.26**2 * RBF(length_scale=1.11) 0.237 97.987 0.492
All except for SCH GPR 1.63**2 * RBF(length_scale=1.26) 0.368 86.338 0.5

All except for US GPR 1.16**2 * RBF(length_scale=1.09) 0.332 89.463 0.55
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Section A.10: Testing performance of local and transferred empirical models: RFR

Table A.7: Testing performance of local and transferred empirical Random Forest regression (RFR) models. The parameters
correspond to the best-performing combination of parameters tested during the fivefold cross-validation. CH: Switzerland,
ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE:
root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of RMSE, RRMSE: relative

root-mean-square error, MBE: mean bias error.

Training site

Prediction site Metric CH ALB HAIL SCH Us

CH R* 0.30+£0.14 0.15+0.02 0.01£0.01 0.15+0.02 0.01£0.01
RMSE 97.67 + 14.48 120.81 £2.34 142.25+6.22 112.16 +£5.87 231.97 +32.68
sRMSE 113.35+9.02 127.81 £2.37 140.14 + 6.24 112.57 +1.81 219.95+26.43
uRMSE 59.82 +8.76 41.61+3.19 23.47 +6.62 29.93 +6.00 71.03 +27.47
RRMSE 0.56 £ 0.08 0.70 £ 0.01 0.82 £0.04 0.65+0.03 1.34+0.19
MBE -1.62 +£14.43 -65.16 + 4.60 -86.25 +10.08 22.32+9.96 189.73 +30.65

ALB R? 0.28 £0.08 0.51+0.17 0.34 £0.02 0.49 £ 0.03 0.30 £0.02
RMSE 126.00 + 13.26 61.60 + 10.74 73.85+1.20 104.79 + 8.47 260.84 +43.11
sRMSE 132.69 + 11.92 85.05+4.28 87.37+0.61 116.88 + 4.64 260.01 +38.75
uRMSE 40.51+7.35 55.77 +15.19 46.59 £2.52 50.43 +9.42 46.06 + 12.45
RRMSE 0.91+0.10 0.44 £ 0.07 0.53£0.01 0.75 £ 0.06 1.87£0.31
MBE 101.83 +15.73 3.44+12.53 -22.47 £2.40 80.84 +6.72 245.55+41.03

HAI R* 0.32+£0.07 0.45+0.02 0.64£0.11 0.43 +£0.05 0.22+£0.05
RMSE 138.66 + 14.88 63.99 + 1.42 50.73 + 12.60 101.03 +4.03 293.26 +41.64
sRMSE 145.82 + 14.20 85.35+0.16 82.50 +9.68 11420 +2.13 292.95+39.55
uRMSE 4438 +6.74 56.44 + 1.60 64.28 +5.88 52.93+4.83 32.06 +12.20
RRMSE 1.20£0.13 0.55+0.01 0.44 £0.10 0.87+£0.03 2.53+£0.36
MBE 117.78 +£17.85 4.41+2.384 -4.10 £ 6.45 76.01 +3.20 279.96 + 41.41

SCH R? 0.19 +0.06 0.31+0.02 0.16 £0.02 0.32+0.09 0.09 £0.01
RMSE 114.93 +5.97 123.22 +1.85 139.90 + 1.74 103.30 + 10.26 227.35+45.71
sRMSE 124.93 +5.18 138.81 + 1.69 147.01 £ 0.98 120.49 + 11.52 226.85+41.93
uRMSE 48.12+£8.52 63.90 + 1.65 4488 £4.71 60.01 + 16.54 39.01+12.37
RRMSE 0.52+0.03 0.56 £0.01 0.63 £0.01 0.46 +0.04 1.02+£0.21
MBE 33.07 £20.17 -71.83£3.28 -86.43 £ 1.67 0.70 + 11.84 191.27 +49.71

Us R* 0.16 £0.14 0.32+£0.08 0.17£0.16 0.28 £0.09 0.47£0.16
RMSE 173.22+9.53 225.50+3.77 226.10 +2.65 173.05 +8.70 64.73 £ 11.41
sRMSE 175.60 +£9.71 227.59 £3.44 226.95+3.07 176.04 +8.23 84.35+12.85
uRMSE 26.53 +12.43 30.41 +4.20 20.87 £6.78 31.94 +3.65 51.43+17.73
RRMSE 0.66 £ 0.04 0.86 £ 0.01 0.86 £ 0.01 0.66 £ 0.03 0.25+0.04
MBE -15332+11.21 -211.03 £3.71 -210.25+£3.37 -153.95+9.37 0.12+11.91
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Section A.11: Testing performance of local and transferred empirical models: SVR

Table A.8: Testing performance of local and transferred empirical Support Vector regression (SVR) models. The parameters
correspond to the best-performing combination of parameters tested during the fivefold cross-validation. CH: Switzerland,
ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE:
root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of RMSE, RRMSE: relative

root-mean-square error, MBE: mean bias error.

Training site
Prediction site Metric CH ALB HAI SCH us
CH R’
0.31+0.12 0.26 +0.13 0.01 +0.01 0.11+0.16 0.06 + 0.04
RMSE
96.29 + 6.44 149.67 £ 19.71 195.16 £ 16.16 132.08 +27.73 293.03 +57.49
SRMSE
113.92 +9.04 158.61 +23.47 185.72 + 17.25 132.78 + 33.06 276.07 +48.37
uRMSE
58.90 + 16.63 53.39 +16.13 57.92 + 14.39 33.89 +17.02 94.87 +42.37
RRMSE
0.55+0.03 0.86 £ 0.11 1.12 £ 0.09 0.76 £ 0.16 1.69 +0.33
MBE
-13.29 £ 13.09 -111.13 +36.03 -148.94 +20.88 -33.73 £73.95 251.96 + 53.69
ALB R’
0.46 +0.12 0.54 +0.21 0.47 +0.02 0.49 + 0.04 0.25+0.16
RMSE
97.08 + 16.87 59.48 + 13.07 74.84 + 3.45 89.75 +5.74 280.34 + 30.59
SRMSE
109.51 + 15.79 85.21 + 4.86 93.83 + 2.46 106.39 + 4.62 280.43 +29.37
uRMSE
55.63 +2.48 59.73 £12.97 56.52 +1.47 57.02 £ 0.99 38.65 + 18.03
RRMSE
0.70 +0.12 0.43 +0.09 0.54 +0.02 0.64 +0.04 2.01 +0.22
MBE
67.46 +23.94 -6.35+12.74 -40.95 £ 5.37 64.65 £ 7.68 267.23 £ 30.84
HAI R’
0.39 +0.04 0.49 +0.05 0.65 +0.08 0.48 +0.05 0.33+0.15
RMSE
107.06 + 17.05 62.67 +2.62 52.62 + 11.00 88.42 +5.75 281.21 +27.60
SRMSE
115.94 + 14.23 85.91 +0.48 83.64 + 10.87 105.76 + 3.62 283.83 +26.66
uRMSE
51.46 +5.24 58.60 + 3.47 64.67 + 6.39 57.80 +2.59 42.84 +10.99
RRMSE
0.92+0.15 0.54 +£0.02 0.45 +£0.08 0.76 £ 0.05 2.42+0.24
MBE
77.08 +20.47 -10.15 £ 5.00 -13.82 £9.06 62.53 £6.07 270.58 +£27.97
SCH R’
0.33 +0.08 0.35 +0.06 0.24 +0.02 0.42+0.15 0.18 +0.07
RMSE
108.79 + 10.83 129.53 +3.18 139.75 +2.47 94.39 + 8.53 224.30 + 24.65
SRMSE
122.02 +£2.28 146.39 +£2.76 150.82 + 1.61 120.78 + 11.39 226.29 + 23.89
uRMSE
60.96 +4.19 67.90 + 6.16 56.62 + 2.66 73.64 + 17.66 30.70 + 17.05
RRMSE
0.49 +0.05 0.58 +0.01 0.63 +0.01 0.42 +0.04 1.01 £0.11
MBE
-14.42 £23.94 -85.56 £ 4.82 -92.86 £ 2.62 -8.22 £ 12.60 191.96 + 28.19
us R’
0.30 +0.03 0.27 +0.10 0.32 +0.05 0.23 +0.05 0.59 + 0.08
RMSE
212.61 +50.25 259.17 +£42.80 272.06 + 35.13 206.50 + 124.22 56.89 + 12.09
SRMSE
216.26 +49.34 261.03 + 44.64 275.78 + 35.18 201.94 + 127.46 84.09 + 12.92
uRMSE
37.24 +10.22 38.86 + 11.65 4491 +£4.87 36.01 +10.46 61.61 +7.79
RRMSE
0.81+0.19 0.99 +£0.16 1.04+0.13 0.79 +0.47 0.22 +0.04
MBE
-197.74 £ 53.27 -245.99 +48.23 -262.03 +37.05 -173.23 + 140.11 5.06 +9.42
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Section A.12: Testing performance of local and transferred empirical models: XGB

