This is the accepted manuscript version of the contribution published
as:

Pacheco-Labrador, J., Migliavacca, M., Ma, X., Mahecha, M., Carvalhais, N., Weber, U.,
Benavides, R., Bouriaud, O., Barnoaiea, ., Coomes, D.A., Bohn, F.J., Kraemer, G., Heiden,
U., Huth, A., Wirth, C. (2022):

Challenging the link between functional and spectral diversity with radiative transfer
modeling and data

Remote Sens. Environ. 280, art. 113170

The publisher's version is available at:

http://dx.doi.org/10.1016/j.rse.2022.113170




[

N

10
11
12
13
14
15

16
17

18
19

20
21
22

23
24

25
26

27
28

29
30

31
32

33

Challenging the link between functional and spectral

diversity with radiative transfer modeling and data

Javier Pacheco-Labrador!, Mirco Migliavacca®!, Xuanlong Ma**>, Miguel Mahecha®’, Nuno Carvalhais'?,
Ulrich Weber!, Raquel Benavides’, Olivier Bouriaud'®!!, Tonut Barnoaiea'®!?, David A. Coomes",

Friedrich J. Bohn'*">, Guido Kraemer®, Uta Heiden'®, Andreas Huth'>7!7, Christian Wirth!7:!

! Max Planck Institute for Biogeochemistry, Hans Knoll StraBe 10, Jena, D-07745, Germany

2 current address: European Commission, Joint Research Centre (JRC), Ispra, Italy

3 College of Earth and Environmental Science, Lanzhou University, Lanzhou, Gansu, China 730000

4 International Research Center of Big Data for Sustainable Development Goals, Beijing, China, 100094
> State Key Laboratory of Remote Sensing Science, Beijing Normal University, Beijing, China, 100875
® Remote Sensing Center for Earth System Research, Leipzig University, Leipzig, Germany

" German Centre for Integrative Biodiversity Research (iDiv), Halle-Jena-Leipzig, Germany

8 Departamento de Ciéncias e Engenharia do Ambiente, DCEA, Faculdade de Ciéncias e Tecnologia, FCT,
Universidade Nova de Lisboa, 2829-516 Caparica, Portugal

? Departamento de Sistemas y Recursos Naturales. E.T.S. Ingenieria de Montes, Forestales y del Medio
Natural, Universidad Politécnica de Madrid, C/ José Antonio Novais 10, 28040, Madrid, Spain

10 University ‘Stefan cel Mare’ of Suceava, Universitatii 13, Suceava 720229, Romania
1 Laboratoire d’Inventaire Forestier, IGN, Nancy, France
12 Geomatics Laboratory, Faculty of Forestry, University ‘Stefan cel Mare’ Suceava, Romania

13 Department of Plant Sciences and the Conservation Research Institute, Downing Street, Cambridge, CB2
3EA, United Kingdom.

14 Department of Computational Hydrosystems, Helmholtz Centre for Environmental Research — UFZ,
Leipzig, Germany

15 Department of Ecological Modelling, Helmholtz Centre for Environmental Research — UFZ, Leipzig,
Germany

16 German Aerospace Center (DLR), Remote Sensing Technology Institute (IMF), Oberpfaffenhofen, 82234
Wessling, Germany

17 Institute of Environmental Systems Research, University of Osnabriick, Osnabriick, Lower Saxony,
Germany

'8 Systematic Botany and Functional Biodiversity, Leipzig University, Leipzig, Germany.



34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

S7

Keywords: Spectral diversity, functional diversity, radiative transfer model, biodiversity, Sentinel-2,

DESIS

ABSTRACT

In a context of accelerated human-induced biodiversity loss, remote sensing (RS) is emerging as a
promising tool to map plant biodiversity from space. Proposed approaches often rely on the Spectral
Variation Hypothesis (SVH), linking the heterogeneity of terrestrial vegetation to the variability of the
spectroradiometric signals. Yet, due to observational limitations, the SVH has been insufficiently tested,
remaining unclear which metrics, methods, and sensors could provide the most reliable estimates of plant
biodiversity. Here we assessed the potential of RS to infer plant biodiversity using radiative transfer
simulations and inversion. We focused specifically on “functional diversity,” which represents the spatial
variability in plant functional traits. First, we simulated vegetation communities and evaluated the
information content of different functional diversity metrics (FDMs) derived from their optical reflectance
factors (R) or the corresponding vegetation “optical traits,” estimated via radiative transfer model inversion.
Second, we assessed the effect of the spatial resolution, the spectral characteristics of the sensor, and signal
noise on the relationships between FDMs derived from field and remote sensing datasets. Finally, we
evaluated the plausibility of the simulations using Sentinel-2 (multispectral, 10 m pixel) and DESIS
(hyperspectral, 30 m pixel) imagery acquired over sites of the Functional Significance of Forest
Biodiversity in Europe (FunDivEUROPE) network. We demonstrate that functional diversity can be
inferred both by reflectance and optical traits. However, not all the FDMs tested were suited for assessing
plant functional diversity from RS. Rao’s Q index, functional dispersion, and functional richness were the
best-performing metrics. Furthermore, we demonstrated that spatial resolution is the most limiting RS
feature. In agreement with simulations, Sentinel-2 imagery provided better estimates of plant diversity than
DESIS, despite the coarser spectral resolution. However, Sentinel-2 offered inaccurate results at DESIS
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spatial resolution. Overall, our results identify the strengths and weaknesses of optical RS to monitor plant
functional diversity. Future missions and biodiversity products should consider and benefit from the

identified potentials and limitations of the SVH.

1. INTRODUCTION

Human activities are leading to a massive and accelerated loss of Earth’s life forms (Barnosky et
al. 2011; Ceballos et al. 2015); at the same time, the efforts to understand and prevent this loss still lack
global, continuous, and systematic information connecting biodiversity and its decline drivers (Hardisty et
al. 2019; Pereira et al. 2012). While remote sensing (RS) provides operational monitoring of some of the
major drivers of biodiversity variation at a global scale (e.g., land cover, land use, and climatic variables)
(Small and Sousa 2016; Sohl and Sleeter 2012; Yang et al. 2013), there are no comparable capabilities for
mapping plant biodiversity and its changes. A first step towards developing such a capability was the
definition of the Essential Biodiversity Variables, a set of “measurements required to study, report, and
manage biodiversity change” (c.f., (Pereira et al. 2013)). The Essential Biodiversity Variables are analogous
to the Essential Climate Variables (GCOS 2003), designed to understand and monitor climate change
(Scholes et al. 2012). The majority of Essential Climate Variables rely on RS to provide continuous and
systematic information over the whole Earth’s surface (Yang et al. 2013). Similarly, RS is expected to

provide a significant fraction of the Essential Biodiversity Variables (Hardisty et al. 2019; Jetz et al. 2019).

The interest of the RS community in biodiversity has grown over the last decade in parallel with
advances in computer science and RS technology (Rocchini et al. 2010; Turner et al. 2003; Wang and
Gamon 2019). Biodiversity is a complex concept involving multiple facets: taxonomic as the diversity of
taxonomic groups (often species), phylogenetic as the branch length of the evolutionary tree of a
community, and functional as the diversity of functional traits; consequently, many RS-based Essential
Biodiversity Variables have been proposed (Skidmore et al. 2021). However, there is no clear community
consensus, as is the case for the meteorological and biophysical variables considered Essential Climate
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Variables, about which EBVs should be taken forward. One of the most promising methods to assess
biodiversity from optical RS relies on the Spectral Variation Hypothesis (SVH), which states that the
variability of the spectral signals of a remote sensing image, termed “spectral diversity.”, should reflect the
spatial variation of the environment. The environmental heterogeneity would relate to the variability of
plant species, traits, and/or canopy structure (Palmer et al. 2002; Ustin and Gamon 2010), among other
factors (Rocchini et al. 2010; Wang and Gamon 2019). At the same time, plant diversity could relate to the
diversity of species of other taxa dependent on particular plant species (Jetz et al. 2019). According to Wang
and Gamon (2019), the main approaches proposed to quantify plant diversity from RS rely on a)
classification and mapping of individual species or broad functional types (Ibarrola-Ulzurrun et al. 2019;
Stagakis et al. 2016; Sun et al. 2019), b) classification and mapping of habitats (Kerr and Ostrovsky 2003;
Stein et al. 2014), c¢) estimation of vegetation traits (optical traits) and the analysis of their variability,
mimicking trait sampling in field surveys (Hauser et al. 2021a; Schneider et al. 2017; Torresani et al. 2021),
and d) direct analysis of the spectral diversity (Hauser et al. 2021b; Rocchini et al. 2021; Wang et al. 2018a;
Warren et al. 2014). The first two approaches, while valuable, strongly depend on the spatial scale and the
classification method. Limitations for classifying individual species are sometimes overcome by targeting
instead functional types, which might be too rigid to describe the ecosystem’s functionality (Van Cleemput
et al. 2021; Wang and Gamon 2019). Alternatively, the characterization of functional diversity might
provide a deeper insight into the biodiversity-ecosystem function relationships than taxonomic estimates
(Jetz et al. 2016). The last two approaches seek to characterize vegetation’s taxonomical, functional, and
even phylogenetic diversity through its spectral diversity or the diversity of optical traits derived from
spectral information (Cavender-Bares et al. 2020). Still, recent literature suggests that spectral and
taxonomic diversities might not be robustly correlated (Fassnacht et al. 2022). Nonetheless, most of these
methods have only been evaluated over relatively small extents (Féret and Asner 2014; Gholizadeh et al.
2018; Schneider et al. 2017; Schweiger et al. 2018; Torresani et al. 2019; Wang et al. 2018a), and as of now,
there are no comprehensive databases to assess their robustness and applicability in a global context.

4



107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

RS missions must consider the trade-offs between spatial, spectral, and temporal resolutions
(Gamon et al. 2020). For biodiversity studies, pixel size should ideally allow the identification of individual
plants without being confounded by variability within the plant signal (e.g., shading and the presence of
different plant elements such as branches, soil, or understory vegetation) (Nagendra 2001; Nagendra and
Rocchini 2008). However, individual plants are typically smaller than pixels, which hampers the
characterization of biodiversity. For example, Wang et al. (2018a) explored how increasing pixel size
reduced spectral sensitivity to taxonomic diversity in a grassland. Alternatives to reduce the need for
accurate plant discrimination include fuzzy classification (Feilhauer et al. 2021), estimation of optical traits
at the resolution of the RS sensor (Torresani et al. 2021), or direct estimation of plant functional diversity
from spectral diversity (Ma et al. 2019). However, these approaches are still sensitive to sensor spatial
resolution since larger pixels integrate more species and traits and, therefore, more and more variability. At
the same time, mixing species can reduce the capability of retrieving vegetation optical traits (Darvishzadeh
et al. 2008). In addition, the sensor spectral configuration (resolution, sampling, and range) must provide
sufficient information to discriminate between different species or quantify optical traits. Hyperspectral
data continuously and finely resolve the spectral properties of Earth surfaces (Goetz 2009) and therefore
offer the best chances for successful classification (Dalponte et al. 2009; Sluiter and Pebesma 2010) or trait
retrieval (Lee et al. 2004; Lu et al. 2019). Nonetheless, spaceborne sensors must sacrifice either the spectral
or the spatial resolution, and it remains unresolved whether high-resolution multispectral or mid-resolution

hyperspectral missions are more useful for biodiversity assessment.

Spectral and functional diversities can involve multiple variables (i.e., plant traits or spectral bands).
Different authors have compared the variability of spectral signals in individual wavebands, combinations
of these, or averaged statistics in certain spectral regions (Féret and Asner 2014; Ma et al. 2019; Wang et
al. 2018a), as well as the variability of individual optical traits estimated from RS (Rossi et al. 2020;
Torresani et al. 2021) with field biodiversity data. Alternatively, ecologists have proposed several functional

diversity metrics (FDMs) to summarize the information in multidimensional datasets of species traits. These
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metrics quantify different aspects of functional diversity (i.e., richness, evenness, and divergence) with
single scalars (Laliberté and Legendre 2010; Mason et al. 2005; Villéger et al. 2008). The computation of
FDMs often requires removing the covariance between variables (Anderson 2006); however, despite the
abstraction, FDMs are informative and sensitive to underlying assembly processes (Mouchet et al. 2010).
Typically, FDMs are constructed from plant functional trait data collected in the field (e.g., measurements
of pigment and mineral nutrient concentrations taken on leaf samples). These metrics can also be computed
from RS variables such as spectral reflectance factors and optical traits (Schneider et al. 2017; Torresani et
al. 2019), being possible to replace taxonomic species with the “spectral species” concept (Féret and Asner
2014). What remains unclear is to what extent FDMs computed from spectral data or optical traits can be
translated to FDMs computed from vegetation functional traits collected in the field, and the role of the

spectral configuration (resolution, sampling, and range), spatial resolution, and signal noise.

So far, the SVH has been inconsistently tested. The works mentioned above evaluated the potential
of different metrics, methods, and sensors with little overlap, preventing a solid comparison of their
performance. Moreover, the lack of accurate validation data covering broad ranges of traits and
communities consistently imaged by multiple sensors of well-known uncertainties has limited the
generalization of the results. To overcome these issues, we evaluate the potential of different FDMs to relate
spectral and functional diversity using both synthetic and observational datasets. Our study aims to answer
the following questions: a) Which remote sensing-based FDMs are able to capture functional diversity from
field plant traits? b) What are the advantages and disadvantages of computing FDMs directly on the spectral
reflectance factors (R) or optical traits (7Topiica) €stimated via radiative transfer model (RTM) inversion? c¢)
Are the relationships between field and remote sensing-based FDMs consistent when compared at local and
global scales? d) How do RS features such as spectral configuration, spatial resolution, and signal noise
affect the relationships between vegetation and remote sensing-based FDMs? To answer these questions,
we first developed an RTM simulation framework that allowed us to produce synthetic vegetation

communities and the related spectral signals featuring different spectral and spatial configurations and
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noise. Then, using these simulations, we evaluated and compared two common RS methods to map
functional diversity: spectral signals (i.e., reflectance factors) or optical traits estimated from inverse
modeling. Finally, we evaluated the coherence of the simulation results using DLR Earth Sensing Imaging
Spectrometer (DESIS) and Sentinel-2 imagery and field taxonomic and functional diversity estimates from
forest plots of the Functional Significance of Forest Biodiversity in Europe (FunDivEUROPE) network

(Baeten et al. 2013).