Table A.9: Testing performance of local and transferred empirical Extreme Gradient Boosting (XGB) regression models. The
parameters correspond to the best-performing combination of parameters tested during the fivefold cross-validation. CH:
Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Training site
Prediction site Metric CH ALB HAI SCH us
CH R’
0.21+0.12 0.14 +0.04 0.03 +0.02 0.12 +0.02 0.01 +0.01
RMSE
108.91 + 14.41 120.79 £3.77 135.00+ 7.13 118.44 +9.55 245.19 + 28.16
SRMSE
114.75 +9.07 126.57 + 3.28 122.35 + 8.47 115.46 + 4.44 226.56 +20.67
uRMSE
45.54 £ 17.66 36.60 + 9.39 55.24 +13.55 32.39 +14.39 92.17 +25.75
RRMSE
0.62 + 0.08 0.70 £ 0.02 0.78 + 0.04 0.68 +0.05 1.41+£0.16
MBE
-4.43 £22.19 -62.52 £6.61 -50.27 +£19.49 32.21 +15.07 197.58 +23.88
ALB R’
0.26 + 0.08 0.52+0.14 0.27 +0.04 0.43 £ 0.05 0.29 + 0.04
RMSE
160.89 + 25.32 62.46 +9.74 80.56 +5.19 110.64 + 11.96 276.58 +47.77
SRMSE
160.00 + 25.02 85.18 +4.05 85.99 + 1.05 119.77 £ 6.70 271.73 £ 40.69
uRMSE
30.33 +12.62 5591 +12.22 3139+ 11.26 44.40 £ 11.66 48.92 + 35.67
RRMSE
1.16 £0.18 0.45 +0.07 0.58 +0.04 0.79 +0.09 1.99 +0.34
MBE
134.91 +£29.78 548 +12.68 -15.09 +£5.91 84.81 £9.27 257.94 +42.81
HAI R’
0.28 +0.10 0.42 +0.03 0.60 +0.12 0.39 +0.07 0.21 +0.07
RMSE
171.69 £29.31 66.22 +2.31 54.35+12.33 104.55 + 5.87 309.70 + 49.19
SRMSE
170.75 +27.39 85.31+0.16 82.40+9.71 115.71 £ 2.53 305.52 +44.89
uRMSE
29.35+16.82 53.67 +2.76 60.99 + 7.58 48.62 +8.13 48.84 +29.02
RRMSE
1.48 £0.25 0.57 +£0.02 0.47 £ 0.09 0.90 + 0.05 2.67+£0.42
MBE
146.87 + 32.43 1.04 +4.03 -1.05 £ 6.02 78.21 + 3.66 293.04 +46.78
SCH R’
0.15 +0.05 0.30 +0.03 0.16 £ 0.03 0.28+0.11 0.08 +0.02
RMSE
143.38 +24.47 122.21 +1.83 138.84 + 3.83 105.79 + 10.74 245.25 + 54.24
SRMSE
144.35 £ 18.33 137.27+1.59 145.15 +3.27 120.40 + 11.45 240.77 £ 50.72
uRMSE
41.01 £ 15.05 62.41 +3.65 42.00 +4.92 54.61 + 18.41 42.26 £ 27.55
RRMSE
0.65+0.11 0.55+0.01 0.63 +0.02 0.48 +0.04 1.11+0.24
MBE
73.97 £3945 -68.78 £3.22 -83.11 £5.78 1.31 +£10.30 207.36 + 58.12
us R’
0.11 +0.07 0.01 +0.01 0.09+0.11 0.20 £ 0.10 0.48 +0.14
RMSE
188.78 £ 15.31 230.54 £ 10.24 218.55 £ 8.05 161.57 £ 10.24 70.77 + 16.44
SRMSE
190.10 + 14.80 229.73 +£9.88 218.53 £8.71 164.25 +9.59 85.74 + 12.11
uRMSE
28.13+7.24 18.67 £ 5.59 25.85 +6.50 27.59 +10.06 57.22 +15.89
RRMSE
0.72 + 0.06 0.88 + 0.04 0.84 +0.03 0.62 + 0.04 0.27 £ 0.06
MBE
-169.64 + 16.38 -213.05 +10.63 -201.01 £9.52 -140.22 £ 11.11 8.79 +16.87
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Section A.13: Testing performance of local and transferred empirical models: GPR

Table A.10: Testing performance of local and transferred empirical Gaussian Process regression (GPR) models. The parameters
correspond to the best-performing combination of parameters tested during the fivefold cross-validation. CH: Switzerland,
ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE:
root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of RMSE, RRMSE: relative

root-mean-square error, MBE: mean bias error.

Training site
Prediction site Metric CH ALB HAI SCH Us
CH R’
0.08 + 0.05 0.04 +0.02 0.00 +0.01 0.01 +0.01 0.01 +0.00
RMSE
111.15+ 11.89 119.06 + 0.86 127.48 + 0.77 120.40 + 0.54 141.09 + 0.68
SRMSE
112.90 + 8.85 116.71 +0.31 126.56 + 0.30 119.92 + 0.44 141.15 + 0.67
uRMSE
29.83 £7.91 23.29+3.44 14.59 + 4.63 10.04 + 6.02 4.10 +0.51
RRMSE
0.64 £ 0.06 0.69 + 0.00 0.73 £ 0.00 0.69 + 0.00 0.81 +0.00
MBE
-2.56 £ 6.57 -37.63 £0.98 -62.02 +0.58 47.10 £ 1.32 87.98 + 1.09
ALB R’
0.08 + 0.05 0.40 +0.17 0.30 £ 0.03 0.16 + 0.06 0.03 +£0.01
RMSE
120.96 + 8.61 68.44 + 10.35 73.29 +2.35 117.93 +3.14 149.15 +0.93
SRMSE
106.10 £ 4.70 84.25 + 4.60 85.62 + 0.56 121.40 +£3.34 149.21 £ 0.91
uRMSE
57.35+11.71 49.63 £ 11.75 44.02 £ 4.02 27.76 + 8.15 4.34+1.28
RRMSE
0.87 +0.06 0.49 +0.07 0.53 +0.02 0.85 +0.02 1.07 £ 0.01
MBE
62.85+7.90 3.40+3.12 -13.74+3.73 87.03 + 4.69 122.53 £ 1.11
HAI R’
0.10 +0.02 0.31 +0.02 0.54+0.17 0.18 +0.08 0.02 + 0.00
RMSE
139.71 £ 10.59 72.53 +1.41 58.39 +15.42 119.74 £ 6.59 169.59 + 1.21
SRMSE
124.83 + 6.69 85.96 + 0.43 83.06 + 9.53 124.76 + 4.28 169.53 + 1.13
uRMSE
62.36 +10.70 46.09 + 1.54 57.05 +9.37 32.59 + 11.80 4.80 +2.47
RRMSE
1.20 +0.09 0.63 +0.01 0.50+0.12 1.03 £ 0.06 1.46 £ 0.01
MBE
90.08 +9.29 9.95 + 3.68 -3.37£11.12 90.80 + 5.68 146.09 + 1.31
SCH R’
0.03 +0.04 0.13+0.01 0.16 + 0.04 0.16+0.11 0.01 + 0.00
RMSE
130.30 + 5.04 132.47 +1.17 139.77 + 3.58 114.35 +13.95 125.86 + 0.39
SRMSE
122.19 + 1.57 138.90 + 1.49 147.30 £ 2.73 120.78 £ 11.53 125.90 + 0.36
uRMSE
41.31 +£19.05 41.74 £2.03 46.04 + 6.08 42.75 £ 15.76 3.52+1.53
RRMSE
0.59 +0.02 0.60 + 0.01 0.63 +0.02 0.51 +0.05 0.57 +0.00
MBE
-24.84+£7.79 -71.68 £2.96 -86.85 £ 4.66 0.83 +12.62 39.83+1.14
us R’
0.08 + 0.05 0.04 +0.02 0.16 + 0.04 0.09 +0.03 0.35+0.07
RMSE
124.71 +1.27 150.08 + 0.78 170.72 £ 0.70 94.63 + 0.49 71.05 +13.37
SRMSE
123.64 + 0.65 150.07 +0.70 170.33 +0.57 94.82 + 0.49 84.52 +12.87
uRMSE
14.83 + 6.96 4.60 + 1.81 11.10 +3.36 5.57+2.35 45.13 £6.76
RRMSE
0.48 £ 0.00 0.57 £ 0.00 0.65 + 0.00 0.36 + 0.00 0.27 £ 0.05
MBE
-88.80 + 0.88 -123.02 +0.86 -146.93 + 0.65 -39.81 £1.23 2.37+12.21
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Section A.14: Testing performance of local and transferred physically-based models

Table A.11: Testing performance of local and transferred physically-based models. The parameters correspond to the best-
performing combination of parameters tested during the fivefold cross-validation. CH: Switzerland, ALB: Schwdbische Alb,
HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE: root-mean-square error,
SRMSE: systematic component of RMSE, uRMSE: unsystematic component of RMSE, RRMSE: relative root-mean-square error,

MBE: mean bias error.

Calibration site

Prediction site Metric CH ALB HAI SCH Us

CH R’ 0.26+0.17 0.14 £ 0.00 0.14 £ 0.00 0.12 +£0.00 0.13+£0.00
RMSE 102.57 + 16.64 105.26 + 0.00 105.26 + 0.00 104.55 +0.00 111.23 +6.82
SRMSE 11597 +11.28 112.62 +0.00 112.62 £ 0.00 109.99 + 0.00 111.71+£1.21
uRMSE 56.88 +12.05 40.06 = 0.00 40.06 £ 0.00 34.17 +0.00 3529 +0.87
RRMSE 0.59 +0.09 0.61 £ 0.00 0.61 +0.00 0.60 + 0.00 0.64 +0.04
MBE -24.33 £15.87 -24.61 £ 0.00 -24.61 £ 0.00 -3.44 £ 0.00 -18.58 +£7.28

ALB R’ 0.41 +0.00 0.43+0.17 0.43 +0.00 0.45 +0.00 0.22+0.21
RMSE 74.27+0.25 73.17+7.39 71.13 +£0.00 87.55+0.00 95.30+9.71
sRMSE 91.30 +0.15 90.63 +4.41 89.28 +0.00 103.76 + 0.00 94.25 +7.34
uRMSE 53.10 +0.09 51.44+13.34 53.95+0.00 55.69 +0.00 56.83+2.11
RRMSE 0.53 +0.00 0.52+0.05 0.51 +0.00 0.63 +0.00 0.68 +0.07
MBE 34.97+0.37 32.34+9.65 29.33 +0.00 60.49 + 0.00 19.05 +£37.63

HAI R’ 0.53 +0.00 0.53 £0.00 0.66 +0.10 0.50 +0.00 0.26 £0.23
RMSE 80.00 +0.20 76.46 = 0.00 68.05 +7.50 98.54 +0.00 97.42 +2.45
SRMSE 99.66 +0.12 96.69 + 0.00 93.07+7.16 115.10 £ 0.00 99.09 + 12.78
uRMSE 59.42 +0.06 59.18 +0.00 63.13 +6.46 59.47 +0.00 54.68 +4.44
RRMSE 0.69 +0.00 0.66 £ 0.00 0.59 +0.05 0.85+0.00 0.84 +£0.02
MBE 51.81+0.23 45.83 +0.00 42.64 £7.51 77.44 +0.00 4144 £31.11