2. METHODS

Fig. 1 summarizes the simulation and data analysis workflows. First, we simulated artificial
communities of plant species, each defined by a unique set of traits (i.e., RTM parameters) and the
individual species’ reflectance factors using an RTM. Then, we applied different RS features (spatial
resolution, spectral configuration, and noise) to the reflectance factors to represent how different remote
sensors perceived the plant communities. Using this simulation framework, we evaluated the relationships
between quantitative FDMs computed from the plant traits (as could be measured in the field) and RS
variables (either reflectance factors or optical traits estimates) and how these were affected by the RS
features (Fig. la, section 2.3). Finally, we analyzed different sets of satellite imagery acquired over
FunDivEUROPE biodiversity monitoring plots and assessed if the relationships between field and remote

sensing FDMs were coherent with the former simulations (Fig. 1b, section 2.4).
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Figure 1. Flowchart outlining analyses of simulated (a) and observational data (b) to assess the capability of
different functional diversity metrics (FDMs) to link spectral and vegetation functional diversity and the effect of
different remote sensing features. Solid lines indicate the direct use of the data or models; dashed lines indicate the
inverse use of a radiative transfer model (RTM). In the simulations (a), some analyses include the effects on plant

traits of added noise and different spatial resolutions.

2.1 Functional diversity metrics

We evaluated the capability of Functional richness (FRic), evenness (FEve), diversity (FDiv),
dispersion (FDis), and Rao’s quadratic entropy O (RaoQ) metrics (Botta-Dukat 2005; Laliberté and
Legendre 2010; Villéger et al. 2008) to connect field and RS-based functional diversity. These metrics were
computed with the dbFD R-package (Laliberté and Legendre 2010) using traits Euclidean distance as the
dissimilarity measure. The package applies standardization of the variables and Principal Coordinates
Analysis (Anderson 2006) on the distance matrix to remove the influence of variables’ magnitude and
redundant information, respectively. Moreover, we used a parametric formulation of Rao’s O (Eq. 1) as
proposed by Rocchini et al. (2021) with values of the parameter o, ranging from 0 to infinity. In this case,

we first applied standardization and principal component analysis (PCA) (Pearson 1901) to the traits before
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computing the Euclidean distance, keeping only the components that explained 98 % of the variance in
total. This approach allowed us to reduce the number of variables and evaluate the effect of noise (section

2.3.4).

1
N a (1)
RaoQ, = z pip;d;i“

i,j

where i and j are indices for each species in the community, p their respective probabilities, and d is a
symmetric measure of multidimensional distance between the species traits or, in this case, a set of their

principal components.

We computed these FDMs from remote sensing variables that were either reflectance factors or
optical traits estimated by inverting an RTM against the reflectance factors (7opicat, section 2.3.4 and 2.4.3).
We also used plant traits at the field level (“field plant traits”), either inputs of the RTM used to simulate
reflectance factors (7rrm, section 2.2) or sampled in the FunDivEUROPE plots (7¥eiq, section 2.4.1). Notice
that not all of these traits are “functional traits” sensu Diaz and Cabido (2001), but vegetation characteristics
or structural state variables as they are not species-specific and change with ontogeny, environment, and
forest management (e.g., canopy height or leaf area index). Still, we used these traits since ecologists have
selected them to characterize functional diversity in mature forests (i.e., Treq) (Bacten et al. 2013; Benavides
et al. 2019a; Benavides et al. 2019b), or since modelers use them to describe light-vegetation interaction

(i-e., Trrm) (North 1996; Verhoef 1985). The implications of this choice are discussed in section 4.4.

2.2 Radiative transfer model and emulation
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RTMs describe light-matter interaction. They mechanistically link vegetation parameters (here
referred to as traits), describing plant structure and biochemistry with the spectral signals perceived by
remote sensors. Therefore, RTMs allow simulating canopy reflectance factors from a set of model
parameters and retrieving plant traits from spectral observations through inverse modeling (Jacquemoud et
al. 2009). In this work, we used the Soil Canopy Observation, Photochemistry and Energy fluxes (SCOPE)
model (van der Tol et al. 2009) to simulate vegetation’s optical properties as a function of plant traits (i.e.,
Trtm). SCOPE includes the leaf RTM Fluspect-CX (Vilfan et al. 2018), which incorporates anthocyanins
specific absorption coefficients from PROSPECT-D (Féret et al. 2017). SCOPE Trrm includes 1) leaf traits
such as the number of internal leaf layers (N, layers), and chlorophyll a and b (Cyw, ug cm™), carotenoids
(Cea, ug cm?), anthocyanins (Can, ug cm™), senescent pigments (Cs, a.u.), dry matter (Cqm, g cm?) and water
(Cw, g cm™) contents; and 2) traits describing vegetation structure as the mean and bimodality of the leaf
inclination distribution function (LIDF, and LIDF}, respectively), leaf area index (LAI, m*> m™), canopy
height (4, m), and the leaf width (/y, m). Additional model parameters describing soil optical properties

and illumination-observation conditions are described in Table S1.

In addition, we used statistical models or emulators (Gémez-Dans et al. 2016) to enable fast
computation of large datasets of reflectance factors with SCOPE. We trained and validated two shallow
neural networks predicting specie’s reflectance factors from their traits, each with a different set of look-up
tables. We used the first for simulation (section 2.3.3) and the second to retrieve optical traits via RTM
inversion (section 2.3.4). Using two different emulators allowed us to force a model error in the retrieval,
making it more realistic (Supplementary SM1 and Table S2 describe the emulators’ training and comparison

and present their statistics, respectively).

2.3 Simulation of traits and spectral diversity
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Fig. 2 represents a schematic with the details of the simulation of synthetic vegetation communities
and their spectral signals, the simulation of different remote sensing features on these signals, and the

various comparisons of the FDMs computed from field plant or remote sensing data.
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Figure 2. Detailed simulation and analysis workflow. Each species (7) is defined by a plausible set of field plant traits
(Trt™), the input of a radiative transfer model (RTM) that predicts the associated reflectance factor (R) (a). Several
species (9 in this example) are gathered within a regional species pool (b). Some species feature traits with close or
similar values (similar species), whereas others feature dissimilar trait values (dissimilar species). Then, the species

from the pool are sampled with different abundances (4) to produce 81 communities per region (c); the original
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traits and reflectance factors (solid lines) are transformed by different remote sensing features (dashed lines). In both
cases, the plant traits are also estimated from the optical signals via radiative transfer model inversion (optical traits,
Topticat)- In total, 1000 regions are produced from a corresponding number of species pools (d). Functional diversity

metrics (FDM) are computed from the abundances and either the field vegetation traits (FDMrtm), the optical traits
(FDMpsical), or the spectral reflectance factors (FDMp) of each community. The relationships between the FDMs at

different spatial resolutions are compared for each region (e) and all the regions at the same time (f)

2.3.1 Species, communities, and regions

We defined each synthetic plant species with 1) a unique set of plausible biochemical and structural
traits (i.e., Trrm) and 2) the corresponding reflectance factors predicted by the emulator (Fig. 2a). Field
plant traits were randomly sampled; however, we ensured plausible combinations of traits by accounting
for known ranges in different types of vegetation (e.g., forests, crops, grasslands, etc., reported in Table S1)
and traits covariance identified in spectral libraries (Appendix A). Since we emulated a unidimensional
RTM, we did not further describe these species (e.g., stem type or crown shape) nor attempted to focus on
any specific vegetation type or ecosystem. The limitations of the modeling framework are discussed in

section 4.3.

Between 5 and 30 synthetic species were gathered to produce regional species pools (Fig. 2b). The
pools contain all the species present in a region (or remote sensing image) that mix later in different
communities (or moving windows used for image analysis). In practice, the pools are a species-by-traits
matrix containing the traits (i.e., Trrm) of the species present in a region. In nature, biotic and abiotic
filtering and interactions determine species assemblages according to their traits (Jucker et al. 2018). These
processes can prevent or enable the combination of traits with very similar or very different values in the
same community. Therefore, we ensured assemblage variability by different fractions of similar and
dissimilar species in the pools. We forced part of the pool species to be similar by sampling their traits

within narrow ranges. For example, chlorophyll content (Cay) could be limited between 20 and 30 pg cm™.
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In contrast, we also produced dissimilar species by sampling their traits within wide plausible bounds (0-
100 pg cm™ for Cyp in Table S1). The fraction of similar and dissimilar species and the width of the sampling
range for the similar species were randomly set. We set the same soil properties for all the species for each
pool, but these varied between pools. Contrarily, we fixed a constant diffuse-to-global radiation ratio (dpg

= 0.20) and sun zenith angle (Gs. = 30°) for all the simulations.

Finally, we simulated 81 communities per region by combining the regional pool species with
different relative abundances (4) (Fig. 2¢). First, we numbered the species, clustering similar and dissimilar
species separately (e.g., in Fig. 2b, similar species range from 1 to 6, and dissimilar species from 7 to 9).
Then we assigned the abundances using the probability predicted by a Gaussian distribution for these
numbers maximizing the range of possible combinations of the species pool (Appendix B). To do so, we
gradually modified the dominant species (the mean) and the degree of dominance (the standard deviation)
of each community. Fig. 3 exemplifies the relative abundances of the 81 communities produced for the
species pool in Fig. 2b and highlights the most extreme cases.

=@= =1.0, 0=0.2 === ;=9.0, 0=0.2
=®: =1.0,0=5.0 =§: 4=9.0, 0=5.0

S
4
<

imilar : dissimilar
s »

Figure 3. Example of the relative abundances (4) simulated for the regional species pool in Fig. 2b (9 species). The

species are indexed with integer values (ns,), separating similar from dissimilar species. The relative abundances are
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generated by gridding the mean (u) and standard deviation (o) of the Gaussian distribution assigning species
abundances. The figure highlights the most extreme cases where species 1 (similar) or 9 (dissimilar) are dominant

(determined by u), with maximum and minimum degrees of dominance (with 0 = 0.2 and ¢ = 5.0, respectively).

2.3.2 Remote sensing features

We evaluated the effects of three features of the RS data on the relationships between FDMs (Fig.
2¢): 1) spectral resolution and configuration (i.e., bands width, range, location), 2) spatial resolution, and
3) signal noise. Since field data are also uncertain, we applied the same noise level to reflectance factors
and field plant traits (Fig. 2c). We simulated three levels for each RS feature and tested all the possible (27)
combinations (Table 1). This analysis envisaged evaluating the trade-offs between different mission

concepts to study functional diversity from space.

Table 1. Remote sensing features tested in the simulation analysis. The noise level reported was applied to the
simulated reflectance factors and the field plant traits. Regarding the spectral configuration, DESIS and Sentinel-2
Multi-Spectral Instrument (MSI) spectral response functions were obtained from imagery metadata (section 2.4.1)
and the European Space Agency (ESA 2017), respectively. The first row presents the ideal combination of features

(maximum resolution, noiseless) on which the rest of the simulations are based.

Spectral configuration Spatial Resolution Noise
Full-hyperspectral High: Sres.100 Low: Gnoise = 0 %
2001 bands between 400-2400 All the species of the Noiseless signal
nm, 1 nm step community are individually
discriminated
DESIS Medium: Sies.50 Medium: gunoise =35 %
58 bands (4x binned) between 5 % of Gaussian noise
410-986 nm

14
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Half of the species of the

community are observed as a

mixture
Sentinel-2 Low: Sreso High: gpise =10 %
10 bands between 490-2190 nm None of the species of the 10 % of Gaussian noise

community can be individually
identified; they are all mixed by

the sensor

Species’ reflectance factors were initially simulated at 1 nm step between 400 and 2400 nm (“full-
hyperspectral”) and then convolved to the spectral bands of two different sensors: DESIS and Sentinel-2.
DESIS is a visible and near-infrared hyperspectral imager onboard the International Space Station (Kerr et
al. 2016). Sentinel-2 is one of the Copernicus missions managed by the European Space Agency (ESA). It
carries the Multi-Spectral Instrument (MSI), a visible, near, and short-wave infrared multispectral imager

that maps Earth’s surface properties with ten wavebands (Drusch et al. 2012).

Since our simulation did not describe the spatial distribution of the species within each community,
we defined the spatial resolution as the sensor’s capability to discriminate between individual species and
their spectral signatures. Initially, the simulations represented highly resolved imagery, providing an
accurate characterization of each species and their abundances in the community (Sres,100). Then we ran two
additional simulations where the sensor could only discriminate half (Sress0) or none of the community
species (Sres ). In these cases, new species were perceived as a linear combination of the reflectance factors
and the abundances of the species that could not be distinguished (Appendix C). In addition, we applied the
same transformation to the field plant traits (7rrm) to compare field and RS data at the same spatial

resolution (section 2.3.5).
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2.3.3 Simulations

In total, we produced 27 simulations (all the column combinations in Table 1), each consisting of
1,000 species pools and 81 communities (thus 81,000 communities), integrating a total of 16,153 species
(Fig. 2d). For comparison, we initialized all the simulations with the same noiseless and full spectral and
spatial resolution abundances, reflectance factors, and field plant traits (Table 1, first row). Then, these were
modified by combinations of the different levels of the RS features to assess their effect on the relationships
between field and remote sensing FDMs. Fig. 4a-c exemplifies the simulation of a synthetic community
(similar and dissimilar specie’s abundances, spectra, and traits, respectively) and the role of the RS features
(Fig. d-1). The degradation of the spatial resolution modifies the sensor’s perception of the abundances (Fig.
4a,d,g) and spectral properties (Fig. 4b,e,h). When pixels become larger, they can include new species from
outside the area occupied by the community (or a reference field plot (Gholizadeh et al. 2018)). From a
remote sensing perspective, these communities could just be moving windows where pixels are selected to
compute FDMs (e.g., Rocchini et al. (2021)). Moreover, the mixture of spectral signals can hide the
signature of the rarest species, reduce the representativeness of locally dominant species, and, overall,
reduce spectral diversity in the region. At the same time, the convolution to spectral bands of different
sensors reduces the detail and extent of the spectral data. In contrast, noise increases variability (Fig. 4e,h

vs. Fig. 4f,1).
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Figure 4. Example of the simulation of a synthetic community and effect of different remote sensing features on the
perception of specie’s reflectance factors and abundances. The first row presents the original abundances (4) (a),
species reflectance factors (R) (b), and field plant traits (7rrm) scaled within the bounds set for the simulation (c). In
the abundance subplots (first column), the black-pointed line separates similar (on the left) from dissimilar species
(on the right). The color assigned to each species’ number (ns,) identifies the corresponding reflectance factors and

traits in the remaining subplots. Solid lines represent pure species, whereas dashed lines represent spectral mixtures
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331

due to spatial resolution degradation. The second row degrades spatial resolution so that only 50 % of the species in
the pool can be discriminated, leading to new estimates of species abundances (d); the color bars represent the
contribution of each species to the new species abundance, as observed by the remote sensor. Sensed reflectance
factors, full-hyperspectral and noiseless (e), or convolved to DESIS spectral bands with a 5% random noise (f). The
third row degrades spatial resolution so that none of the species can be identified, leading to new estimates of
species abundances (g); the color bars represent the contribution of each species to the new species abundance, as
observed by the remote sensor. Sensed reflectance factors, full-hyperspectral and noiseless (e), or convolved to

Sentinel-2 MSI spectral bands with a 10% random noise (i).