SCH R’ 0.21+0.00 0.20 = 0.00 0.20 = 0.00 0.30 +0.04 0.12+0.12
RMSE 114.19 £ 0.09 116.67 + 0.00 116.67 £ 0.00 103.95+ 11.54 133.47 £27.96
sRMSE 125.42 +0.08 127.32 £ 0.00 127.32 +0.00 120.51 £ 11.65 130.78 = 11.16
uRMSE 51.87+0.01 50.98 + 0.00 50.98 +0.00 60.75 +5.32 66.61 +10.26
RRMSE 0.51 +0.00 0.53 = 0.00 0.53 +0.00 0.47 +0.04 0.60 +0.13
MBE -40.07 £0.25 -45.64 £ 0.00 -45.64 £ 0.00 -9.99 £ 6.58 -45.40 £31.62

Us R’ 0.45 +0.00 0.44 £ 0.00 0.44 +£0.00 0.43 +£0.00 0.30+£0.24
RMSE 196.60 + 1.42 196.25 +0.00 196.25 + 0.00 184.59 +0.00 185.01 = 11.81
SRMSE 201.31 +1.51 201.00 £ 0.00 201.00 + 0.00 190.55 + 0.00 187.33 £ 10.73
uRMSE 43.27+0.53 43.42 +0.00 43.42 +0.00 47.29 £+ 0.00 36.63 +5.86
RRMSE 0.75+0.01 0.75 £ 0.00 0.75 +0.00 0.71 £ 0.00 0.71 +£0.04
MBE -182.43 + 1.66 -182.09 £ 0.00 -182.09 + 0.00 -170.48 £ 0.00 -167.32 £ 6.38
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Section A.15: Testing performance of local and transferred hybrid models

Table A.12: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
2%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Calibration site
Prediction site Metric CH ALB HAI SCH us
CH R?
0.23+0.14 0.02 +0.02 0.02 +0.03 0.03 +0.03 0.01 +0.01
RMSE
112.22 £31.13 127.07 £ 7.94 125.43 £9.89 136.69 + 13.00 164.02 + 35.27
sRMSE
113.87 +9.18 116.51 + 7.64 117.34 + 6.45 125.35 +13.19 146.02 + 14.56
uRMSE
54.73 +39.46 49.79 +13.76 44.33 +15.06 53.38 +17.36 58.53 + 64.41
RRMSE
0.64 +0.18 0.73 £0.05 0.72 + 0.06 0.79 £ 0.07 0.94 + 0.20
MBE
-3.46 +17.01 -31.66 +21.59 -36.42 + 18.12 36.96 + 48.54 93.61 +20.14
ALB R?
0.07 +0.07 0.46 +0.18 0.34+0.07 0.41 +0.09 0.03 +0.02
RMSE
122.05 + 8.44 64.39 £ 11.93 72.30 +4.12 107.21 + 8.09 158.60 + 28.14
sRMSE
103.03 + 10.46 84.85 +4.76 86.83 +1.25 118.81 +4.89 147.49 + 33.86
uRMSE
61.51 £21.43 54.13 £ 12.30 47.60 + 5.58 50.35 +6.74 42.55+41.87
RRMSE
0.88 + 0.06 0.46 +0.08 0.52 +0.03 0.77 £ 0.06 1.14 +0.20
MBE
5591 +19.27 -0.37+£11.47 -19.74 £ 5.34 83.55 + 6.82 117.33 £42.37
HAI R’
0.03 +0.03 0.32 +0.04 0.54+0.11 0.25 +0.06 0.02 +0.03
RMSE
131.67 £ 12.72 72.81 +1.65 58.51+11.47 110.02 + 5.09 179.92 £ 31.30
sRMSE
112.79 + 15.17 86.15 +0.83 83.22+9.76 115.72 +4.17 171.60 + 35.17
uRMSE
65.35 +16.62 45.90 + 3.40 58.49 + 6.67 35.08 + 7.02 40.01 £41.06
RRMSE
1.13+0.11 0.63 £0.01 0.51 +0.09 0.95 +0.04 1.55+£0.27
MBE
70.71 +24.06 0.42 +12.18 -9.55+8.77 78.01 £ 6.21 146.89 + 38.34
SCH R?
0.02 +0.02 0.23 +0.04 0.17+0.07 0.27 +0.15 0.02 +0.03
RMSE
142.90 + 12.30 129.56 + 8.21 144.81 + 6.85 104.35 + 14.22 144.01 + 25.57
sRMSE
129.70 £ 11.57 141.33 £ 6.42 152.09 + 3.38 120.30 + 11.46 132.76 + 16.64
uRMSE
58.91 +12.09 56.03 +4.71 44.91 £ 12.62 56.42 +18.15 46.69 £ 44.79
RRMSE
0.64 + 0.06 0.58 +0.04 0.65 +0.03 0.47 + 0.06 0.65+0.12
MBE
-44.35 £27.74 -75.77 £12.38 -94.74 £5.45 -0.14 £ 8.90 39.24 + 43.46
us R’
0.13+0.10 0.12+0.10 0.14+0.11 0.19 +0.05 0.23 +0.26
RMSE
184.27 £ 27.00 161.10 + 38.01 155.40 £ 9.64 118.22 + 23.46 76.40 + 20.77
sRMSE
171.80 +24.72 159.96 + 38.99 148.05 + 10.26 106.73 + 19.36 84.04 + 13.67
uRMSE
63.41 +£27.27 33.24+13.22 4541 +12.44 52.36 +23.27 22.45 +24.84
RRMSE
0.70 £ 0.10 0.62+0.15 0.59 + 0.04 0.45 +0.09 0.29 +0.07
MBE
-148.09 + 28.52 -132.65 +46.57 -120.22 + 12.54 -48.41 +44.96 0.49 +7.92
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139  Section A.16: Testing performance of global models

140 Table A.13: Testing performance of global models. RFR: Random Forest regression, SVR: Support Vector regression, XGB:
141 Extreme Gradient Boosting regression, GPR: Gaussian process regression, CH: Switzerland, ALB: Schwdébische Alb, HAI: Hainich-
142 Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of determination, RMSE: root-mean-square error, SRMSE:

143 systematic component of RMSE, uRMSE: unsystematic component of RMSE, RRMSE: relative root-mean-square error, MBE:

144 mean bias error.
Model type
Prediction site Metric Empirical RFR Empirical SVR Empirical XGB Empirical GPR Physically-based Hybrid
CH R’
0 0.02 0 0 0.08 0
RMSE
120.76 130.09 127.31 110.83 108.31 124.45
sRMSE
110.28 111.77 110.95 110.83 110.73 112.64
uRMSE
49.22 66.56 62.43 0 23.04 52.92
RRMSE
0.7 0.75 0.73 0.64 0.62 0.72
MBE
-2.51 -17.25 11.75 11 -12.76 22.71
ALB R’
0.41 0.49 0.42 0 0.43 0.43
RMSE
829 68.51 83.38 100.75 85.6 7431
sRMSE
96.33 89.08 94.89 100.74 101.59 92.2
uRMSE
49.06 56.93 45.28 1.41 54.72 54.58
RRMSE
0.6 0.49 0.6 0.72 0.61 0.53
MBE
46.55 28.87 43.51 54.13 56.67 373
HAI R’
0.44 0.43 0.34 0 0.49 0.42
RMSE
85.81 76.13 93.5 119.47 94.98 73.71
sRMSE
102.59 94.17 105.47 119.47 111.87 91.89
uRMSE
56.22 55.43 48.81 0 59.12 54.87
RRMSE
0.74 0.66 0.81 1.03 0.82 0.64
MBE
57.15 40.11 62.07 83.08 72.55 34.41
SCH R’
0.28 0.27 0.29 0 0.22 0.18
RMSE
117.09 127.69 116.49 129.1 111.52 134.26
sRMSE
132.45 141.13 132.16 129.1 124.09 143.04
uRMSE
61.9 60.12 62.42 0 54.43 49.34
RRMSE
0.53 0.58 0.52 0.58 0.5 0.6
MBE
-58.6 -76.21 -57.97 -49.32 -35.71 -79.54
Us R’
0.28 0.05 0.2 0 0.45 0.25
RMSE
211.53 224.32 211.52 130.9 197.08 136.03
sRMSE
214.28 221.48 213.6 0 201.81 127.12
uRMSE
34.21 35.59 29.74 0 43.45 48.43
RRMSE
0.81 0.86 0.81 0.5 0.75 0.52
MBE
-196.59 -204.11 -195.82 -98.89 -182.99 -93.37
145
146
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147  Section A.17: Epistemic uncertainty

Empirical models local
Relationship with absolute
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148
149 Figure A.3: Epistemic uncertainty of local empirical Gaussian process regression models. Absolute differences correspond to
150 the absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the
151 prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding
152 predictions were omitted for the calculation of the overall R?> showed in the textbox in the right column. CH: Switzerland,
153 ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.4: Epistemic uncertainty of local physically-based models. Absolute differences correspond to the absolute

difference between measured and predicted biomass value. If the percentage of solutions was equal to 0.01% (e.g., only 1

sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted for the calculation

of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwidbische Alb, HAI: Hainich-Diin, SCH:

Schorfheide-Chorin, US: United States.
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Figure A.5: Epistemic uncertainty of local hybrid models. Absolute differences correspond to the absolute difference between

measured and predicted biomass value. In case a model predicted a straight line (e.g., the prediction is constant), the

calculation of the coefficient of determination (R?) was not possible. The corresponding predictions were omitted for the

calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.6: Epistemic uncertainty of transferred empirical Gaussian process regression models for the CH site. Absolute

differences correspond to the absolute difference between measured and predicted biomass value. In case a model

predicted a straight line (e.g., the prediction is constant), the calculation of the coefficient of determination (R2) was not

possible. The corresponding predictions were omitted for the calculation of the overall R? showed in the textbox in the right

column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.7: Epistemic uncertainty of transferred empirical Gaussian process regression models for the ALB site. Absolute

differences correspond to the absolute difference between measured and predicted biomass value. In case a model

predicted a straight line (e.g., the prediction is constant), the calculation of the coefficient of determination (R2) was not

possible. The corresponding predictions were omitted for the calculation of the overall R? showed in the textbox in the right

column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.8: Epistemic uncertainty of transferred empirical Gaussian process regression models for the HAI site. Absolute

differences correspond to the absolute difference between measured and predicted biomass value. In case a model

predicted a straight line (e.g., the prediction is constant), the calculation of the coefficient of determination (R2) was not

possible. The corresponding predictions were omitted for the calculation of the overall R? showed in the textbox in the right

column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

29



184
185

186
187
188
189
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Figure A.9: Epistemic uncertainty of transferred empirical Gaussian process regression models for the SCH site. Absolute

differences correspond to the absolute difference between measured and predicted biomass value. In case a model

predicted a straight line (e.g., the prediction is constant), the calculation of the coefficient of determination (R2) was not

possible. The corresponding predictions were omitted for the calculation of the overall R? showed in the textbox in the right

column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.10: Epistemic uncertainty of transferred empirical Gaussian process regression models for the US site. Absolute

differences correspond to the absolute difference between measured and predicted biomass value. In case a model

predicted a straight line (e.g., the prediction is constant), the calculation of the coefficient of determination (R2) was not

possible. The corresponding predictions were omitted for the calculation of the overall R? showed in the textbox in the right

column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.11: Epistemic uncertainty of transferred physically-based models for the CH site.
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Absolute differences correspond to

the absolute difference between measured and predicted biomass value. If the percentage of solutions was equal to 0.01%

(e.g., only 1 sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted for the

calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.12: Epistemic uncertainty of transferred physically-based models for the ALB site. Absolute differences correspond

to the absolute difference between measured and predicted biomass value. If the percentage of solutions was equal to

0.01% (e.g., only 1 sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted

for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI:

Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.13: Epistemic uncertainty of transferred physically-based models for the HAI site. Absolute differences correspond
to the absolute difference between measured and predicted biomass value. If the percentage of solutions was equal to
0.01% (e.g., only 1 sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted
for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwidbische Alb, HAI:

Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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214
215 Figure A.14: Epistemic uncertainty of transferred physically-based models for the SCH site. Absolute differences correspond
216 to the absolute difference between measured and predicted biomass value. If the percentage of solutions was equal to
217 0.01% (e.g., only 1 sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted
218 for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwidbische Alb, HAI:
219 Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.15: Epistemic uncertainty of transferred physically-based models for the US site. Absolute differences correspond to

the absolute difference between measured and predicted biomass value. If the percentage of solutions was equal to 0.01%

(e.g., only 1 sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted for the

calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.16: Epistemic uncertainty of transferred hybrid models for the CH site. Absolute differences correspond to the

absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the

prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding

predictions were omitted for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland,

ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.17: Epistemic uncertainty of transferred hybrid models for the ALB site. Absolute differences correspond to the

absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the

prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding

predictions were omitted for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland,

ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.18: Epistemic uncertainty of transferred hybrid models for the HAI site. Absolute differences correspond to the

absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the

prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding

predictions were omitted for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland,

ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.19: Epistemic uncertainty of transferred hybrid models for the SCH site. Absolute differences correspond to the

absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the

prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding

predictions were omitted for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland,

ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

40



250
251

252
253
254
255

Hybrid models transferred US model

Relationship with absolute
Distribution of epistemic uncertainty by seed differences for all seeds

——49-9-9-

NI 2D e N o oS P oo &S
//Q.Q [ Y o NP WQ.Q WQ,Q o A

N
% 17 17 17
& ¢ & ¢ ¢ & ¢ ¢ ¢ ¢

Predicting CH
Uncertainty [g m™2]
N
o
o

o
Uncertainty [g m™2]
N
o
o

5 600 5 600
"~ 7
a E €
< 5400 o 400
g = 2
B £ 200 £ 200
8 g —_ —— — — —_— — g
—
8] 3]
e o S 0
-] -]
N Q_Q\ > QQ\ * & o O o QQ\ AP o o HN QQ\ 0 200 400
EN 2 2 o g 4 S N PSS 2
7 600 7 600
=0 7
< € €
T 400 400
2z >
° -% 200 _% 200
R —_ e —— — — —— ©
&8 3
c 0 2 0
- -
0 200 400
N LS S P e P e P e PN O
& & ¢ ¢ ¢ ¢ ¢ ¢ & ¢
T 600 T 600
o o
T .
®» o 400 400
o
£ 2 2
B = 200 £ 200
3 E —— ——— —— —— — E
= O o
ag O e o
-] ]
AR D N o N 5 AN o OO 0 200 400
B S N A2 D Y Y S Absolute difference [g m~2]
& ¢ ¢ ¢ ¢ g ¢ & ¢ ¢
Seed

Figure A.20: Epistemic uncertainty of transferred hybrid models for the US site. Absolute differences correspond to the

absolute difference between measured and predicted biomass value. In case a model predicted a straight line (e.g., the

prediction is constant), the calculation of the coefficient of determination (R%) was not possible. The corresponding

predictions were omitted for the calculation of the overall R? showed in the textbox in the right column. CH: Switzerland,

ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.21: Epistemic uncertainty of global empirical models. Absolute differences correspond to the absolute difference

between measured and predicted biomass value. In case a model predicted a straight line (e.g., the prediction is constant),

the calculation of the coefficient of determination (R?) was not possible. The corresponding predictions were omitted for the

calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-

Diin, SCH: Schorfheide-Chorin, US: United States.
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Figure A.22: Epistemic uncertainty of global physically-based models. Absolute differences correspond to the absolute
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difference between measured and predicted biomass value. If the percentage of solutions was equal to 0.01% (e.g., only 1

sample), no standard deviation and R? could be calculated. The corresponding predictions were omitted for the calculation

of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwidbische Alb, HAI: Hainich-Diin, SCH:

Schorfheide-Chorin, US: United States.
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271 Figure A.23: Epistemic uncertainty of global hybrid models. Absolute differences correspond to the absolute difference
272 between measured and predicted biomass value. In case a model predicted a straight line (e.g., the prediction is constant),
273 the calculation of the coefficient of determination (R?) was not possible. The corresponding predictions were omitted for the

274 calculation of the overall R? showed in the textbox in the right column. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-

275 Diin, SCH: Schorfheide-Chorin, US: United States.
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Section A.18: Biomass and spectral variability by site

Table A.14: Properties of biomass (range and coefficient of variation (CV), calculated by dividing the variance by the mean)
and the spectral bands (CV) by site, and mean relative root-mean-square error (RRMSE) and coefficient of determination (R2)
of best local empirical, physically-based, and hybrid models. For the empirical models, only the best-performing model in terms
of lowest RRMSE is shown with the model specified in brackets. A missing R? indicates that its calculation was not possible due
to predictions of constant values (=horizontal line). CH: Switzerland, ALB: Schwidbische Alb, HAI: Hainich-Diin, SCH:
Schorfheide-Chorin, US: United States, RFR: Random Forest regression, SVR: Support Vector regression, XGB: Extreme Gradient

Boosting regression, GPR: Gaussian Process regression.

Property Site

CH ALB HAI SCH UsS
Biomass range [g m] 540.49 | 379.00 502.37 643.00 | 518.60
Biomass CV [g m?] 70.73 52.40 64.18 64.78 28.41
490 nm band CV * 100 0.94 0.37 0.36 0.24 0.49
560 nm band CV * 100 0.56 0.20 0.18 0.15 0.08
665 nm band CV * 100 1.25 1.02 0.75 0.57 0.09
705 nm band CV * 100 0.60 0.40 0.34 0.24 0.23
740 nm band CV * 100 1.72 0.71 0.57 0.56 0.19
783 nm band CV * 100 2.15 1.24 1.03 1.01 0.26
842 nm band CV * 100 2.06 1.23 1.05 0.90 0.27
865 nm band CV * 100 2.14 1.09 0.92 0.89 0.27
1610 nm band CV * 100 0.98 1.00 0.78 0.65 0.37
2190 nm band CV * 100 0.99 1.09 0.84 0.61 0.46
Mean CV of all bands * 100 1.34 0.84 0.68 0.58 0.27
Mean RRMSE of best local empirical models 0.55 0.43 0.44 0.42 0.22

(SVR) | (SVR) (RFR) (SVR) | (SVR)
Mean R? of best local empirical models 0.31 0.54 0.64 0.42 0.59

(SVR) | (SVR) (RFR) (SVR) | (SVR)
Mean RRMSE of best local physically-based models 0.59 0.52 0.59 0.47 0.71
Mean R? of best local physically-based models 0.26 0.43 0.66 0.30 0.30
Mean RRMSE of best local hybrid models 0.64 0.46 0.51 0.47 0.29
Mean R? of best local hybrid models 0.23 0.46 0.54 0.27 0.23
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Section A.19: Performances of local physically-based models with US-tailored LUT

Table A.15: Value ranges and distributions of PROSAIL input parameters when adjusting the upper bound of LMA to the

conditions of the study site in the United States.