2.3.4 Retrieval of optical traits

We estimated optical traits from the species’ reflectance factors via inversion of the emulated RTM
(Topticar) for each of the 27 simulations (Fig. 2¢). This way, we accounted for the effect of the different remote
sensing features on the retrieval. Additionally, using a second emulator for the inversion, we accounted for
model error (models’ inaccuracy or limitation to represent the observation) since both emulators predict
slightly different reflectance factors for the same input. This approach does not aim to analyze or quantify
the effect of different model structures and vegetation features in the inversion of RTMs, but to include a
plausible source of uncertainty inherent to RTM inversion. We estimated the optical traits using a numerical
optimization approach (Jacquemoud et al. 2009) in two steps. First, we calculated an initial solution using
a look-up table approach. Then, the most relevant vegetation parameters were further optimized using the

L-BFGS-B algorithm (Zhu et al. 1997) (Supplementary SM2 provides a complete description).

2.3.5 Functional diversity metrics computation and comparison

For each simulation (27), we computed the FDMs from field plant traits (7rtm, as if measured in
the field) and remote sensing data (reflectance factors or optical traits estimated via model inversion). FDMs

were independently computed for the 81 communities of each region as described in section 2.1 (Fig. 2e).
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We analyzed the relationships between field-based (7rrm) and RS-based (R or Topiica) metrics to understand
their ability to capture vegetation functional diversity from space. Linear models were evaluated using the
coefficient of determination (R*) and the normalized root mean squared error (NRMSE, normalized by the

95 % confidence interval of the dependent variable to reduce the effect of outliers).

Also, we evaluated FDM relationships at global and local scales to understand their consistency
and applicability in both contexts. First, we compared at once all the species pools of each simulation
(global, 81 communities by 1,000 species pools) to assess their capability to provide information
comparable between different ecosystems, regions, or RS images (Fig. 2f). Then we compared the FDMs
of the communities of each species pool separately (local, 1,000 species pools) and extracted the median
and the 95 % confidence interval of the statistics (Fig. 2¢). This second comparison studied the capability

of each FDM to infer functional diversity within a single ecosystem, region, or image.

In addition, we evaluated the effect of the resolution at which field traits are sampled and compared
with RS metrics (Fig. 2e,f). On the one hand, we compared field FDMs at maximum spatial resolution (hi-
res) to simulate the mismatch between imagery and field surveys characterizing individual species (this
means field Sres,100 VS. remote sensing Sres,s50 O Sres,0). This analysis simulates the case where ecology studies
characterizing individual species are combined with remote sensing data, as in section 2.4. On the other
hand, we compared vegetation FDMs at the spatial resolution of the sensor (RS-res, comparing Sies 50 VS.
Sres,50 OF Sres,0 VS. Sres 0, respectively). Here, we simulated field surveys characterizing vegetation within plots
specifically designed to match satellite pixels (e.g., Hauser et al. (2021a; 2021b)) but not identifying
individual species. This second analysis represents the case of typical remote-sensing oriented surveys

where field datasets are integrated, mimicking the remote sensor’s spatial resolution.

For all these cases, we compared the FDMs’ performance of the 27 simulations to understand the

effect of the remote sensing features and signal noises under evaluation.
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2.4 Estimation of functional diversity with DESIS and Sentinel-2 at FunDivEUROPE sites

2.4.1 Study sites and field-based biodiversity metrics

We combined field and RS data collected in plots of the FunDivEUROPE network

(http://www.fundiveurope.eu) (Baeten et al. 2013; Benavides et al. 2019a; Benavides et al. 2019b). The 30

x 30 m plots covered matured forests in Spain (Mediterranean oak and pine woodland) and Romania
(mountainous mixed conifer and beech). The other network regions were discarded from the analysis since
they were not covered by DESIS (i.e., Finland) or because foliar traits had not been measured (Ma et al.
2019). In each country, the plots were located to cover the local diversity gradients of the pool of (up to
four) dominant tree species, covering 5 x 5 km and 50 x 50 km regions in Romania and Spain, respectively.
FunDivEUROPE design ensured the inclusion of different levels of taxonomic richness, each
comprehending different mixtures of species and sufficient representativeness of each species featuring
similar frequencies (Baeten et al. 2013). Plant traits were measured in the dominant tree species, and field-
based FDMs were computed in plots where dominant species covered more than 95 % of the abundance

(Ma et al. 2019).

In each plot, ten trees per species with a diameter at breast height (DBH, m) larger than 7.5 cm were
selected to measure DBH, h, (tree height), and crown cross-sectional area (CCSA, cm?). LAI was determined
for the whole plot with an LAI-2000 Plant Canopy Analyzer (LI-COR, Lincoln, NE, USA), as described in
Grossiord et al. (2014), and therefore it was not used to compute field FDMs. Moreover, a top south-facing
branch was cut per tree, and around ten leaves per branch were sampled. Half of them were used to
determine leaf nitrogen concentration (Nmass, %0) and leaf carbon concentration (Crass, %). The other half
was used to determine leaf area (l,, mm?), specific leaf area (SLA, mm? mg'), and leaf dry matter
concentration (LDMC, mg g') (Benavides et al. 2019a; Benavides et al. 2019b). In total, 1763 trees were

sampled. The field campaigns took place in July in Romania 2013 and June 2013 in Spain.
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We did not compute the FDMs in the dbFD package on these field-measured traits since FRic and
FDiv require more species than traits, and the maximum plot richness is four. Instead, we applied
standardization, PCA, and computed parametric Rao’s Q. As before, we kept the components explaining
98 % of the variance. We also calculated two taxonomic diversity metrics: the Shannon index (H) and
species richness (S). Where S equals the number of species in the plot (up to 4), and H predicts the
uncertainty of guessing the species of individuals randomly sampled from the community (Shannon 1948).

H (Eq. 2) increases as the community’s richness and evenness do.

S 2
H= —Zi=1Ai log(Al) ( )

2.4.2 Imagery and reflectance-based biodiversity metrics

We analyzed DESIS and Sentinel-2 imagery acquired over the FunDivEUROPE plots described in
section 2.4.1. Following Ma et al. (2019), we used for all the analyses Sentinel-2 imagery acquired in the
summer of 2015 since it was the closest to field sampling. However, DESIS imagery corresponds to the
summer of 2020. Therefore, to improve DESIS and field data comparability, we also processed Sentinel-2
imagery acquired in the summer of 2020 and used these images to discard field plots that substantially
changed after 2015 (Supplementary SM3) and assess the effect of the temporal gap on the evaluation of
DESIS in FunDivEUROPE. Table 2 summarizes the imagery used and the number of plots selected

according to their temporal stability, absence of clouds, and field data availability.

Table 2. DESIS and Sentinel-2 imagery selected over FunDivEUROPE plots. Mean atmospheric optical thickness

(40T), sun zenith (Bsun), view zenith (Gsun), and azimuth phase (A¢) angles of the plots selected are also presented.

Country Date Plots Mean 6. | Mean fiiew | Mean A¢g | Mean AOT
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409

410
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412

413

selected

DESIS

Spain 2020-Jun-29 10:11 14 30.8 23.9 6.6 0.264
Romania | 2020-Jun-29 07:02 8 45.9 2.1 3.7 0.283
Sentinel-2

Spain | 2015-Jul-29 11:00 25 2.6 26.1 121.0 0.015
Romania | 2015-Jul-29 09:20 19 5.8 30.7 121.5 0.014

Spain | 2020-Jun-22 10:56 23 2.7 21.5 127.5 0.082
Romania | 2020-Jul-09 09:06 11 9.2 28.1 51.6 0.081

We downloaded DESIS L2A products from the EOWEB® GeoPortal (https://eoweb.dlr.de/egp/);
standard radiometric, atmospheric, and terrain corrections were automatically applied by DLR (Alonso et
al. 2019). During download, we applied nearest-neighbor resampling and a default ozone column value of
330 Dobson units. Metadata files provided the average atmospheric optical thickness (40T) sensor height
and sun and view angles at the scene’s center, from which we calculated the corresponding angles on each
plot. Sentinel-2 images were processed using the ESA’s Sen2Cor processor (v2.2.0,

https://step.esa.int/main/third-party-plugins-2/sen2cor/) to produce L2A bottom of the atmosphere

reflectance factors. Then we pan-sharpened the 20-m bands (B05-B07, B8A, B11, and B12) to 10 m spatial
resolution using the unmixing method developed by Brodu (2017) and implemented in the ESA’s Sen2Res

toolbox (http://step.esa.int/main/snap-supported-plugins/sen2res/). Further details of Sentinel-2 imagery

processing can be found in Ma et al. (2019). Next, we obtained the corresponding AOT from the products
of the atmospheric correction and estimated all the sun and view angles using the python package

sentinel2 _angle bands (https://github.com/brazil-data-cube/sentinel2_angle bands). Then, we resampled
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Sentinel-2 to DESIS spatial resolution to understand to what extent the differences between the functional

diversity estimates of each mission could be related to their spatial or spectral features.

We extracted the 3 x 3 pixels windows centered on each FunDivEUROPE plot with spatial
resolutions of 10 (S210) and 30 m (S230 and DESIS). We gathered these data to get single standardization
and PCA models for each sensor, keeping the components that explained 98 % of the variance to reduce
signal noise. Then we computed the FDMs described in section 2.1; in this case, each pixel of the 3 x 3
window was considered a unique species whose abundance was the inverse of the number of pixels in the
window, as described in Rocchini et al. (2021). Fig. 5 shows an example of the spectral data available in
one of the FunDivEUROPE sites in Spain for S2,¢ (Fig. 5a,d), S230 (Fig. 5b,e), and DESIS (Fig. 5c,f). S21¢’s
high spatial resolution allows sampling the internal variability of the field plot with a 3 x 3 window; DESIS
resolution equals the plot size (30 m) and instead samples the variability of the surroundings of the plot.
Also, DESIS more finely captures the visible and near-infrared region’s variability, whereas Sentinel-2
captures a larger spectral diversity in the short-wave infrared. These differences can be observed both in

the imagery and the spectra.
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Figure 5. Example of the remote sensing data used in one of the FunDivEUROPE sites in Spain (SPAO1). Spectra of
the 3 x 3 pixels window used to compute the functional diversity metrics (first column) and red-green-blue
composition of the clips around the site (second column) together with the plot (red dashed line) and the 3 x 3 pixels
window (pale blue) used to compute functional diversity metrics. Sentinel-2 MSI @ 10 m pixel in 2015 (S21o, first

row), Sentinel-2 MSI @ 30 m pixel in 2015 (S230, second row) and DESIS @ 30 m pixel in 2020 (third row).
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2.4.3 Optical traits retrieval and biodiversity metrics

FDMs were also computed from optical traits (7Topica) estimated from DESIS, S2i, and S23¢
reflectance factors for all the pixels within the 3 x 3 window surrounding each plot. We used an approach
similar to the one described in section 2.3.4; however, in this case, we inverted the model (not the emulator)
in the second step to account for the off-nadir view angles and regularized the cost function (Supplementary
SM4). Next, we assessed the retrieval quality by comparing LAI, chlorophyll concentration (ug g')
(computed from C,,, and dry matter content (Cym) estimates), and Cam with field LAZ, leaf Nmass, and Cam,
respectively. After the inversion, we computed the FDMs described in section 2.1 on the estimated optical
traits. As with the imagery, we gathered all the optical traits to provide a common standardization and PCA

models for dimensionality reduction and kept the components explaining at least 98% of the variance.

3. RESULTS

3.1 Links between functional diversity metrics

The comparison of FDMs computed from field plant traits (7rrm) and reflectance factors (R) under
ideal conditions (noiseless, full-hyperspectral, and maximum spatial resolution) at the global scale (all data
simultaneously) showed that RaoQ.-1 (Fig. 6g) presents the highest R?, followed by FDis (Fig. 6d) and
RaoQe=> (Fig. 6h), and then RaoQ (Fig. 6e), FRic (Fig. 6a) and RaoQ,=w (Fig. 61). The strength of the
relationships of the parametric RaoQ (Rocchini et al. 2021) decreased with the value of a (not shown). For
a = 0, extreme values strongly reduced the coherence of the relationship. FDiv (Fig. 6¢) and especially
FEve (Fig. 6b) showed weak relationships. Results at the global scale were coherent with those found at
the local scale (1000 comparisons, one per species’ pool); median values of R? (and NRMSE) were always
larger than those found at the global scale (e.g., 0.75 vs. 0.89 R? for RaoQ,~1). However, the performance
at the local scale featured large variability. The 2.5 % percentile of the R? distribution was below 0.35 in

most of the metrics, except for RaoQ,-1 and FRic. Most FDMs reached very high R* (~ 0.98) locally, except

25
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Figure 6. Relationship between the functional diversity metrics computed from the reflectance (subscript “R”)
factors and field plant traits (subscript “Trtv’) using the dbFD package (a-e) or the parametric Rao’s Q formulation

with different values of the parameter a (f-i). Regression lines summarize the comparison at the global scale; the
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shaded areas around the regression lines represent the 95 % confidence interval of the line. Each subplot includes the
statistics of the relationship at the global scale (on top, subscript “G”) and the median and 95 % confidence interval

of the statistics at the local scale (below, subscript “L”).