Parameter Variable Unit Minimum value Maximum value Distribution
Leaf structure parameter N [-] 1.5 1.9 uniform
Chlorophyll content CHL [pg cm™] 5 75 uniform
Carotenoid content CAR [pg cm?] 2 60 uniform
Anthocyanin content ANT [pg cm?] 0 2 uniform
Brown pigment content BROWN [-] 0 1 uniform
Equivalent water thickness EWT [cm] 0.001 0.04 uniform
Leaf mass per area LMA [g cm?] 0.002 0.03 uniform
Angle for incident light at leaf surface alpha [°] 40 40 fixed
Leaf inclination distribution function TypeLidf [-] 2 2 fixed
Average leaf angle LIDFa [°] 40 70 uniform
Leaf area index LAI [-] 0.1 4 uniform
Hot spot parameter q [-] 0.01 0.1 uniform
Sun zenith angle tts [°] 25 75 uniform
Observer zenith angle tto [°] 0 0 fixed
Relative azimuth angle psi [°] 50 180 uniform
Dry/wet soil factor psoil [-] 0 1 uniform
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Table A.16: Cost function, percentage of solutions, coefficient of determination (R2), root-mean-square error (RMSE), and

relative root-mean-square error (RRMSE) of best performing local physically-based models with US-tailored look-up table

(LUT) and the LUT used in this study. The last columns show the difference for the three metrics.CH: Switzerland, ALB:

Schwadbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

US-tailored LUT LUT used in this study Difference
Sit | See | Costfunction Percent | R’ RMSE | RRM | Cost function Percent | R’ RMSE | RRM | R? RMSE | RRM
e d age of [gm SE age of [gm SE [gm SE
solution 2 solution 2 2
s s
CH 1 min_contrast_1 10 0.1 183.9 1.06 min_contrast_1 1 0.2 95.68 0.55 - 88.29 0.51
46 77 9 21 3 6 0.0 4 3
75
CH 2 min_contrast_1 10 0.1 192.0 1.11 min_contrast_1 1 0.2 96.42 0.55 - 95.64 0.55
29 67 1 14 1 8 0.0 6 3
85
CH 3 min_contrast_1 10 0.0 182.8 1.04 min_contrast_1 1 0.1 107.7 0.61 - 75.12 0.43
89 82 7 49 56 7 0.0 6
6
CH 4 min_contrast_1 10 0.1 187.0 1.07 min_contrast_1 1 0.1 104.5 0.60 - 82.53 0.47
04 59 7 42 29 2 0.0 5
38
CH 5 min_contrast_1 10 0.1 176.0 1.01 min_contrast_1 1 0.2 102.2 0.58 - 73.76 0.42
52 47 4 07 79 9 0.0 8 5
55
CH 6 min_contrast_1 10 0.1 189.1 1.09 min_contrast_1 1 0.2 96.40 0.55 - 92.69 0.53
2 01 5 11 2 8 0.0 9 7
91
CH 7 min_contrast_1 10 0.1 187.2 1.07 min_contrast_1 1 0.2 101.1 0.58 - 86.11 0.49
38 92 9 08 8 3 0.0 2 6
7
CH 8 min_contrast_1 10 0.1 189.0 1.09 min_contrast_1 1 0.1 98.84 0.57 - 90.22 0.52
23 73 6 92 8 3 0.0 5 3
69
CH 9 min_contrast_1 10 0.1 183.1 1.05 min_contrast_1 1 0.2 101.7 0.58 - 81.43 0.46
5 83 3 51 3 0.0 2 7
8
CH 10 min_contrast_1 10 0.1 185.0 1.06 min_contrast_2 1 0.2 97.14 0.55 - 87.89 0.50
68 39 3 63 2 8 0.0 7 5
95
AL 1 min_contrast_1 0.01 0.0 175.4 1.25 neyman_chi_square_di 1 0.4 72.6 0.52 - 102.8 0.73
B 04 98 8 vergence 19 1 0.4 98 7
15
AL 2 min_contrast_1 0.01 0 169.2 1.22 neyman_chi_square_di 1 0.3 70.69 0.51 - 98.50 0.71
B 04 5 vergence 92 5 2 0.3 9 3
92
AL 3 min_contrast_1 0.01 - 174.7 1.24 neyman_chi_square_di 1 0.4 73.61 0.52 - 101.0 0.72
B 0.0 03 7 vergence 01 7 5 0.4 86 2
01 02
AL 4 min_contrast_1 0.01 0 179.9 1.30 neyman_chi_square_di 1 0.3 71.54 0.51 - 108.3 0.78
B 25 3 vergence 99 2 8 0.3 83 5
99
AL 5 min_contrast_4 0.01 - 166.6 1.20 neyman_chi_square_di 1 0.4 67.97 0.49 - 98.67 0.71
B 0.0 53 3 vergence 91 5 1 0.4 8 2
02 93
AL 6 min_contrast_1 0.01 - 178.3 1.28 neyman_chi_square_di 1 0.5 67.18 0.48 - 111.2 0.8
B 0.0 91 3 vergence 19 4 3 0.5 o7
01 2
AL 7 min_contrast_1 0.01 0 183.3 1.32 neyman_chi_square_di 1 0.4 68.57 0.49 - 114.7 0.82
B 14 5 vergence 88 5 6 0.4 39 9
88
AL 8 min_contrast_1 0.01 - 175.7 1.25 neyman_chi_square_di 1 0.4 71.38 0.51 - 104.3 0.74
B 0.0 28 8 vergence 04 5 1 0.4 43 7
01 05
AL 9 min_contrast_1 0.01 0.0 165.6 1.18 neyman_chi_square_di 1 0.4 70.49 0.50 - 95.17 0.68
B 03 69 7 vergence 24 8 5 0.4 1 2
21
AL 10 min_contrast_1 0.01 - 168.6 1.20 neyman_chi_square_di 1 0.4 70.85 0.50 - 97.81 0.70
B 0.0 71 9 vergence 06 8 8 0.4 3 1
03 09
H 1 min_contrast_4 1 0.2 201.9 1.73 neyman_chi_square_di 1 0.5 76.28 0.65 - 125.6 1.07
Al 48 64 vergence 35 9 3 0.2 75 7
87
H 2 min_contrast_4 1 0.2 203.5 1.74 neyman_chi_square_di 1 0.5 79.26 0.68 - 1243 1.06
Al 21 9 7 vergence 02 5 0.2 25 7
81
H 3 min_contrast_4 1 0.2 197.6 1.70 neyman_chi_square_di 1 0.4 77.54 0.67 - 120.1 1.03
Al 55 51 7 vergence 88 4 0.2 07 7
33
H 4 min_contrast_4 1 0.2 206.5 1.77 neyman_chi_square_di 1 0.5 79.29 0.68 - 127.2 1.09
Al 62 88 7 vergence 21 6 2 0.2 92 5
59
H 5 min_contrast_3 1 0.2 204.6 1.75 neyman_chi_square_di 1 0.4 79.60 0.68 - 125.0 1.07
Al 58 56 7 vergence 71 8 3 0.2 48 4
13
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H 6 min_contrast_4 1 0.2 209.1 1.83 neyman_chi_square_di 1 0.5 74.29 0.65 - 134.8 1.18
Al 9 37 1 vergence 6 4 0.2 43 1
7
H 7 min_contrast_3 1 0.2 202.9 1.75 neyman_chi_square_di 1 0.4 78.71 0.67 - 124.2 1.07
Al 42 82 vergence 96 4 9 0.2 68 1
54
H 8 min_contrast_4 1 0.2 199.7 1.71 neyman_chi_square_di 1 0.4 78.26 0.67 - 121.5 1.04
Al 79 8 8 vergence 94 3 0.2 2 5
15
H 9 min_contrast_4 1 0.2 205.1 1.74 neyman_chi_square_di 1 0.5 79.51 0.67 - 125.5 1.07
Al 15 01 8 vergence 13 4 8 0.2 87
98
H 10 min_contrast_2 1 0.2 206.1 1.77 neyman_chi_square_di 1 0.4 80.35 0.69 - 125.8 1.08
Al 05 58 3 vergence 65 4 1 0.2 04 2
6
Ne 1 neyman_chi_square_di 1 0.0 152.8 0.69 laplace_distribution 10 0.2 100.6 0.45 - 52.18 0.23
H vergence 77 4 6 32 58 9 0.1 2 7
55
Ne 2 neyman_chi_square_di 1 0.0 151.2 0.68 laplace_distribution 10 0.2 99.44 0.45 - 51.81 0.23
H vergence 81 54 6 58 4 1 0.1 5
77
Ne 3 neyman_chi_square_di 1 0.0 157.6 0.71 laplace_distribution 10 0.2 105.4 0.47 - 52.19 0.23
H vergence 58 18 53 21 5 0.1 7 5
95
Ne 4 neyman_chi_square_di 1 0.0 156.8 0.70 laplace_distribution 10 0.2 105.5 0.47 - 51.32 0.23
H vergence 81 51 5 52 25 5 0.1 6
71
Ne 5 neyman_chi_square_di 1 0.0 150.8 0.68 laplace_distribution 10 0.2 99.30 0.45 - 51.50 0.23
H vergence 96 07 5 5 3 1 0.1 4 4
54
Ne 6 neyman_chi_square_di 1 0.1 154.5 0.69 laplace_distribution 10 0.2 104.7 0.47 - 49.76 0.22
H vergence 47 5 65 78 1 0.1 9 4
65
Ne 7 neyman_chi_square_di 1 0.0 156.7 0.70 laplace_distribution 10 0.2 107.3 0.48 - 49.36 0.22
H vergence 58 55 3 37 9 1 0.1 5 2
79
Ne 8 neyman_chi_square_di 1 0.0 156.4 0.70 laplace_distribution 10 0.2 105.4 0.47 - 51.08 0.22
H vergence 81 81 2 49 3 0.1 1 9
68
Ne 9 neyman_chi_square_di 1 0.0 157.0 0.70 laplace_distribution 10 0.2 107.0 0.48 - 50.01 0.22
H vergence 78 69 5 34 52 0.1 7 5
56
Ne 10 neyman_chi_square_di 1 0.0 152.0 0.68 laplace_distribution 10 0.2 106.9 0.48 - 45.03 0.20
H vergence 75 34 3 35 99 1 0.1 5 2
6
us 1 min_contrast_4 10 0.4 90.50 0.34 pearson_chi_square 0.01 0.1 179.4 0.68 0.3 - -
46 1 5 1 87 4 36 88.98 0.33
6 9
us 2 min_contrast_4 10 0.4 83.10 0.32 pearson_chi_square 0.01 0.1 173.8 0.67 0.3 - -0.35
63 6 02 48 61 90.74
2
us 3 min_contrast_4 10 0.4 93.41 0.35 min_contrast_4 10 0.4 182.3 0.69 0.0 - -
24 5 6 11 07 5 13 88.89 0.33
2 9
us 4 min_contrast_4 10 0.4 93.22 0.35 min_contrast_4 10 0.3 182.0 0.69 0.0 - -
08 5 94 16 4 14 88.79 0.33
6 9
us 5 min_contrast_4 10 0.4 93.35 0.35 pearson_chi_square 0.01 0.1 176.7 0.67 0.3 - -
6 2 6 19 44 4 41 83.39 031
2 8
us 6 min_contrast_4 10 0.4 84.64 0.32 pearson_chi_square 0.01 0.1 174.8 0.67 0.3 - -
8 2 6 01 32 3 79 90.19 0.34
7
us 7 min_contrast_4 10 0.4 90.61 0.34 min_contrast_4 10 0.4 180.9 0.68 0.0 - -
34 6 5 19 43 9 15 90.32 0.34
7 4
us 8 min_contrast_4 10 0.4 91.64 0.35 min_contrast_4 10 0.4 181.2 0.69 0.0 - -
26 7 17 94 2 09 89.64 0.34
7 2
us 9 min_contrast_4 10 0.4 92.04 0.35 min_contrast_4 10 0.4 181.7 0.69 0.0 - -
46 4 1 34 48 3 12 89.70 0.34
4 2
us 10 min_contrast_4 10 0.3 93.23 0.35 pearson_chi_square 0.01 0.1 175.2 0.67 0.2 - -
56 6 7 17 63 1 39 82.02 031
7 4
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Table A.17: Testing performance of local and transferred physically-based models with US-tailored look-up table (LUT). The

parameters correspond to the best-performing combination of parameters tested during the fivefold cross-validation. CH:

Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of

determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Calibration site
Prediction site Metric CH ALB HAI SCH us
CH R?