The comparison of FDMs computed from field plant traits (7rrm) and estimated optical traits
(Topticat) under ideal conditions (Fig. 7) led to results similar to those obtained with the reflectance factors
(Fig. 6). However, this time FDMs’ performance was higher in almost all the cases, both at the global and
the local scales (median values). Higher correlations occurred despite the uncertainties in the retrieval (Fig.
S1) and the fact that FDMs were computed from a subset of the optical traits controlling R (Supplementary
SM2). Topiical Were retrieved with different degrees of success. Evaluated against the field plant traits, the
estimates of LAl and LIDF, (Fig. S1j,h, respectively) showed biases but high R* values. Cab, Cam, and Cy
(Fig. S1b,f,g, respectively) were acceptably retrieved with frequent overestimation for low values. The leaf
parameter N (Fig. Sla) was often underestimated, LIDF%, (Fig. S1i) was weakly constrained, whereas C;
and Can (Fig. S1d,e) were consistently underestimated. The retrieval performance was slightly better when
evaluated at local scales (median of the statistics); however, there was a large dispersion of R?, whose lowest
values were close to 0.0 in all the cases. The retrievals worsened as the remote sensing resolutions decreased
and the noise increased (Table S3). Results were slightly better when the model error was minimized using
the same emulator for simulation and inversion, both in the retrieval (Fig. S2) and the relationships between
FDMs (Fig. S3). This analysis proved that model error (Table S2) influences the estimation of plant

functional diversity with the optical trait estimation approach.
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Figure 7. Relationship between the functional diversity metrics computed from optical traits estimated via radiative
transfer model inversion (subscript “Topica”’) and field plant traits (subscript “Trrm”) using the dbFD package (a-e),
or the parametric Rao’s Q formulation with different values of the parameter a (f-i). Two different emulators
simulated the reflectance factors and estimated the optical traits to induce model error. Regression lines summarize
the comparison at the global scale; the shaded areas around the regression lines represent the 95 % confidence

interval of the line. Each subplot includes the statistics of the relationship at the global scale (on top, subscript “G”)

and the median and 95 % confidence interval of the statistics at the local scale (below, subscript “L”).
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The relationships between field (7rrm) and remote sensing-based (R or Topical) FDMs depended on
the remote sensing features (spatial, spectral, and signal noise) and the way the metrics were compared
(scale and spatial mismatch). The joint analysis of all these factors (Fig. 8) confirmed that 1) RaoQ, FDis,
and to a lesser extent FRic, allow the estimation of plant functional diversity from remote sensing. 2) Local-
scale relationships (Fig. 8e-h) were stronger on average than global relationships (Fig. 8a-d) (Ri.? > Rg?).
The analysis also led to three additional discoveries: 1) Spatial resolution loss is the most relevant factor
reducing the correlation between remote sensing metrics and field metrics in all the cases (differences in
marker colors); whereas the effect of spectral configuration and noise depends on the approach used to
compute FDMs (reflectance or optical traits). Noise and spectral configuration had little effect when field
FDMs at maximum spatial resolution were compared with R-based metrics at sensor resolution (hi-res, Fig.
8a,e, and Table S4). However, these became more important when the metrics were computed from optical
traits (hi-res, Fig. 8c,g and Table S5). Then, in the absence of noise (brightest tones, smallest markers), R
was larger than for the reflectance-based approach (Fig. 8a,e), and differences between sensors (marker
shape) were small at all the spatial resolutions. However, except for the Full-hyperspectral configuration,
R? decreased as noise increased (larger and darker markers), making the correlations weaker than for the
reflectance-based FDMs. Still, when no species could be discriminated (Sres,0) noise and spectral features
lost most influence, and R? was low in all cases. 2) When remote sensing estimates were compared with
field data integrated at the sensor spatial resolution (RS-res, mimicking the image pixels), the relationships
were more robust to the spatial resolution loss. Moreover, metrics computed from reflectance factors (Fig.
8b,f and Table S6) were more robust than those computed from retrieved optical traits (RS-res, Fig. 8d,h,
and Table S7 vs. Fig. 8c,g). 3) For both approaches (reflectance or optical trait-based metrics), matching
field and remote sensing resolutions (RS-res, Fig. 8b,d,f,h) led to spurious R? increases for FRic, FEve, and

FDiv; induced by noise or spatial resolution loss.

29



Noise (size/tone): Onoise = 0 %

A Onoise= 5% A

Onoise = 10 %

Spectral (shape): ¢ Full-hyperspectral ¢+ DESIS = S2
Spatial (color): A Sreso Sres, 50 Sres, 100
Global scale Local scale
R vs. TRTM, hi—res R vs. TRTM, hi —res
1.00 (a) " o (e)
o o oga ¥ O o -
% 0504 w L RNPR N
0.25 " ! ¥ o :?- ". . ’,.
$ a W | P B ote -
0.00 -_* : r.YI“-I 1 1 1 1 1 *_ l l 1 1 I 1 1 1 1
R vs. TrTm,Rs - res R vs. TRTM,RS - res
1.00 (b) Twm e (f)
vI
0.75 1+ = o % . % % ﬁ 4 “ ﬁ #
a 5 | i - - QF - B
~9 0.50 - .’- 2" "? ﬁ L4 “i .oﬂi 83- N | ”' o ‘t‘ ‘3: ! " “- tn
< O. T ata s 0 o 0; ~ o Ll ‘.l
@ !ﬁ o|n “l ." a! : o" °
0.25 14— # " - 4
' e '_5. o o= “a &g
0.00 .? T “Ikl T T T T T T T T % T T T T T T
Toptical VS. TRTM, hi - res Toptical VS. TRTM, hi - res
1.00 (c) ° (9)
. o - 8- W% & R
0.75 A . §- 3 ) } o&& .:i l,. “a ol ]
~NO i oy & .m l. ‘ N | ‘I - 5“:
o 0.50 = V= ‘. ! L] ‘l
0- ‘= L ‘I ‘. ‘: (] ‘G (] ’.
® o 4u . ' |
0.25-«‘Istn z:°0..‘;.&"i _*&u " ‘E.“
" o .
000 '_*_I_D'iu_.lh—l‘._nihl_l_*_ T T T T T % T T T
Toptical VS. TRTM, RS - res Toptical VS. TRTM,RS - res
1.00 (d) % ° (h)
@ a- a- W8 g
0754 % s - 14 oL &l. . §
2 o & ) R ta &
o [} H ” ® i e .‘ .t of" :‘_ o ™
< 0.50 ~ “ ﬁ e & -3 "y ’t' s o o '3:
A Q:!_" R - DO C D T
0.25 1 :29 "’_“u’-";E 1T o % % e
. W Th A a (™ o;a
0-00 T T T T T 2 T T T T T T T T T T T T
C e N v 0 O N N e Loe N © Q0 SN e
@ @ oo o8 98700 O ov’ 08’ 00700
QP 2 & QR ® &

Figure 8. Evaluation of remote sensing features on the relationships between functional diversity metrics. Metrics
computed from field plant traits (7rrm) are compared with remote sensing metrics computed either from reflectance

factors (R) or estimated optical traits (Topticat). The left column presents R? of the relationships between metrics
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compared at the global scale (Rg?), the right column shows the median R? of the evaluation at the local scale (R?).
Functional diversity metrics computed from reflectance factors at sensor resolution are compared with field metrics
at maximum spatial resolution (hi-res), representing the mismatch between remote sensors and field surveys (a, e)
and remote sensing resolution (RS-res) mimicking remote sensing-oriented field surveys (b, f). Functional diversity
metrics computed from estimated optical traits at senor resolution are compared with field metrics at maximum
spatial resolution (hi-res) (c, g) and remote sensing resolution (RS-res) (d, h). Markers show different spectral

configurations; color ranges indicate spatial resolution, whereas marker size and tone represent noise level.

3.2 DESIS and Sentinel-2 imagery over FunDivEUROPE sites

As in the simulations, optical traits retrieval from RS was not exempt from uncertainty. Still, the
evaluation against field traits (Fig. S4, subscript “F”) suggests that, at least for key traits, such as LAI, Cyp,
and Cam, the retrieval results were reasonable and within the expected performances (Table S3), or at least
similar for all the RS datasets. NRMSE ranged between 21 and 37 % for the three variables, whereas R?
showed larger variability (from 0.00 to 0.93). The retrieval of LA/ (Fig. S4a,d,g) was most problematic in
Romania, still taking both countries together (All), R* was high (R?>> 0.92 for Sentinel-2, R> = 0.65 for
DESIS). Chlorophyll concentration (per unit mass) showed positive relationships with field Nmass (Fig.
S4b,e,h). Coherently with the simulations (Table S3), the retrievals’ performance generally increased with
spatial resolution. In the case of DESIS, the lower R* might relate to larger uncertainties in LA/ and Cam
retrieval. Cqm was overestimated, especially for DESIS in Spain (Fig. S4c.fi), but the correlations were
moderately strong for the whole dataset (R* between 0.47 and 0.54). The fact that DESIS does not cover
the short wave infrared might explain this bias, which agrees with the performances found in the simulations

(Table S3). Retrieval performances were similar or even higher for Sentinel-2 in 2020 (Fig. S5).

The comparison of FDMs computed from satellite imagery and field plant traits sampled in the
FunDivEUROPE plots led to metric and sensor-dependent results (Fig. 9). These were evaluated with the

Pearson correlation coefficient (7pearson) to identify negative correlations. FEve and FDiv were never
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significantly correlated, and FRic only weakly once. S29 showed significant positive correlations between
field taxonomic and functional diversity metrics for most of the remaining FDMs. R-based metrics (Fig.
9a,d) were more significantly and more often correlated than those calculated from optical traits (Fig. 9g,j)
except with the taxonomical field metrics (species richness S and Shannon index H). DESIS only achieved
a significant correlation between FDis computed from reflectance factors and field species richness (Fig.
9¢). Also, weak significant correlations were found between field and optical trait metrics with field
RaoQ.-y when Sentinel-2 was resampled to DESIS spatial resolution (S230) (Fig. 9k). Nonetheless,
simulations showed that RaoQ,-0 was prone to extreme values that might inflate correlations in small
datasets. The fact that only RaoQ.-o correlates and no others such as RaoQ.-1 or FDis suggest these results
could be spurious. Despite the significance, the relationships found for S2;o were relatively weak. The
maximum R? found in significant correlations for each group of FDMs evaluated were 0.27 (Fig. 9a), 0.30
(Fig. 9d), 0.18 (Fig. 9g), and 0.18 (Fig. 9j). For DESIS and S23, the maximum significant R* were 0.20
(Fig. 9¢) and 0.09 (Fig. 9k), respectively. Overall results were similar but weaker for Sentinel-2 imagery in

2020 (Fig. S6). FDMs computed from optical traits did not achieve significant correlations in this case.
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Figure 9. Pearson correlation coefficient between taxonomical and functional diversity metrics computed from field
plant traits (subscript “field”, x-axis) and functional diversity metrics computed from remote sensing information (y-

axis): the reflectance factors (subscript “R”, first two rows) or the optical traits (subscript “optical”, last two rows).
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In each case, the dbFD package metrics are presented first, and the parametric Rao’s Q afterward. The statistics
correspond to Sentinel-2 MSI @ 10 m spatial resolution (S210, first column), Sentinel-2 MSI @ 30 m spatial
resolution (S230, second column), and DESIS at 30 m spatial resolution (DESIS, third column). Sentinel-2 imagery
was acquired in 2015. Asterisks indicate the significance of the correlation (two-tailed) according to its p-value (p):

ok 5 p < 0.001, ** — 0.001 < p<0.01, and ** — 0.01 < p <0.05.

4. DISCUSSION

4.1 Can we infer functional diversity from space?

Our simulations demonstrate that the SVH is valid for some aspects of functional diversity, but not
all of them. Metrics based on the dispersion (Rao’s Q formulations, FDis) and, to a lesser extent, range
(FRic) can provide robust insight into plant functional diversity from RS data. However, the metrics related
to evenness and divergence failed to connect spectral and plant functional diversities. To our knowledge,
this is the first study that evaluates these links mechanistically and in a generalizable way. Previous studies
also addressed specific questions supporting modeling with local data only, covering a limited range of
traits, combinations of species, and sensors (Fassnacht et al. 2022; Hauser et al. 2021b; Heumann et al.
2015; Laliberté et al. 2020; Wang et al. 2018b). Our simulations also demonstrate that plant functional
diversity can be inferred from optical traits with even higher precision despite the inherent uncertainties of
the retrieval. This fact might be explained by the RTM removing the non-linearity between field plant traits

and canopy reflectance and the contribution of other elements such as soil.

The potential of Rao’s Q and FDis metrics to connect plant functional and spectral diversity might
rely on the fact that they account both for relative abundances and the ranges of the traits in the
multidimensional space. We hypothesize that these metrics would be little affected by equifinal estimates
of optical traits as long as these exchange their variability while keeping the diversity information in the

overall set of traits evaluated. Hauser et al. (2021a) also found good correlations with field FDMs using this
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approach. FRic showed lower performance and robustness than the dispersion metrics, likely since it does
not account for the relative abundance of species. Moreover, since FRic is the trait’s convex hull volume,
it is potentially sensitive to extreme values. FRic presents a strong sensitivity to the degradation of spatial
resolution (Fig. 8a,c,e,g) but shows much stronger correlations (even spuriously increased) when field data
are compared at the spatial resolution of the sensor at local scales (Fig. 8f,h). These results are consistent
with the convex-hull-based metric’s better performance than Rao’s Q reported by Hauser et al. (2021b). In
all cases, dimensionality reduction might contribute to the robustness against noise and other uncertainties.
However, noise might as well compensate for the loss of variability induced by degraded spatial resolution

(Fig. 4b,e,h), spuriously increasing the strength of the relationships between some of the FDMs (Fig. 8).

The large scattering observed in the relationships between the indices of evenness and divergence
computed from remote sensing and field plant variables might be related to the fact that these metrics look
at the dispersion of species within the convex-hull formed by their traits but ignore its volume (Laliberté
and Legendre 2010). Combined with the non-linear nature of the relationships between reflectance and field
plant traits, this fact might allow for situations where intermediate values of field FEve or FDiv lead to
extreme values of the RS-based metrics and vice versa. FEve is the metric the least correlated with FDis
and Rao’s Q (Laliberté and Legendre 2010), and when compared, RS and field values are widely scattered
(Fig 5b and 6b). FDiv is more related by construction to FDis but presents numerous cases where one of
the metrics (from RS or field) takes an extreme value (close to 0 or 1), independently of the other (Fig. 6¢
and 7c). Ignoring the convex-hull volume might make these metrics less robust to uncertainty and
equifinality of the optical traits, leading to spurious correlation increases when metrics are compared at

sensor resolution (Fig. 8b,d,f,h).

4.2 Are plant diversity indices comparable beyond a single image or ecosystem?
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Especially for Rao’s Q, FDis, and FRic, the relationships between RS and vegetation functional
diversity are robust at global (e.g., between ecosystems or images) and local (a smaller region or a single
image) scales. However, even if median R? is larger at the local scale, the large variability of performances
registered (Table S4-S7) recommends caution when interpreting RS estimates locally or within a limited
number of ecosystems. This performance’s variability implies that moderate correlations might be found
for FEve and FDiv in local studies allowing for plausible interpretation of their patterns with the known
ecological features of the study site (e.g., Schneider et al. (2017)). However, our results suggest that these
metrics should not be trusted since R? is prone to be inflated by noise and spatial resolution degradation
(Fig. 8). More research is needed to understand the control of specific plant traits on the relationships
between functional and spectral diversity and the situations where the metrics are most prone to fail or
succeed. For example, Rocchini et al. (2021) suggested that the mixture of crops and urban areas spuriously
inflated spectral variability. In our simulations, 11.89 % of the species featured LA/ < 1.0, which might have
produced similar effects. When possible, misleading information should be removed from the spectral
datasets to ensure that the spectral variability is only driven by plant diversity. For example, Gholizadeh et
al. (2018) and Laliberté et al. (2020) proposed to classify and mask non-vegetated pixels (soil and shades,
respectively) before remote characterization of taxonomic and functional plant diversity. In this regard, the
inversion of RTMs might contribute to separating background effects from vegetation properties since both

are represented.

Interestingly, Rao’s Q, FDis, and FRic are comparable between different ecosystems/images
despite not sharing a common standardization (and dimensionality reduction). Botta-Dukat (2005) indicated
that the same standardization should be applied to the whole dataset when comparing different
communities. However, this approach is unsuitable for operational remote sensing since RS products cannot
be reprocessed every time a new image is added to the dataset. Botta-Dukat (2005) proposed scaling within
plausible trait ranges as an alternative to this standardization. However, his study did not consider a

posterior dimensionality reduction, where standardization could be advantageous (van den Berg et al. 2006).
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Whether or not global RS products of plant functional diversity require a common
standardization/dimensionality reduction model needs to be solved before these can be implemented. We
tried to apply a common standardization and PCA model to all the data simulations to explore the possibility
of using default models to all RS imagery of a mission. These models were not produced from the
simulation used to compute FDMs but from an independent simulation of 10,000 species. The approach
failed to improve the performance of the parametric Rao’s Q metrics, with the R falling below 0.25 at the
global scale (not shown). Our simulations show that applying image-based standardization and PCA still
allows the comparison of FDMs between different regions or images. Therefore, this approach should also
be suitable for analyzing time series and the development of global RS products. Nonetheless, the
correlations are weaker than at the local scale (in average). Therefore, alternative methods improving the

precision and spatio-temporal consistency of future global plant diversity maps should be explored.

4.3 What are the limitations and ways forward?

Our simulations reveal that spatial resolution, defined as the capability to resolve or identify the
spectral properties of individual species, plays the most relevant role in the ability of RS to infer plant
functional diversity. In an RS validation framework, the decrease of spatial resolution produces specie’s
spectra and abundances that do not correspond with those measured in the field and, therefore, a discrepancy
between the FDMs compared. Moreover, as the pixel size increases, it includes new species and trait values
not present in the field plots used as a reference for RS (e.g., results in section 3.2). New species could also
be introduced by the spatial mismatch between RS pixels and field plots. We compared field FDMs with
the RS estimates simulating this mismatch and found that the degradation of spatial resolution strongly
reduced the performance of RS to infer functional diversity (Fig. 8a,c,e,g). We also compared both data at
the RS scale, trying to reproduce what is observed by the sensor from field data. Spatial matching reduced

performance loss, but it was still considerable when none of the species could be identified (Fig. 8b,f,d,h).
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In addition, we proved that model error influences optical traits retrieval (Fig. S1 vs. Fig. S2) and the
subsequent estimation of functional diversity (Fig. 7 vs. Fig. S3). Therefore, a careful selection of the RTM

to best represent the canopy monitored could benefit this approach.

Surprisingly, sensor spectral configuration plays a minor role when FDMs are directly computed
from R. Likely, dimensionality reduction lessens the differences between the information present in datasets
of different spectral features. However, this can also be understood as a need for metrics capable of
optimally extracting functional diversity information from hyperspectral data. Still, notice that
standardization and removal of variables covariance is necessary; simulations avoiding these steps led to
weak correlations between FDMs (not shown). Nonetheless, sensor spectral features were more influential
when FDMs were computed from optical traits; which suggests that hyperspectral missions (e.g.,
Environmental Mapping and Analysis Program (EnMAP), DESIS, PRecursore IperSpettrale della Missione
Applicativa (PRISMA), Copernicus Hyperspectral Imaging Mission (CHIME), Surface Biology and
Geology (SBG)) should be preferred for this approach. Furthermore, simulations show that reducing sensor
spectral range or resolution makes this approach more sensitive to noise and spatial resolution decrease

(Fig. 8c,d,g,h).

Analyzing the impact of different remote sensing features clarified the limits and possibilities of
different mission concepts to infer plant functional diversity from space. When the spatial resolution is
prioritized, FDMs based on R directly are most likely to succeed. When the spectral resolution is higher
(e.g., hyperspectral imagers), the approaches based on optical traits would be advantageous under two
conditions: low noise and accepting that trait variability is assessed between small communities of
vegetation (pixels), not individual species. In all the cases, both approaches might be used together to
evaluate the robustness/reliability of the estimates. Ideally, a biodiversity monitoring system would benefit
from combining mid-spatial-resolution hyperspectral imagers (e.g., EnAMAP, DESIS, PRISMA, CHIME,

SBG, etc.) with high-spatial-resolution multispectral sensors (e.g., Sentinel-2); potentially also sharpening
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or down-scaling the hyperspectral data. This combination could provide redundant (and thus more robust)

estimates of plant functional diversity, exploiting each mission concept’s best features.

Our results are robust to simulation design. For example, simulations not constraining the
plausibility of the relationships between leaf traits led to similar results and the same conclusions (not
shown). Additional challenges not addressed in this work could increase the uncertainty of the relationships
explored. Still, they could be analyzed in the future using a modeling framework like the one described
here. For example, our simulations ignored intra-specific functional variability. It could complicate species
classification from remote sensing and lead to divergences between taxonomic and functional diversities.
However, from a remote sensing perspective, two pixels can be considered different species, being the
degree of functional diversity determined by their dissimilarity and not their taxonomic classification. We
hypothesize that intra-specific variability might be the least problematic when RS and field data are
compared at the same spatial resolution. An additional challenge would be assessing nearby species
functionally different with similar spectral properties. Also, using a unidimensional RTM might not be
representative of canopies with a strong geometrical scattering component. The effects of canopy geometry
could be further analyzed with three-dimensional RTMs. We did not consider either the vertical overlap of
species, which reduces the contribution of the shortest plants to the RS signal. However, these plants might
be sampled in field surveys, leading to mismatches between ground and remote estimates of plant functional
diversity. In this regard, active RS using radar or lidar could offer additional information on the vertical
distribution of vegetation and the variability of plants in the understory and characterize vegetation
(structural) properties (Asner et al. 2017; Bae et al. 2019; Ma et al. 2020; Simonson et al. 2014; Valbuena
et al. 2020). However, active RS would also be the subject of the issues related to spatial resolution and
noise. Spaceborne radar missions such as Sentinel-1 (Torres et al. 2012) can today provide global coverage
with pixel sizes close to the size of tree crowns. However, the complexity of the SAR backscatter, the
enlarged footprint from oblique observation, and signal noise might limit the discrimination of individual

trees (Bae et al. 2019). Still, radar information could be valuable, providing information regarding the
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understory and soil water content, which could relate to the distribution of species governing the top of the
canopy (Fauvel et al. 2020). Spaceborne lidar does not yet offer comparable coverage and resolutions. Still,
with a footprint of 25 m, Global Ecosystem Dynamics Investigation (GEDI) mission (Coyle et al. 2015)
could provide valuable information on the vertical distribution of vegetation that could be enhanced when
combined with optical or radar data (Valbuena et al. 2020). Beyond global coverage products, our
simulations suggest that the airborne and drone-borne platforms would offer the best possibilities to infer
functional diversity remotely. Especially the airborne systems allow the combination of active and passive
sensors featuring high spatial resolutions (Adhikari et al. 2020; Almeida et al. 2021; Asner et al. 2017;
Schneider et al. 2017; Zhao et al. 2018), and including visible and near-infrared (Gholizadeh et al. 2019;
Melville et al. 2019) and short-wave infrared hyperspectral configurations (Asner et al. 2015; Jetz et al.
2016). Furthermore, they can carry sensors to map other signals intimately linked to plant function, such as
chlorophyll sun-induced fluorescence (Tagliabue et al. 2020). Nowadays, these sensors are the most suitable
for detailed surveillance of valuable and endangered areas or the generation of high-quality datasets that

enable the development or evaluation of methods to be later applied to satellite imagery.

4.4 Applied optical remote sensing of plant functional diversity: a case study on the forests of the
FunDivEUROPE Network

The comparison between field estimates of functional diversity in forests and RS imagery from
Sentinel-2 and DESIS sensors was consistent with the conclusions drawn from the simulations. The best-
performing metrics in the simulations Rao’s O and FDis provided significant correlations in the study case
most of the time. However, Sentinel-2 and DESIS performances were very different. Only S2i¢ provided
several significant correlations with field FDMs (weak, R* < 0.30, but coherent with simulations, e.g., Fig.
8). This analysis does not seek to assess the missions’ potential to estimate plant functional diversity since

none of them can, for example, identify the species of the field plots and are therefore suboptimal for such
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evaluation. The value of this exercise is the coherence found between our simulation framework and
observations. A potential reason for DESIS lower performance might be the larger mismatch between the
acquisition of DESIS and field data (7 years). We minimized the effect of this temporal gap by limiting the
analysis of DESIS to plots stable between 2015 and 2020. Sentinel-2 imagery acquired in 2015 and 2020
provided similar results. Still, the strength of the correlations decreased in 2020, and these were not
significant for the metrics computed from the optical traits (Fig. S9 vs. S6) despite some being closer to
field data in 2020 (Fig. S4 vs. S5). Thus, the temporal gap might account for part of the differences between
DESIS and Sentinel-2. However, the lack of significant correlations of Sentinel-2 resampled at 30 m
suggests that the coarser spatial resolution of DESIS (equal to field plot size) and not the temporal mismatch
was the main limitation for comparing field and RS estimates of plant diversity. Still, unlike in the
simulations, we could not disentangle the contribution of the different sources of uncertainty and

mismatches when comparing this imagery.

Our results agree with the fact that 10 m spatial resolution is enough to characterize the internal
variability of the plots. However, it was insufficient to discriminate the individual species and thus
suboptimal for estimating functional diversity. The correlations between FDMs were stronger for
reflectance (Fig. 9a,d) than for optical trait-based metrics (Fig. 9g,j), which agrees with the stronger
sensitivity of this method to noise and spectral configuration found in the simulations (Fig. 8c,d). The spatial
mismatch between plots and RS pixels might have added additional uncertainty. However, the 10 m buffer
of similar forest type, structure, and composition kept around the plots to minimize border effects should
minimize this uncertainty for S2. Looking at the taxonomical metrics, S2o found significant correlations
with species richness S and more strongly with the Shannon index H. DESIS found a weak but significant
relationship between FDis and S; whereas S23 still found weak significant correlations for RaoQq=o, which
simulations suggest might be spurious. Within the field metrics, H positively correlated with S (R? = 0.47),
and RaoQ,-1 with H (R* = 0.96) and S (R? = 0.64). The correlation between functional and taxonomic

diversity seems to be also captured by S2io but not by S230. In the case of DESIS, FDis correlation with
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field S might result from the richer spectral resolution capturing distinctive features of individual species,
even if these could be individually recognized. Nonetheless, as shown in the simulations, these results are
in part dependent on the spatial mismatch between field and RS data; in the case of DESIS and S23, stronger
correlations could be found if evaluated at their spatial resolution. The development of RS of biodiversity
products will benefit from establishing dedicated field plots, such as those proposed by Hauser et al.

(2021a), where vegetation is characterized in gridded plots that can be matched with pixels of RS imagers.