0.19+0.13 0.00 + 0.00 0.04 +0.01 0.08 + 0.00 0.08 + 0.00
CH RMSE

178.67 + 17.06 243.85+1.43 205.20 +£3.28 191.83 +0.00 209.39 + 0.00
CH SRMSE

174.39 £ 16.33 190.96 + 1.14 192.41 +1.93 184.07 + 0.00 197.37 £ 0.00
CH uRMSE

50.21 +16.79 151.61 + 3.64 71.24 +4.32 54.00 + 0.00 69.92 + 0.00
CH RRMSE

1.02+0.11 1.40 £ 0.01 1.18 +£0.02 1.10 + 0.00 1.21 £0.00
CH MBE

131.38 + 26.00 155.84 £ 1.40 157.81 +£2.34 147.59 + 0.00 163.87 £ 0.00
ALB R?

0.39 £ 0.00 0.03 + 0.06 0.23 + 0.00 0.28 + 0.00 0.38 + 0.00
ALB RMSE

247.91 £ 0.00 184.72 +26.81 194.44 £ 0.70 200.32 £ 0.00 256.10 + 0.00
ALB SRMSE

247.01 £ 0.00 119.67 +19.71 195.75 £ 0.76 202.49 + 0.00 255.04 + 0.00
ALB UuRMSE

21.15 +0.00 140.06 + 22.64 22.58 £0.61 29.60 = 0.00 23.24 + 0.00
ALB RRMSE

1.78 + 0.00 1.32+0.19 1.40 + 0.01 1.44 +0.00 1.84 +0.00
ALB MBE

232.16 £ 0.00 82.11 +27.44 176.57 £ 0.85 184.05 + 0.00 240.69 + 0.00
HAI R?

0.48 +0.00 0.02 +0.00 0.31+0.11 0.41 +0.00 0.46 + 0.00
HAI RMSE

251.88 £ 0.00 223.38 +£0.41 195.40 + 13.23 206.53 £ 0.00 258.13 + 0.00
HAI SRMSE

255.37+£0.00 146.79 £ 0.46 199.40 + 11.86 213.06 £ 0.00 261.40 + 0.00
HAI uRMSE

42.12 + 0.00 168.38 £ 0.15 36.22 £ 15.28 52.33 £ 0.00 41.20 £ 0.00
HAI RRMSE

2.17 £0.00 1.93 £ 0.00 1.70 £ 0.13 1.78 + 0.00 2.22 +£0.00
HAI MBE

240.75 £ 0.00 118.96 + 0.56 180.96 + 16.51 195.27 + 0.00 247.13 + 0.00
SCH R?

0.16 £ 0.00 0.01 +0.00 0.02 + 0.00 0.12 + 0.06 0.15 +0.00
SCH RMSE

202.61 £ 0.00 171.44 £0.78 160.21 + 0.80 153.17 £ 10.08 209.93 + 0.00
SCH SRMSE

204.89 + 0.00 121.59 + 0.04 155.64 +0.39 156.26 + 10.45 211.96 + 0.00
SCH URMSE

30.48 + 0.00 120.86 + 1.08 37.93+1.77 33.74 +13.43 29.31 + 0.00
SCH RRMSE

0.91 +0.00 0.77 = 0.00 0.72 + 0.00 0.69 +0.04 0.95 +0.00
SCH MBE

166.86 + 0.00 -23.08 £ 0.08 100.12 +0.59 99.35+9.47 175.46 + 0.00
us R?

0.42 +0.00 0.24 +0.04 0.44 + 0.00 0.44 + 0.00 0.51 +0.12
us RMSE

110.88 + 0.00 125.92 +2.43 92.36 + 1.66 100.72 + 0.00 87.52 +13.13
us SRMSE

123.50 + 0.00 127.06 + 0.43 107.97 £ 1.56 115.29 + 0.00 104.15 £ 13.18
us uRMSE

54.39 + 0.00 11.22 £ 12.61 55.91+0.30 56.10 + 0.00 55.88 + 8.20
us RRMSE

0.42 £ 0.00 0.48 £ 0.01 0.35+0.01 0.39 + 0.00 0.33 £ 0.05
us MBE

-89.48 £ 0.00 -94.19 £ 0.62 -66.41 £2.51 -77.77 £ 0.00 -61.92+7.33
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Section A.20: Precipitation at US site

Table A.1818: Summarized precipitation data in millimeters [mm] at the Norman (OK) weather station as provided by Mesonet

(2024) for the summer months (June to August) from 2004-2023. * denotes the months in which the field measurements used

in this study were conducted.

Year Monthly precipitation [mm] Cumulative
June July August precipitation
2004 8.11 4.37 3.55 16.03
2005 3.51 2.60 4.92 11.03
2006 2.63 2.05 2.15 6.83
2007 10.82 8.08 6.09 24.99
2008 5.90 0.76 10.26 16.92
2009 1.27 3.56 4.59 9.42
2010 4.03 5.55 0.72 10.30
2011 2.35 0.34 2.06 4.75
2012 0.82 0.02 3.14 3.98
2013 4.16 9.56 2.73 16.45
2014 4.58 3.76 1.34 9.68
2015 5.95 7.46 1.74 15.15
2016 293 6.48 0.51 9.92
2017 0.66 243 8.43 11.52
2018 6.55 2.28 6.87 15.70
2019 5.67 0.18 6.61 12.46
2020 2.19 2.65 5.15 9.99
2021 6.54 2.70 1.46 10.70
2022 5.39 1.19 * 0.84 * 7.42
2023 5.13 7.62 0.59 13.34
Average 4.46 3.68 3.69 11.83

50



309

310

311

312

313

314

315

316

317

318

319

320
321

322

Section A.21: C3 and C4 species per study site

Information about the photosynthetic pathway of the species in the study sites investigated in
this study were estimated from the TRY database (Cornelissen, 1996; Cornelissen et al., 2004;
Cornwell et al., 2017, 2008; Craine et al., 2005; Diaz et al., 2004; Fitter and Peat, 1994; Flowers
etal., 2023, 2017; Iversen et al., 2017; Kapralov et al., 2012; Kattge et al., 2020, 2009; Laughlin
etal., 2011, 2010; Lin et al., 2015; Meir et al., 2002; Munroe et al., 2021; Poschlod et al., 2003;
Quested et al., 2003; Reich et al., 2009, 2008; Smith and Dukes, 2017; Wang et al., 2017,
Wright et al., 2004). We point out that the percentages indicated in Table A.19 relate to species
occurrence and not species abundance. In fact, the abundance of C4 species was considerably
higher for the US site. However, species abundance data was not available for all sites which is
why we did not add a separate column.

Table A.19: Number of C3 and C4 species, and relative share of C4 species per study site. CH: Switzerland, ALB: Schwébische

Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States.

Study site Number of C3 species Number of C4 species Relative share of C4
species [%)]

CH 152 4 2.56

ALB 42 0 0.00

HAI 80 1 1.23

SCH 174 8 4.40

us 156 23 12.85
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Section A.22: Transferability of local hybrid models with varying initial training set size

Table A.20: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
1%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Initial training set size = 1% Calibration site
Prediction site Metric CH ALB HAIL SCH us
CH R?

0.25+0.19 0.03 +0.02 0.06 + 0.06 0.02 +0.02 0.01 +0.02
CH RMSE

103.69 + 18.85 129.44 + 8.99 134.83 +21.99 142.12 +£9.30 191.62 + 63.09
CH SRMSE

113.31 +£9.08 119.74 £9.18 122.02 + 12.26 121.00 +9.74 171.73 £52.16
CH uRMSE

47.11 £27.93 45.47 £ 18.60 52.98 +38.71 72.81+15.75 71.14 + 58.50
CH RRMSE

0.59 £0.10 0.75 £0.05 0.78 +£0.13 0.82 +0.05 1.10 £ 0.36
CH MBE

-2.72 +£13.49 -41.46 +23.45 -40.36 £ 35.62 5.02 +50.57 126.33 + 63.89
ALB R?

0.08 +0.10 0.49 £0.17 0.32+0.10 0.40 +0.07 0.06 = 0.06
ALB RMSE

126.21 +16.94 62.87 +10.57 74.22 +7.02 111.74 +12.28 162.29 +23.31
ALB sRMSE

108.82 +16.12 85.15+4.63 85.61+0.94 120.57 +8.51 143.02 + 14.02
ALB uRMSE

59.38 £24.24 54.70 + 14.70 41.52+11.89 43.36 £ 9.64 61.41 +49.65
ALB RRMSE

0.91 £0.12 0.45+0.07 0.53 +0.05 0.80 +0.09 1.17+0.17
ALB MBE

65.03 +25.47 0.44 +13.69 -12.72 £6.51 85.76 + 11.92 114.26 + 18.83
HAI R’

0.06 + 0.06 0.37 £0.10 0.51+0.13 0.26 +0.08 0.08 +0.09
HAI RMSE

135.73 £+ 8.34 70.17 £7.51 60.93 £ 11.56 112.65 +10.12 188.68 +31.60
HAI SRMSE

118.33 +13.62 86.30 + 0.99 82.65 +£9.90 116.60 + 4.41 167.83 +26.43
HAI uRMSE

62.44 +£20.15 48.49 +10.83 54.56 + 10.28 36.40 + 12.60 70.53 +£52.63
HAI RRMSE

1.17 £0.07 0.60 = 0.06 0.53 +0.09 0.97 +0.09 1.63 £0.27
HAI MBE

79.76 £21.29 1.45+13.36 -5.70 +6.34 79.31+6.29 143.04 + 31.57
SCH R?

0.04 +0.06 0.25 +0.05 0.17 +£0.07 0.29 +0.12 0.07 +0.08
SCH RMSE

139.32 +13.87 128.55 +£9.52 143.68 + 8.58 108.25 + 12.61 151.20 +25.32
SCH sRMSE

127.16 +10.54 141.13 +£6.90 150.62 +4.83 120.60 + 11.47 125.22 £2.90
SCH uRMSE

54.08 + 19.89 57.44 +£6.97 42.75 £ 15.06 58.95+11.45 69.11+£55.27
SCH RRMSE

0.63 +0.06 0.58 +0.04 0.65 +0.04 0.49 +0.05 0.68 £0.11
SCH MBE

-33.08 £31.21 -75.39 + 12.86 -92.23 £8.13 0.41 +12.44 24.95 +28.13
Us R?

0.11+£0.12 0.10 +0.08 0.18+0.13 0.19+0.10 0.30£0.25
Us RMSE

226.44 + 69.67 204.36 +51.18 197.08 + 52.07 148.20 + 37.87 72.09 + 14.27
Us SRMSE

210.86 + 61.49 200.61 +51.46 185.05 + 60.75 125.16 + 38.69 84.44 + 12.64
Us uRMSE

76.37+45.34 37.57 +£20.66 58.73 +27.86 72.22 +36.25 34.16 £27.01
Us RRMSE

0.87 £0.27 0.78 +0.20 0.75 +0.20 0.57 +0.14 0.28 +0.05
Us MBE

-190.17 + 68.45 -179.42 +57.72 -159.16 £ 72.14 -79.48 + 58.63 1.16 £10.21
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Table A.21: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
2%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Initial training set size = 2% Calibration site
Prediction site Metric CH ALB HAIL SCH us
CH R’

0.23+0.14 0.02 +0.02 0.02 +0.03 0.03 +0.03 0.01 +0.01
CH RMSE

112.22 +31.13 127.07 +7.94 125.43 +9.89 136.69 + 13.00 164.02 + 35.27
CH sRMSE

113.87+£9.18 116.51 +7.64 117.34 + 6.45 125.35+13.19 146.02 + 14.56
CH uRMSE

54.73 £39.46 49.79 £ 13.76 44.33 £ 15.06 53.38+17.36 58.53 + 64.41
CH RRMSE

0.64 +0.18 0.73 £0.05 0.72 +0.06 0.79 +£0.07 0.94 +0.20
CH MBE

-3.46 £17.01 -31.66 +£21.59 -36.42 £ 18.12 36.96 + 48.54 93.61 +20.14
ALB R’

0.07 £0.07 0.46 +£0.18 0.34 +0.07 0.41 +0.09 0.03 +0.02
ALB RMSE

122.05 + 8.44 64.39+11.93 72.30+4.12 107.21 + 8.09 158.60 + 28.14
ALB SRMSE

103.03 + 10.46 84.85+£4.76 86.83 + 1.25 118.81 +4.89 147.49 + 33.86
ALB uRMSE

61.51+£21.43 54.13+£12.30 47.60 £ 5.58 50.35+6.74 42.55 +41.87
ALB RRMSE

0.88 +0.06 0.46 +0.08 0.52 +0.03 0.77 +0.06 1.14 £ 0.20
ALB MBE

55.91+19.27 -0.37 +11.47 -19.74 £5.34 83.55+6.82 117.33 +42.37
HAI R’

0.03 +0.03 0.32 +0.04 0.54+0.11 0.25 +0.06 0.02 +0.03
HAI RMSE

131.67 +£12.72 72.81 + 1.65 58.51+11.47 110.02 +5.09 179.92 + 31.30
HAI sRMSE

112.79 +15.17 86.15+0.83 83.22+9.76 115.72 +4.17 171.60 +35.17
HAI uRMSE

65.35 +16.62 45.90 +3.40 58.49 + 6.67 35.08 + 7.02 40.01 + 41.06
HAI RRMSE

1.13+0.11 0.63 £0.01 0.51 +0.09 0.95 +0.04 1.55+0.27
HAI MBE

70.71 + 24.06 0.42+12.18 -9.55+8.77 78.01 +6.21 146.89 + 38.34
SCH R’

0.02 +0.02 0.23 £ 0.04 0.17 +£0.07 0.27 +£0.15 0.02 +0.03
SCH RMSE

142.90 + 12.30 129.56 +8.21 144.81 + 6.85 104.35 + 14.22 144.01 + 25.57
SCH SRMSE

129.70 + 11.57 141.33 +6.42 152.09 +3.38 120.30 + 11.46 132.76 + 16.64
SCH uRMSE

58.91+12.09 56.03 +4.71 44.91 £ 12.62 56.42 + 18.15 46.69 + 44.79
SCH RRMSE

0.64 +0.06 0.58 +0.04 0.65 +0.03 0.47 +0.06 0.65 +0.12
SCH MBE

-44.35+£27.74 -75.77 £12.38 -94.74 £ 5.45 -0.14 + 8.90 39.24 +43.46
US R’

0.13+£0.10 0.12+0.10 0.14+0.11 0.19 +0.05 0.23 +£0.26
Us RMSE

184.27 +27.00 161.10 + 38.01 155.40 +9.64 118.22 +23.46 76.40 +20.77
Us sRMSE

171.80 +24.72 159.96 + 38.99 148.05 + 10.26 106.73 + 19.36 84.04 + 13.67
Us uRMSE

63.41+£27.27 33.24+13.22 4541 +£12.44 52.36 +23.27 22.45+24.84
Us RRMSE

0.70 £0.10 0.62+0.15 0.59 +0.04 0.45 +0.09 0.29 +£0.07
Us MBE

-148.09 + 28.52 -132.65 +46.57 -120.22 + 12.54 -48.41 + 44.96 0.49 +7.92
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Table A.22: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
5%. CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Initial training set size = 5% Calibration site
Prediction site Metric CH ALB HAIL SCH us
CH R’

0.15+0.15 0.02 +0.02 0.01 +0.01 0.02 +0.02 0.01 +0.01
CH RMSE

111.07 +£19.79 120.25 +4.85 120.99 +5.25 140.38 + 6.01 143.60 + 7.80
CH sRMSE

114.20 +9.45 112.32+1.75 115.70 + 2.65 134.66 + 4.40 141.40 + 1.41
CH uRMSE

44.88 +£23.47 39.92 £16.58 31.77£16.23 37.52+£13.52 10.75 + 24.04
CH RRMSE

0.63 £0.11 0.69 +0.03 0.70 +0.03 0.81 +0.03 0.83 +0.04
CH MBE

-13.64 £ 13.37 -18.65 £ 10.31 -34.13 £8.57 76.89 + 7.50 88.51+£2.21
ALB R’

0.04 +0.04 0.44+0.16 0.30 +0.08 0.37 +£0.09 0.02 +0.04
ALB RMSE

113.02 + 16.52 64.96 £10.37 73.35+4.82 106.73 +8.13 152.55 +10.94
ALB SRMSE

97.54 +£10.32 84.72 +4.70 86.16 + 1.01 118.23 +5.02 144.84 +12.28
ALB uRMSE

53.11+£24.62 55.35+8.69 44.39 + 7.09 50.06 + 6.30 16.82 +44.59
ALB RRMSE

0.81 £0.12 0.46 +0.07 0.53 +0.03 0.77 +0.06 1.10 £ 0.08
ALB MBE

44.89 +19.52 1.22 +£10.29 -16.04 £ 6.17 82.66 +7.32 116.72 +16.84
HAI R’

0.05 +0.06 0.26 +0.08 0.46 +0.13 0.22 +0.07 0.02 +0.02
HAI RMSE

125.35 +18.84 76.21 +4.91 63.10 £ 11.90 107.83 +7.36 171.78 + 8.86
HAI sRMSE

106.93 £9.33 85.54+£0.22 83.12+9.67 113.64 +5.75 166.19 + 8.06
HAI uRMSE

61.60 +28.97 37.05 +10.57 52.57+10.79 33.82£11.05 16.02 + 40.76
HAI RRMSE

1.08 £0.16 0.66 + 0.04 0.55 +0.09 0.93 +0.06 1.48 +£0.08
HAI MBE

62.55+15.42 1.85 +5.40 417 +£11.12 74.69 +8.72 142.14 +£9.74
SCH R’

0.02 +0.03 0.19 +0.05 0.13 +£0.04 0.22 +0.08 0.01 £0.01
SCH RMSE

142.94 +£9.99 134.32 +4.59 147.07 + 5.50 108.28 + 11.79 131.14 + 16.47
SCH SRMSE

130.85 +5.26 143.28 +3.57 152.39 +3.78 121.01 +11.26 12512 + 1.57
SCH uRMSE

54.97 £2231 49.01 £8.91 38.37 +10.96 52.54 +12.04 15.61 +39.65
SCH RRMSE

0.64 +0.05 0.61 +0.02 0.66 + 0.02 0.49 +0.04 0.59 +0.07
SCH MBE

-51.63 +16.42 -79.81 £ 6.50 -95.12+£6.11 -5.58 +14.29 34.03 +16.48
US R’