An additional challenge for RS of plant functional diversity is the conceptual gap between ecology
and RS regarding traits (Ustin and Gamon 2010). While the ecologists are interested in traits with
ecological, functional, and adaptative meaning, RS science is more interested or limited to properties that
significantly control light-vegetation interaction. This conceptual difference is not trivial. Hauser et al.
(2021a; 2021b) showed that accounting for the variability of structural traits such as LA/, which are not
considered functional traits, is necessary to explain spectral diversity. In our case, from the
FunDivEUROPE traits used to compute FDMs, only SLA (inversely related to leaf dry matter content, Cam),
canopy height, and leaf area (related to leaf width) could be considered inputs of the most common
vegetation RTMs. This fact does not entirely prevent connecting RS signals with vegetation functional
diversity since some traits are shared or correlated (Kattenborn and Schmidtlein 2019). For example, Cam
can relate inversely with SLA, Cy with nitrogen and maximum carboxylation rate (Evans and Clarke 2019),
or LAI and canopy height with DBH in some cases (Fischer et al. 2019; Turner et al. 2000). However,
although global relationships between plant traits have been reported (Reich 2014; Wright et al. 2004), these
relationships can vary between species (Evans and Clarke 2019; Zhao et al. 2021). This variability in the
indirect connections between traits governing spectral diversity and the traits used by ecologists to quantify
functional diversity on the ground might obscure or prevent evaluating RS estimates of plant functional
diversity using ecological field data. This challenge was present when assessing RS estimates of functional
diversity in FunDivEUROPE since the field sampling was not designed for RS validation. We are aware

that part of the uncertainty found in the relationships evaluated might arise from this discrepancy, even
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though we expect most field traits to correlate with RTM inputs. The remote sensing and ecology
communities should work together to design diversity experiments stretching gradients of traits that can be
remotely sensed, enabling the study of their relationship with function and development of remote sensing

maps of plant functional diversity.

5. CONCLUSIONS

In this work, we have systematically evaluated the links between spectral and functional diversity
and characterized the capability of remote sensing to provide accurate estimates of plant functional
diversity. Our modeling framework circumvented a lack of comprehensive data, allowing us to 1) identify
three functional diversity metrics (dispersion, richness, and Rao’s Q) able to infer functional diversity
robustly from spectral diversity, 2) validate the use of both reflectance factors and optical traits estimated
via radiative transfer model inversion for these metrics, 3) determine that these metrics can deliver
summaries in different ecosystems and times and are therefore suitable for the generation of global remote
sensing products from the analysis of individual images, and 4) understand the effect of different remote
sensing features on the methods and metrics analyzed, learning that high spatial resolution imagers can rely
on reflectance factors despite the limited spectral information they provide, whereas hyperspectral imagers
with lower spatial resolution should infer plant diversity from optical traits. The case study results using

DESIS and Sentinel-2 imagery over FunDivEUROPE forest plots are coherent with the simulations.

Our approach clarifies some key issues, but further efforts are needed to generate field datasets
suitable for validating remote sensing estimates of plant functional diversity. Also, the gap between the
variables measured by biodiversity ecologists and those that can be remotely estimated (and therefore,
controlling the spectroradiometric signals) should be reduced to promote the development, evaluation, and
exploitation of such remote sensing products. The combination of new satellite missions overlapping
complementary resolutions and spectral information (e.g., hyperspectral, radar, lidar, high spatial resolution
imagery, etc.) could overcome some of the challenges found or not yet explored in this work.
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APPENDIX A. VEGETATION TRAITS SIMULATION

We avoided unplausible combinations of field plant traits (i.e., Trrm) and other inputs of the SCOPE

emulator during the definition of synthetic species combining three different approaches. First, we limited
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the random sampling of these traits within realistic ranges (Table S1) commonly reported in the literature
(Bayat et al. 2018; Celesti et al. 2018; Feret et al. 2008; Houborg and Anderson 2009). Second, we avoided
unrealistic combinations of the leaf traits constraining N, Cab, Cca, Cam, and C,, covariance with a Gaussian
Mixture Model (GMM). The GMM model was fit to the LOPEX (Hosgood et al. 1994) and ANGERS (Feret
et al. 2008) datasets using the expectation-maximization (EM) algorithm (Dempster et al. 1977)
implemented in the Python package scikit-learn (Pedregosa et al. 2011). We selected these databases since
they were produced to calibrate the coefficients of leaf RTMs and therefore present most of the traits needed,
including N. Notice that values of N are exclusively available in spectral libraries since this is a non-
measurable model parameter that can only be inferred via inversion of the leaf radiative transfer model.
Since N relates to the cellular arrangement inside the leaf, it can correlate with dry matter content, and it
has been shown to correlate with the specific leaf area (Jacquemoud and Baret 1990; Pacheco-Labrador et
al. 2021; Peters and Noble 2020). Third, we prevented the unrealistic co-existence of high chlorophyll (Cap)
with anthocyanins (Can)) (Hughes et al. 2007) or senescent pigments (Cs) contents (Mattila et al. 2018) by
scaling the randomly sampled C. and C; values by a factor (fc,max) exponentially decreasing as a function

of Cyp as described in Eq. A.1:

100— C,
fC,max = eZ'(Tb_l) (Ahl)

fomax ranges between 0 and 1, and z controls its decrease with Cyp. High Cs was strongly limited to
leaves featuring low Cab (z = 40) since senescent pigments result from the degradation of chlorophylls and
other leaf constituents (Mattila et al. 2018; Pourcel et al. 2007). Anthocyanins were less strongly limited (z
= 7) since their functional role makes possible a positive correlation with Ca, in some cases (Gould 2004;

Hughes et al. 2007; Manetas 2006).
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APPENDIX B. SIMULATION OF SPECIES COMMUNITIES

We produced 81 synthetic communities from each regional pool by sampling the species with
varying relative abundances (4). Each pool contained a randomized number of species (nt € [5, 30]), of
which ns were similar and ngs were dissimilar (nr = ns + ngs). We labeled the species with an integer (7sp)
ranging from 1 to nr; first the similar species (ng, € [1, n5]) and then the dissimilar ones (#nsp € [1s + 1, n7])
(Fig. B.1a). Then we produced relative species abundances for each community with a Gaussian distribution
function whose mean (usp) and standard deviation (o) were relative to species index space ns, (Fig. B.1c).
For each pool, we produced 81 communities from us, and oy, gradients crossed in a 9 x 9 grid (Fig. B.1b).
osp ranged between 0.4 and 5.0 species, whereas s, ranged between 0.2 and n,,, where n, = ns + fis - nqs and
fas was a random value within the range [0.2, 1.0]. f¢s reduced the dominance of some of the dissimilar
species in the regional communities, increasing their exoticism. Finally, the abundances of each community
were normalized to add up to one. These synthetic communities presented different degrees of richness,

evenness, and divergence (Villéger et al. 2008) and dominant species.

’ - — (a) (b) Community (Osp, i, Usp,j) (C)
Synthetic Species Matrix (Gsp, Lisp) Usp,j
(Similar) nr
RTMnsp » Hnsp - =1 "
L Vngpe[1, ngl y — | Ospi

T p
A

é Synthetic Species )

(Dissimilar)
TrRTMng, » Rn 0.4 1 ; . T T '
Msp sp 1 ng N n
0.2 nNe Nu=nr s 'H T
\ Vnspf[ns +1,n7] y Hsp Species index space (-)

Figure B.1. Generation of several (81) synthetic communities from the same species pool. (a) Pool of n, similar and
ngs dissimilar species adding up to nt; each species is labeled with an integer ns, and characterized by a specific set
of field plant traits (7rrm) and the corresponding reflectance factor (R). (b) Communities matrix presenting the 81

combinations of the median (usp) and the standard deviation (o) of the Gaussian distribution used to define the

relative species abundance (4) of each community. i and j are row and column indices of the matrix; only a fraction
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of the dissimilar species is allowed to dominate communities so that u, ranges up to n, < nr. (c) Relative species

abundance distribution of one of the communities.

APPENDIX C. DEGRADATION OF SPATIAL RESOLUTION

We simulated remote sensor spatial resolution degradation by mixing a fraction of the species
within the community with each other (50 % or 100 % of the species). These mixtures represented the
species observed by the remote sensor with a sub-optimal resolution, therefore, as a mixture. To do so, we
generated a squared matrix (M) mapping the contribution of the original species (j columns) and to the
species to be spatially degraded (i rows). The coefficients of the linear combination (c;;) were
(Xjcij = 1,Vi). For the species that were not mixed, c;; = 0 Vi # j;c;; = 1 Vi = j. Fig. C.1 shows an

example of this matrix for a community of 4 species where only species 1 and 2 are mixed.

Sp, Sp,
Hi-res | \l
M 1 2
1 0.75 0.25
2 0.50 0.50
3 0.00 0.00
4 0.00 0.00

Figure C.1. Example of species mixture during spatial resolution degradation. Four species at high spatial resolution
are observed from a sensor only able to distinguish two (solid lines); the rest are observed as a mixture (dashed
lines). The table shows the coefficients of the mixture matrix M where columns represent the contribution of the
original species to the degraded ones (rows). The procedure described is used to degrade the spatial resolution of

reflectance factors, vegetation parameters, and relative abundances of the species of a regional pool.
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Then, the reflectance factors, vegetation parameters, and abundances were mixed linearly,

combining the respective variables with the row coefficients of the matrix M:

1
Xlow—Sres,i = Z(Ci,thi—SreSJ) (C )
Jj

where X represents any of the abovementioned variables, the subscripts “hi-Sres” and “low-Sres” stand for
high and low spatial resolution. The example of Fig. C.1 (first row) shows that what the remote sensor
would identify species 1 (Sp1,¢g) Would be, in fact, a mixture 75% and 25% of the species 1 (Spi.oi) and 2
(Sp2.0ri), respectively. Relative abundances still had to be normalized after the combination to provide an
accumulated probability of 1 in each community. The mixture enabled the apparition of new species within
a community, which might happen when larger pixels sample a larger area outside the field plot used as a

reference (e.g., for field measurements or from a remote sensor with higher spatial resolution).
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SUPPLEMENTARY MATERIAL

SUPPLEMENTARY METHODS
SMI1. Training and evaluation of SCOPE emulators

We trained two shallow neural networks (one layer) to enable fast computation of large datasets
of reflectance factors with SCOPE. To do so, we built look-up tables (LUT) of 6,000 samples for training
and 1,000 samples for validation of the models. These LUTs included plant traits (7rrm) and other
parameters of the model (illumination and soil) and the corresponding reflectance factors simulated with
SCOPE (Table S1). Both neural networks predicted reflectance factors from these inputs. The neural
networks featuring one hidden layer were fitted to the training dataset using the Python package scikit-
learn (Pedregosa et al. 2011). Following Rivera et al. (2015), we added random noise of standard
deviation equivalent to 0.5 % of the dataset’s range of variability in each band and zero mean and then
applied dimensionality reduction with principal component analysis (PCA). We trained two models from
two different sets of LUTs: the first for simulation (section 2.3.3 of the manuscript) and the second to
retrieve optical traits via radiative transfer model inversion (section 2.3.6 of the manuscript).Using two
models that provided slightly different reflectance factor predictions for the same set of inputs allowed us
to force a model error in the retrieval. Table S2 presents the emulators’ training and comparison statistics.

SM2. Details of the inversion of the SCOPE emulator on simulated spectra

We estimated the optical traits in two steps. In the first step, we calculated an initial solution (&)
from a look-up table of 10,000 samples generated with the emulator; assuming constant diffuse-to-global
radiation ratio and sun zenith angle (dpg = 0.20, 6w = 30°, respectively), and nadiral observation. & was
the averaged value of the 10 samples (&) with the lowest sum of squares (y*) between the predicted (Rpreq)
and the “observed” (simulated) reflectance factors (Robs) (Eq. SM2.1), weighted by y* (Eq. SM2.2). In the
case of DESIS and Sentinel-2 simulations, we convolved Rp.q with the corresponding spectral response
functions.

2 SM2.1
XZ = § (R/l,pred - R/l,obs) ( )
A

where 4 stands for each spectral band

10 lsorted (SM2.2)
Zi=1 2
Ai

0 2
i=1Xi

& =

In the second step, we averaged soil parameters for all the species (pixels) of each community and
canopy height (k) and leaf width (/), two traits with low influence on canopy reflectance and thus the
most prone to equifinality. Then, we retrieved only the optical traits with the strongest effect on R (&, Cap,
Cea, Cant, Cs, Cam, Cw, LIDF,, LIDF};, and LAI) by minimizing Eq. SM2.1 with the L-BFGS-B algorithm
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(Zhu et al. 1997). In this step, we bound the optimization using the limits applied to the look-up tables to
train the emulators (Table S1).

SM3. Evaluation of the temporal stability and filtering of FunDivEUROPE plots

The closest-to-DESIS (summer 2020) and cloud-free Sentinel-2 imagery was downloaded and
processed as described in Ma et al. (2019) and section 2.4.2 of the manuscript. However, visual inspection
made clear that the geometric correction presented some biases leading to the inclusion of nearby roads in
the FunDivEUROPE plots. Sentinel-2 2020 imagery was further corrected by optimizing affine
transformation parameters that maximized Pearson correlation between the average of all the spectral
bands of the images of 2015 and 2020. Pixels classified as clouds or shadows in the L2A scene
classification layer were excluded from the optimization. Notice that the full images, not the
FunDivEUROPE plots, were used for the correction. Pearson correlation coefficient increased from
0.8485 to 0.8858 in Spain and 0.7622 to 0.8095 in Romania. The correction produced average shifts of
1.23 and 1.42 pixels in Spain and Romania, respectively. Pixels were resampled using the nearest
neighbor approach.

Once corrected, we compared the normalized difference vegetation index (NDVI) of 2015 and
2020 imagery in the FunDivEUROPE plots. A linear model was fit using weighted least squares, resulting
NDV = 0.821 - NDVIi5 + 0.164. We considered that any plot whose NDVI-distance to the model was
larger than 0.1 had significantly changed and was not comparable between 2015 and 2020. This way, we
excluded ten sites in Romania and two in Spain for the analyses with DESIS and Sentinel-2 in 2020.

SM4. Estimation of optical traits in FunDivEUROPE plots

We retrieved optical traits in the FunDivEUROPE plots from DESIS and Sentinel-2 imagery.
First, we estimated Jdpg (the fraction of diffuse radiation) per wavelength from the atmospheric optical
thickness (4O0T) and solar zenith angle using the model implemented in FLIGHT (North 1996) as
described in Melendo-Vega et al. (2018). Then dpg was averaged within the optical domain and used as
input of the emulator.

Then we produced an initial estimate of the unknown soil parameters and vegetation optical traits
(Table S1) with a look-up table (LUT) inversion approach. We generated a LUT of 10,000 samples for
each scene with the SCOPE RTM emulator. Averaged sun-view geometry and dpg were used for all the
pixels, assuming little variability within the reduced area. Also, we forced a nadiral view zenith angle.
The initial solution was the weighted average (Eq. SM2.2) of the 50 LUT samples providing the lowest
(Eq. SM2.2).

Since the emulator was trained for nadiral observations only, the SCOPE model (not the
emulator) was inverted in a second step, accounting for the actual observation angles of each plot. As in
the supplementary SM2, we retrieved only the optical traits with the strongest effect on R (N, Cab, Cca,
Cant, Cs, Cam, Cw, LIDF,, LIDF}, and LAI). In this case, we set these optical traits at 25 % or 75 % of their
bounded range whenever the initial solution was at the lower or the upper bound, respectively. The rest of
the optical traits and soil parameters were averaged per plot. In the second step, we minimized a
regularized cost function (Eq. SM4.1) using the trust-region-reflective algorithm (Coleman and Li 1996)
implemented in the Matlab™ function /sqnonlin (MathWorks, Natick, MA, USA). The function penalized
the carotenoids to chlorophyll ratio deviating from 0.20, a value close to the median calculated in the
LOPEX and ANGERS databases, as well as the magnitude of anthocyanins content since high values
were not expected. To improve the performance of the inversion, we also regularized LAl (LAI*®) with

2
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prior information (Combal et al. 2003). For the plots in Spain, we added a penalty on the magnitude of
LAI since it tended to take very high values (LAI"® = LAI); in Romania, we regularized deviations from
6.0, a value close to field LAI (LAl = LAI - 6.0).

2 C 2 (SM4.1)
ca
X = Z(Rl'pred - RAVObS) + <V1 <C_b - 020)) + (¥2Cant)® + (y3LAIT®E)?
A a

where y1, 2, and ys are the regularization factors. y1 = 10!, y, = 10 and y; equal 5:10° or 4-107 in
Spain or Romania, respectively.



SUPPLEMENTARY TABLES AND FIGURES
Table S1

Table S1. SCOPE inputs, symbols, and bounds used in simulation and the inversion. In addition to plant traits
described in the manuscript, SCOPE requires additional inputs. For example, the BSM module of SCOPE simulates
soil reflectance factors as a function of soil brightness (B, unitless), spectral shape “latitude” and “longitude” color
coordinates (Lat and Lon, degrees), soil moisture capacity (SMC, %) and content (SM,, %). [llumination conditions
were described by sun zenith angle (G, degrees) and the diffuse-to-global radiation ratio (Jdpg, -). Simulations
assumed nadiral observation (view zenith angle, Gyiew = 0%).

Parameter Symbol Units Bounds
Vegetation Parameters (Prrm)

Leaf chlorophyll content Ca ug cm [0, 100]

Leaf carotenoids content Cea ug cm [0, 25]

Leaf anthocyanins content Cant ug cm [0, 10]

Leaf senescent pigments content Cs a.u. [0, 1]

Leaf water content Cw g cm? [0.004, 0.045]
Leaf dry matter content Cim g cm? [0.00190, 0.01570]
Leaf structural parameter N layers [1, 3]

Leaf area index LAI m? m? [0, 8]

Leaf inclination distribution function LIDF, - [-1, 1];
Bimodality of the leaf inclination LIDF, - |LIDF, + LIDFy| < 1
Canopy height he m [0.1, 10.0]
Leaf width lqw m [0.01, 0.1]
Soil Parameters (BMS model)

Soil brightness B - [0.5, 1.0]
Spectral shape “latitude” Lat deg [20, 40]
Spectral shape “longitude” Lon deg (45, 65]

Soil moisture capacity SMC % [5, 55]

Soil moisture content SMp - [0, 1]

Sun view and atmosphere

Sun zenith angle Boun deg [0, 80]
Diffuse-to-global radiation ratio foYe - [0, 1]
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Table S2. Statistics summarizing SCOPE emulator’s training, validation, and the difference between their
predictions. Training statistics are computed from datasets of 6,000 spectra; validation statistics and the comparison
between the emulators are computed from 1,000 spectra. The table presents the mean values of the Root Mean
Squared Error (RMSE, in reflectance factor units), the relative RMSE (RRMSE, %), and the normalized RMSE
(NRMSE) of all the bands (400-2400 nm with 1 nm step).

Evaluation RMSE (-) RRMSE (%) NRMSE (%)

Emulator 1 (simulation)

Training 0.0050 5.92 0.95

Validation 0.0056 6.59 1.29

Emulator 2 (model inversion)

Training 0.0051 5.85 0.94

Validation 0.0058 6.41 1.26

Emulator 1 vs. Emulator 2

Comparison 0.0143 9.26 3.55
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Figure S1. Evaluation of optical traits retrieval. Simulated field traits (subscript “RTM”) vs. optical traits estimated
via inversion of the emulated radiative transfer model (subscript “optical”). Two different emulators simulated the
reflectance factors and estimated the optical traits to induce model error. Regression lines summarize the comparison
at the global scale; the shaded areas around the regression lines represent the 95 % confidence interval of the line.
Each subplot includes the statistics of the relationship at the global scale (on top, subscript “G”) and the median and
95 % confidence interval of the statistics at the local scale (below, subscript “L”).
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Figure S2. Evaluation of optical traits retrieval. Simulated field traits (subscript “RTM”) vs. optical traits estimated
via inversion of the emulated radiative transfer model (subscript “optical”). In this case, the same emulator was used
to simulate the reflectance factors and estimate the optical traits, preventing model error. Regression lines
summarize the comparison at the global scale; the shaded areas around the regression lines represent the 95 %
confidence interval of the line. Each subplot includes the statistics of the relationship at the global scale (on top,
subscript “G”) and the median and 95 % confidence interval of the statistics at the local scale (below, subscript “L”).
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Figure S3. Relationship between the functional diversity metrics computed from optical traits estimated via
radiative transfer model inversion (subscript “Topiical”) and the simulated field plant traits (subscript “7Trrm”) using
the dbF'D package (a-e), or the parametric Rao’s Q formulation with different values of the parameter a (f-i). In this
case, the same emulator was used to simulate the reflectance factors and estimate the optical traits, preventing model
error. Regression lines summarize the comparison at the global scale; the shaded areas around the regression lines
represent the 95 % confidence interval of the line. Each subplot includes the statistics of the relationship at the
global scale (on top, subscript “G”’) and the median and 95 % confidence interval of the statistics at the local scale
(below, subscript “L”).
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Table S3. Median of the coefficient of determination (R?) of the relationships between field plant traits and optical
traits estimated via radiative transfer model inversion compared both at the local scale for the different (27)
simulation runs. Two different emulators were used to simulate the reflectance factors and estimate the optical traits,
accounting for model error.

Spatial resolution Sres.0 Stes,s0 Sres.100
Sensor Hyper. | DESIS S2 Hyper. | DESIS S2 Hyper. | DESIS S2
Trait | Noise (%)
0 0.08 0.08 0.07 0.09 0.09 0.09 0.10 0.10 0.10
N 5 0.07 0.05 0.05 0.08 0.06 0.06 0.09 0.06 0.05
10 0.06 0.05 0.04 0.08 0.05 0.05 0.08 0.05 0.05
0.26 0.26 0.21 0.34 0.33 0.33 0.38 0.33 0.37
Cab 5 0.22 0.12 0.10 0.31 0.18 0.17 0.36 0.21 0.20
10 0.16 0.09 0.07 0.27 0.12 0.12 0.33 0.15 0.15
0 0.05 0.07 0.07 0.06 0.08 0.09 0.05 0.08 0.09
Cea 5 0.06 0.05 0.04 0.05 0.06 0.06 0.05 0.06 0.06
10 0.05 0.04 0.04 0.05 0.05 0.05 0.04 0.05 0.05
0.09 0.05 0.06 0.06 0.06 0.06 0.06 0.06 0.06
Cant 5 0.08 0.05 0.04 0.06 0.05 0.04 0.06 0.05 0.04
10 0.06 0.04 0.03 0.06 0.04 0.04 0.06 0.04 0.04
0.06 0.05 0.05 0.04 0.04 0.04 0.04 0.03 0.04
Cs 5 0.06 0.04 0.04 0.05 0.04 0.04 0.04 0.04 0.04
10 0.05 0.04 0.04 0.05 0.04 0.04 0.04 0.04 0.04
0.31 0.10 0.20 0.49 0.13 0.38 0.51 0.17 0.46
Cw 5 0.26 0.04 0.10 0.46 0.05 0.22 0.48 0.07 0.28
10 0.19 0.04 0.07 0.39 0.04 0.12 0.45 0.05 0.15
0.27 0.06 0.08 0.33 0.06 0.13 0.36 0.06 0.17
Cim 5 0.24 0.04 0.04 0.32 0.04 0.06 0.36 0.04 0.07
10 0.19 0.04 0.03 0.30 0.04 0.04 0.35 0.04 0.05
0.28 0.14 0.16 0.43 0.34 0.41 0.49 0.41 0.50
LIDF. |5 0.23 0.09 0.06 0.40 0.21 0.18 0.48 0.31 0.26
10 0.19 0.07 0.05 0.36 0.17 0.11 0.44 0.24 0.15
0.09 0.06 0.07 0.08 0.07 0.06 0.08 0.07 0.07
LIDF, |5 0.07 0.05 0.04 0.07 0.05 0.04 0.07 0.05 0.04
10 0.05 0.04 0.04 0.06 0.04 0.04 0.06 0.05 0.04
0.40 0.12 0.18 0.67 0.27 0.37 0.79 0.37 0.51
LAI 5 0.35 0.06 0.07 0.62 0.13 0.16 0.75 0.19 0.21
10 0.27 0.05 0.05 0.57 0.09 0.11 0.69 0.13 0.14
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Table S4. Coefficient of determination (R?) of the relationships between functional diversity metrics computed from spectral reflectance and field plant traits,
compared respectively at remote sensing and field spatial resolutions. Data are also presented in Fig. 8a,e. Each cell presents the R? of the relationship at the
global scale, followed by the median and the 95 % confidence interval of R? at the local scale.
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[0.00, 0.57]

0.00; 0.05
[0.00, 0.56]

0.03; 0.06
[0.00, 0.59]

0.01; 0.05
[0.00, 0.54]

0.01; 0.05
[0.00, 0.51]

0.03; 0.06
[0.00, 0.62]

0.01; 0.05
[0.00, 0.56]

0.00; 0.05
[0.00, 0.54]

5%

0.03; 0.06
[0.00, 0.66]

0.01; 0.05
[0.00, 0.56]

0.00; 0.05
[0.00, 0.56]

0.03; 0.06
[0.00, 0.60]

0.01; 0.05
[0.00, 0.60]

0.00; 0.05
[0.00, 0.55]

0.03; 0.06
[0.00, 0.59]

0.01; 0.05
[0.00, 0.55]

0.00; 0.05
[0.00, 0.52]

10%

0.03; 0.07
[0.00, 0.58]

0.01; 0.05
[0.00, 0.55]

0.00; 0.05
[0.00, 0.53]

0.02; 0.06
[0.00, 0.57]

0.01; 0.05
[0.00, 0.55]

0.00; 0.05
[0.00, 0.50]

0.02; 0.05
[0.00, 0.55]

0.01; 0.05
[0.00, 0.53]

0.00; 0.05
[0.00, 0.54]

FDis

0%

0.70; 0.85
[0.31, 0.98]

0.50; 0.71
[0.04, 0.95]

0.13; 0.29
[0.00, 0.83]

0.70; 0.86
[0.29, 0.98]

0.52; 0.73
[0.06, 0.95]

0.15; 0.31
[0.00, 0.85]

0.73; 0.88
[0.32, 0.98]

0.54; 0.74
[0.07, 0.96]

0.15; 0.32
[0.00, 0.85]

5%

0.68; 0.85
[0.29, 0.98]

0.49; 0.70
[0.06, 0.95]

0.11; 0.32
[0.00, 0.85]

0.69; 0.87
[0.27, 0.98]

0.50; 0.71
[0.08, 0.95]

0.12; 0.38
[0.00, 0.88]

0.71; 0.87
[0.29, 0.98]

0.52; 0.73
[0.07, 0.95]

0.12; 0.34
[0.00, 0.85]

10%

0.67; 0.85
[0.27, 0.98]

0.47; 0.68
[0.08, 0.94]

0.11; 0.38
[0.00, 0.86]

0.68; 0.86
[0.24, 0.98]

0.48; 0.68
[0.09, 0.94]

0.12; 0.41
[0.00, 0.88]

0.67; 0.84
[0.23, 0.98]

0.48; 0.68
[0.07, 0.94]

0.11;0.35
[0.00, 0.85]

RaoQ

0%

0.63; 0.84
[0.15, 0.98]

0.47;0.73
[0.01, 0.97]

0.14; 0.31
[0.00, 0.89]

0.66; 0.86
[0.15, 0.98]

0.51;0.75
[0.02, 0.97]

0.16;0.35
[0.00, 0.89]

0.67; 0.86
[0.19, 0.98]

0.52;0.77
[0.02, 0.97]

0.16; 0.35
[0.00, 0.89]

5%

0.61;0.83
[0.13, 0.98]

0.45; 0.71
[0.02, 0.97]

0.12; 0.32
[0.00, 0.88]

0.63; 0.86
[0.13, 0.98]

0.48; 0.75
[0.02, 0.97]

0.13; 0.36
[0.00, 0.90]

0.64; 0.85
[0.13, 0.98]

0.48; 0.75
[0.02, 0.97]

0.13; 0.34
[0.00, 0.88]
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10%

0.58; 0.82
[0.13, 0.98]

0.42; 0.70
[0.02, 0.96]

0.11; 0.34
[0.00, 0.88]

0.60; 0.84
[0.10, 0.98]

0.44; 0.72
[0.03, 0.96]

0.11;0.38
[0.00, 0.90]

0.60; 0.82
[0.10, 0.98]

0.44; 0.71
[0.03, 0.96]

0.11; 0.33
[0.00, 0.88]

Ra0Q.=o

0%

0.31; 0.67
[0.03, 0.98]

0.00; 0.04
[0.00, 0.83]

0.00; 0.09
[0.00, 0.67]

0.21; 0.89
[0.26, 1.00]