0.09 +0.09 0.18 +0.06 0.20 +0.05 0.19 +0.03 0.11+0.17
Us RMSE

147.63 + 26.06 163.08 + 11.32 152.60 + 7.63 102.45 +8.77 82.00 + 16.11
Us sRMSE

142.80 + 19.56 151.49 + 11.25 145.50 + 7.02 89.77 +5.75 82.40 + 10.50
Us uRMSE

43.32 +£20.47 59.97+£7.16 45.30 + 8.60 48.85 +9.79 10.56 £ 16.63
Us RRMSE

0.56 +0.10 0.62 +0.04 0.58 +0.03 0.39 +0.03 0.31 +0.06
Us MBE

-113.41 +23.40 -124.34 + 13.64 -117.09 + 8.69 -18.94 £ 17.36 -1.07 £5.78
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Table A.23: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing
combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of
10%. CH: Switzerland, ALB: Schwibische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United States, R?: coefficient of
determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE: unsystematic component of

RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Initial training set size = 10% Calibration site
Prediction site Metric CH ALB HAIL SCH us
CH R’

0.17 +£0.17 0.02 +0.01 0.02 +0.03 0.01 +0.02 0.01 +0.03
CH RMSE

104.26 + 15.57 117.78 +3.98 118.99 +2.31 138.46 +3.69 141.06 + 0.68
CH sRMSE

113.18 +8.79 111.64 +0.99 115.54 +2.58 135.89 +4.20 140.93 +0.76
CH uRMSE

34.21 £26.09 35.90 + 13.64 26.58 +£11.38 25.48 £7.16 0.89 +£2.34
CH RRMSE

0.60 + 0.08 0.68 +0.02 0.69 +0.01 0.80 +0.02 0.81 +0.00
CH MBE

-4.20 +£10.30 -17.59£9.13 -33.37 £8.68 79.04 +7.44 87.96 + 1.08
ALB R’

0.03 +0.04 0.32+0.21 0.27 +0.09 0.29 +£0.10 0.00 £ 0.00
ALB RMSE

102.02 +10.17 71.02 + 12.27 74.43 +3.86 110.90 + 5.44 149.05 + 0.90
ALB sRMSE

94.03 +5.34 84.82 +4.60 85.93 +0.66 119.22 +3.30 148.91 +0.95
ALB uRMSE

34.53 +24.13 41.66 +20.56 41.94 +8.43 42.80 +7.97 0.08 +0.20
ALB RRMSE

0.73 +£0.07 0.51 +0.08 0.53 +0.03 0.80 +0.04 1.07 £0.01
ALB MBE

38.65+12.74 1.15+9.86 -15.28 £4.10 84.09 + 4.60 122.46 + 1.10
HAI R’

0.04 +0.06 0.19 +0.07 0.39 +0.15 0.18 +0.07 0.00 +0.01
HAI RMSE

119.38 + 14.55 81.05 +4.65 67.97 £13.90 111.40 +5.62 169.02 +0.99
HAI sRMSE

105.85 +9.46 85.95+0.67 82.95+9.52 115.88 +3.43 168.84 + 1.10
HAI uRMSE

45.78 £32.95 29.93 £9.05 45.05+11.36 29.84 £11.23 1.37+2.93
HAI RRMSE

1.03£0.13 0.70 +0.04 0.59+0.11 0.96 + 0.05 1.46 +£0.01
HAI MBE

60.19 + 17.35 1.81 £11.26 -4.00 +£9.09 78.19 +5.01 145.55 +1.23
SCH R’

0.01 +£0.01 0.18 +0.06 0.10 +0.04 0.19+0.12 0.00 +0.01
SCH RMSE

138.26 + 10.83 139.34 +4.02 149.11 +4.27 110.25 + 11.89 125.74 £ 0.36
SCH sRMSE

130.54 +9.74 147.00 + 3.88 153.22 +2.61 120.60 + 11.67 125.65 +0.38
SCH uRMSE

40.52 £21.39 47.67 £11.13 33.54 +10.32 45.77 £ 18.46 1.70 £2.33
SCH RRMSE

0.62 +0.05 0.63 +0.02 0.67 +0.02 0.50 +0.05 0.57 +0.00
SCH MBE

-47.97 £24.76 -86.04 + 6.35 -96.47 +£4.13 -7.42 +8.90 39.67 £ 1.17
US R’

0.05 +0.04 0.18 +0.06 0.15 +0.07 0.17 +0.04 0.08 +0.20
Us RMSE

142.09 + 13.04 156.92 + 11.19 158.49 +7.94 94.97 +3.44 84.34+12.95
Us sRMSE

140.19 + 10.94 148.43 +£9.00 153.74 + 8.54 87.67 +1.33 82.16 +10.98
Us uRMSE

24.30+16.72 51.18 £ 16.01 37.17 £9.65 35.88 £7.41 1.63 £4.32
Us RRMSE

0.54 +0.05 0.60 + 0.04 0.61 +0.03 0.36 +0.01 0.32 +£0.04
Us MBE

-110.53 +13.95 -120.95 +10.53 -127.21+£10.27 -13.80 £8.37 0.28 +£5.41
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Table A.24: Testing performance of local and transferred hybrid models. The parameters correspond to the best-performing

combination of parameters tested during the fivefold cross-validation using Active Learning with an initial training set size of

100% (= no Active Learning). CH: Switzerland, ALB: Schwdbische Alb, HAI: Hainich-Diin, SCH: Schorfheide-Chorin, US: United

States, R?: coefficient of determination, RMSE: root-mean-square error, SRMSE: systematic component of RMSE, uRMSE:

unsystematic component of RMSE, RRMSE: relative root-mean-square error, MBE: mean bias error.

Initial training set size = 100% Calibration site
(= no Active Learning)
Prediction site Metric CH ALB HAIL SCH us
CH R’

0.07 £0.07 0.03 +0.00 0.03 +0.00 0.03 £ 0.00 0.03 +0.00
CH RMSE

112.71 +8.67 109.87 + 0.00 109.87 + 0.00 109.87 + 0.00 109.87 + 0.00
CH sRMSE

112.96 + 8.67 110.10 + 0.00 110.10 + 0.00 110.10 + 0.00 110.10 + 0.00
CH uRMSE

7.59 +£4.63 7.18 £ 0.00 7.18 £ 0.00 7.18 +0.00 7.18 £ 0.00
CH RRMSE

0.64 +0.04 0.63 +0.00 0.63 +0.00 0.63 +0.00 0.63 +0.00
CH MBE

0.07 £3.45 0.99 + 0.00 0.99 +0.00 0.99 £ 0.00 0.99 + 0.00
ALB R’

0.06 £ 0.00 0.09 +0.05 0.06 + 0.00 0.06 £ 0.00 0.06 + 0.00
ALB RMSE

89.47 + 0.00 89.24 +3.93 89.47 + 0.00 89.47 + 0.00 89.47 + 0.00
ALB sRMSE

90.72 + 0.00 90.41 +3.59 90.72 + 0.00 90.72 + 0.00 90.72 + 0.00
ALB uRMSE

14.99 + 0.00 13.53 £5.02 14.99 + 0.00 14.99 + 0.00 14.99 + 0.00
ALB RRMSE

0.64 +0.00 0.64 +0.02 0.64 + 0.00 0.64 +0.00 0.64 + 0.00
ALB MBE

32.42 +£0.00 32.03 +£2.86 32.42 +£0.00 32.42 +0.00 32.42 +£0.00
HAI R’

0.03 +0.00 0.03 +0.00 0.08 + 0.06 0.03 +0.00 0.03 +0.00
HAI RMSE

100.17 +0.00 100.17 + 0.00 98.26 £ 7.91 100.17 + 0.00 100.17 +0.00
HAI sRMSE

100.91 + 0.00 100.91 + 0.00 99.17 +£7.33 100.91 + 0.00 100.91 + 0.00
HAI uRMSE

12.20 + 0.00 12.20 +0.00 14.74 +£2.59 12.20 + 0.00 12.20 +0.00
HAI RRMSE

0.86 + 0.00 0.86 + 0.00 0.85 +0.05 0.86 + 0.00 0.86 + 0.00
HAI MBE

53.30 + 0.00 53.30 + 0.00 54.24 £2.70 53.30 + 0.00 53.30 + 0.00
SCH R’

0.08 + 0.00 0.08 + 0.00 0.08 + 0.00 0.09 +0.07 0.08 + 0.00
SCH RMSE

128.15 + 0.00 128.15 + 0.00 128.15 + 0.00 129.58 + 12.06 128.15 + 0.00
SCH sRMSE

130.20 + 0.00 130.20 + 0.00 130.20 + 0.00 131.46 +12.23 130.20 + 0.00
SCH uRMSE

23.03 +0.00 23.03 +0.00 23.03 +0.00 20.49 + 8.84 23.03 £ 0.00
SCH RRMSE

0.58 +0.00 0.58 +0.00 0.58 +0.00 0.58 +0.04 0.58 +0.00
SCH MBE

-52.78 £ 0.00 -52.78 +0.00 -52.78 +0.00 -53.14 £5.05 -52.78 +0.00
US R’

0.02 +0.00 0.02 +0.00 0.02 +0.00 0.02 +0.00 0.07 +0.08
Us RMSE

122.36 + 0.00 122.36 + 0.00 122.36 + 0.00 122.36 +0.00 121.22 +12.12
Us sRMSE

122.41 +0.00 122.41 +0.00 122.41 +0.00 122.41 +0.00 121.32 +12.08
Us uRMSE

3.69 £ 0.00 3.69 +0.00 3.69 +0.00 3.69 £ 0.00 4.87+1.51
Us RRMSE

0.47 £ 0.00 0.47 +0.00 0.47 +0.00 0.47 £ 0.00 0.46 +0.04
Us MBE

-87.21 £ 0.00 -87.21 £ 0.00 -87.21 +0.00 -87.21 £ 0.00 -86.97 £4.31
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356  Section A.23: Mean field spectrum and AL-selected spectra by site
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358 Figure A.24: Line plots of selected field spectra (left columns) and Active Learning (AL) selected training spectra of the look-up
359 table (LUT) of the best performing local hybrid model with an initial training set size of 2% in terms of lowest relative root-
360 mean-square error (right column) by study site. Bold lines represent mean spectra and colored areas represent the mean

361 spectra * 1 standard deviation.
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