0.00; 0.05
[0.00, 0.85]

0.00; 0.06
[0.00, 0.63]

0.21;0.92
[0.14, 1.00]

0.00; 0.08
[0.00, 0.86]

0.00; 0.07
[0.00, 0.63]

5%

0.34; 0.65
[0.06, 0.98]

0.00; 0.03
[0.00, 0.83]

0.00; 0.07
[0.00, 0.68]

0.22; 0.88
[0.27, 1.00]

0.00; 0.04
[0.00, 0.87]

0.00; 0.06
[0.00, 0.59]

0.25; 0.93
[0.31, 1.00]

0.00; 0.06
[0.00, 0.87]

0.00; 0.05
[0.00, 0.63]

10%

0.41; 0.64
[0.11, 0.97]

0.00; 0.03
[0.00, 0.83]

0.00; 0.07
[0.00, 0.69]

0.37;0.86
[0.32, 1.00]

0.00; 0.03
[0.00, 0.86]

0.00; 0.05
[0.00, 0.59]

0.38;0.93
[0.39, 1.00]

0.00; 0.04
[0.00, 0.88]

0.00; 0.05
[0.00, 0.63]

RaoQg=1

0%

0.75; 0.89
[0.42, 0.99]

0.57; 0.78
[0.13, 0.96]

0.20; 0.40
[0.00, 0.88]

0.75; 0.90
[0.42, 0.98]

0.58; 0.79
[0.15, 0.96]

0.21;0.43
[0.00, 0.89]

0.77; 0.91
[0.47, 0.99]

0.60; 0.80
[0.17, 0.97]

0.21; 0.43
[0.00, 0.90]

5%

0.74; 0.90
[0.42, 0.99]

0.56; 0.78
[0.16, 0.97]

0.17; 0.45
[0.00, 0.89]

0.75; 0.91
[0.39, 0.99]

0.57; 0.78
[0.19, 0.96]

0.19; 0.50
[0.01, 0.91]

0.76; 0.91
[0.43, 0.99]

0.58; 0.79
[0.16, 0.97]

0.18; 0.47
[0.00, 0.90]

10%

0.73; 0.89
[0.37,0.99]

0.55;0.74
[0.18, 0.96]

0.18; 0.51
[0.01, 0.89]

0.75;0.90
[0.36, 0.99]

0.56; 0.75
[0.19, 0.96]

0.20; 0.53
[0.01, 0.92]

0.74; 0.89
[0.37, 0.99]

0.56; 0.75
[0.18, 0.97]

0.18; 0.48
[0.00, 0.90]

RaoQg=2

0%

0.69; 0.85
[0.23, 0.98]

0.52; 0.73
[0.03, 0.96]

0.18; 0.32
[0.00, 0.86]

0.71; 0.87
[0.22, 0.98]

0.54; 0.75
[0.04, 0.96]

0.19; 0.35
[0.00, 0.89]

0.73; 0.88
[0.27, 0.98]

0.56; 0.76
[0.05, 0.96]

0.19; 0.36
[0.00, 0.88]

5%

0.68; 0.86
[0.21, 0.98]

0.51;0.72
[0.04, 0.96]

0.16; 0.34
[0.00, 0.87]

0.69; 0.87
[0.20, 0.98]

0.52; 0.75
[0.05, 0.96]

0.18; 0.38
[0.00, 0.89]

0.70; 0.87
[0.24, 0.98]

0.53; 0.75
[0.04, 0.96]

0.17; 0.36
[0.00, 0.88]

10%

0.65; 0.84
[0.20, 0.98]

0.48; 0.70
[0.04, 0.95]

0.16; 0.37
[0.00, 0.87]

0.66; 0.86
[0.17, 0.98]

0.49; 0.71
[0.05, 0.95]

0.17; 0.40
[0.00, 0.89]

0.66; 0.84
[0.18, 0.98]

0.50; 0.70
[0.04, 0.95]

0.16; 0.36
[0.00, 0.87]

Ra0Qu=w

0%

0.59; 0.78
[0.19, 0.98]

0.37; 0.60
[0.03, 0.95]

0.03; 0.16
[0.00, 0.84]

0.62; 0.80
[0.18, 0.98]

0.38; 0.62
[0.03, 0.96]

0.02; 0.16
[0.00, 0.83]

0.63; 0.80
[0.20, 0.98]

0.39; 0.63
[0.03, 0.96]

0.02; 0.16
[0.00, 0.83]

5%

0.57; 0.77
[0.18, 0.98]

0.36; 0.59
[0.02, 0.96]

0.03; 0.15
[0.00, 0.83]

0.60; 0.80
[0.17, 0.98]

0.37; 0.62
[0.04, 0.96]

0.02; 0.16
[0.00, 0.83]

0.60; 0.79
[0.20, 0.98]

0.37; 0.63
[0.03, 0.97]

0.02; 0.16
[0.00, 0.84]

10%

0.53; 0.75
[0.17, 0.97]

0.33; 0.59
[0.03, 0.96]

0.03; 0.16
[0.00, 0.82]

0.55; 0.77
[0.15, 0.97]

0.33; 0.60
[0.03, 0.96]

0.02; 0.16
[0.00, 0.84]

0.55; 0.77
[0.17, 0.97]

0.33; 0.60
[0.03, 0.96]

0.02; 0.17
[0.00, 0.83]
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98 Table S5

Table S5. Coefficient of determination (R?) of the relationships between functional diversity metrics computed from optical traits and field plant traits, compared
respectively at remote sensing and field spatial resolutions. Data are also presented in Fig. 8c,g. Each cell presents the R? of the relationship at the global scale,
followed by the median and the 95 % confidence interval of R? at the local scale.

FDM

Noise

Hy

DESIS

Sentinel-2

100%

50%

0%

100%

50%

0%

100%

50%

0%

FRic

0%

0.67; 0.85
[0.33, 0.99]

0.30; 0.71
[0.09, 0.98]

0.01;0.23
[0.01, 0.86]

0.62; 0.82
[0.25, 0.99]

0.26; 0.70
[0.08, 0.98]

0.01; 0.24
[0.01, 0.86]

0.63; 0.83
[0.29, 0.99]

0.26; 0.70
[0.09, 0.97]

0.01; 0.25
[0.01, 0.84]

5%

0.65; 0.84
[0.31, 0.99]

0.28; 0.72
[0.07, 0.98]

0.01;0.23
[0.00, 0.87]

0.49; 0.76
[0.08, 0.97]

0.14; 0.64
[0.02, 0.97]

0.01;0.23
[0.01, 0.81]

0.46; 0.72
[0.07, 0.98]

0.14; 0.62
[0.03, 0.96]

0.01; 0.23
[0.01, 0.84]

10%

0.63; 0.83
[0.29, 0.99]

0.25; 0.71
[0.05, 0.98]

0.01;0.23
[0.00, 0.85]

0.42; 0.71
[0.05, 0.97]

0.11; 0.60
[0.02, 0.96]

0.01; 0.23
[0.01, 0.82]

0.39; 0.68
[0.02, 0.97]

0.10; 0.59
[0.02, 0.95]

0.01; 0.24
[0.01, 0.85]

FEve

0%

0.22; 0.24
[0.00, 0.71]

0.10; 0.12
[0.00, 0.53]

0.07; 0.11
[0.00, 0.60]

0.19; 0.19
[0.00, 0.63]

0.10; 0.10
[0.00, 0.61]

0.05; 0.10
[0.00, 0.53]

0.20; 0.22
[0.00, 0.63]

0.10; 0.11
[0.00, 0.59]

0.07; 0.11
[0.00, 0.60]

5%

0.19; 0.21
[0.00, 0.68]

0.10; 0.12
[0.00, 0.62]

0.07; 0.11
[0.00, 0.62]

0.14; 0.14
[0.00, 0.59]

0.09; 0.09
[0.00, 0.60]

0.08;0.13
[0.00, 0.61]

0.12;0.13
[0.00, 0.58]

0.08; 0.08
[0.00, 0.57]

0.09; 0.13
[0.00, 0.56]

10%

0.18;0.19
[0.00, 0.62]

0.10; 0.11
[0.00, 0.58]

0.07; 0.12
[0.00, 0.60]

0.13;0.12
[0.00, 0.58]

0.09; 0.09
[0.00, 0.56]

0.09; 0.14
[0.00, 0.61]

0.11;0.12
[0.00, 0.58]

0.09; 0.09
[0.00, 0.58]

0.10; 0.14
[0.00, 0.59]

FDiv

0%

0.03; 0.06
[0.00, 0.62]

0.01; 0.05
[0.00, 0.58]

0.01; 0.05
[0.00, 0.60]

0.02; 0.06
[0.00, 0.57]

0.01; 0.05
[0.00, 0.53]

0.00; 0.05
[0.00, 0.57]

0.02; 0.06
[0.00, 0.58]

0.01; 0.05
[0.00, 0.61]

0.01; 0.06
[0.00, 0.57]

5%

0.02; 0.06
[0.00, 0.58]

0.01; 0.05
[0.00, 0.57]

0.01; 0.06
[0.00, 0.61]

0.00; 0.05
[0.00, 0.56]

0.00; 0.04
[0.00, 0.56]

0.00; 0.05
[0.00, 0.55]

0.00; 0.05
[0.00, 0.50]

0.00; 0.05
[0.00, 0.57]

0.00; 0.05
[0.00, 0.55]

10%

0.02; 0.05
[0.00, 0.61]

0.01; 0.06
[0.00, 0.57]

0.00; 0.05
[0.00, 0.61]

0.00; 0.04
[0.00, 0.43]

0.00; 0.05
[0.00, 0.53]

0.00; 0.05
[0.00, 0.62]

0.00; 0.05
[0.00, 0.46]

0.00; 0.05
[0.00, 0.47]

0.00; 0.05
[0.00, 0.53]

FDis

0%

0.76; 0.88
[0.40, 0.98]

0.57; 0.72
[0.16, 0.96]

0.13; 0.28
[0.00, 0.84]

0.68; 0.84
[0.18, 0.98]

0.52; 0.65
[0.12, 0.94]

0.13; 0.32
[0.00, 0.83]

0.72; 0.85
[0.28, 0.99]

0.53; 0.67
[0.12, 0.94]

0.14; 0.32
[0.00, 0.85]

5%

0.75; 0.87
[0.39, 0.98]

0.55;0.70
[0.13, 0.95]

0.13; 0.30
[0.00, 0.86]

0.53; 0.70
[0.14, 0.97]

0.36; 0.48
[0.03, 0.92]

0.08; 0.25
[0.00, 0.83]

0.52; 0.66
[0.15, 0.97]

0.36; 0.47
[0.04, 0.92]

0.07;0.23
[0.00, 0.85]

10%

0.72; 0.85
[0.35, 0.98]

0.53; 0.68
[0.11, 0.94]

0.12; 0.27
[0.00, 0.84]

0.49; 0.62
[0.14, 0.97]

0.33; 0.45
[0.02, 0.91]

0.08; 0.22
[0.00, 0.83]

0.47; 0.62
[0.09, 0.97]

0.31;0.42
[0.03, 0.91]

0.06; 0.20
[0.00, 0.81]

RaoQ

0%

0.73; 0.89
[0.24, 0.99]

0.56; 0.76
[0.03, 0.97]

0.12; 0.30
[0.00, 0.88]

0.64; 0.84
[0.07, 0.98]

0.52; 0.69
[0.03, 0.97]

0.12;0.33
[0.00, 0.87]

0.68; 0.86
[0.15, 0.99]

0.52;0.72
[0.03, 0.96]

0.13;0.33
[0.00, 0.89]

5%

0.71; 0.87
[0.21, 0.99]

0.54; 0.74
[0.04, 0.97]

0.12; 0.32
[0.00, 0.89]

0.45; 0.67
[0.03, 0.97]

0.32;0.51
[0.00, 0.93]

0.06; 0.23
[0.00, 0.86]

0.44; 0.64
[0.04, 0.97]

0.32; 0.47
[0.01, 0.94]

0.05; 0.23
[0.00, 0.87]
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10%

0.67; 0.85
[0.21, 0.98]

0.51;0.71
[0.04, 0.96]

0.10; 0.29
[0.00, 0.88]

0.38;0.57
[0.01, 0.96]

0.26; 0.45
[0.01, 0.92]

0.05; 0.21
[0.00, 0.84]

0.34; 0.55
[0.01, 0.96]

0.23; 0.41
[0.00, 0.92]

0.03;0.18
[0.00, 0.83]

Ra0Q.=o

0%

0.29; 0.94
[0.35, 1.00]

0.00; 0.06
[0.00, 0.91]

0.00; 0.08
[0.00, 0.69]

0.42;0.92
[0.30, 1.00]

0.00; 0.05
[0.00, 0.87]

0.00; 0.06
[0.00, 0.64]

0.23;0.93
[0.33, 1.00]

0.00; 0.05
[0.00, 0.92]

0.00; 0.06
[0.00, 0.64]

5%

0.35; 0.94
[0.32, 1.00]

0.00; 0.05
[0.00, 0.91]

0.00; 0.06
[0.00, 0.69]

0.17; 0.85
[0.21, 1.00]

0.00; 0.03
[0.00, 0.85]

0.00; 0.04
[0.00, 0.63]

0.18; 0.83
[0.22, 1.00]

0.00; 0.03
[0.00, 0.88]

0.00; 0.05
[0.00, 0.62]

10%

0.29; 0.94
[0.40, 1.00]

0.00; 0.04
[0.00, 0.89]

0.00; 0.05
[0.00, 0.68]

0.16; 0.87
[0.27,1.00]

0.00; 0.03
[0.00, 0.89]

0.00; 0.04
[0.00, 0.64]

0.15;0.86
[0.28, 1.00]

0.00; 0.03
[0.00, 0.88]

0.00; 0.04
[0.00, 0.61]

RaoQg=1

0%

0.81; 0.92
[0.51, 0.99]

0.63; 0.77
[0.28, 0.97]

0.19; 0.42
[0.00, 0.89]

0.75; 0.89
[0.31, 0.99]

0.59; 0.72
[0.22, 0.96]

0.18; 0.45
[0.00, 0.88]

0.77; 0.89
[0.41, 0.99]

0.59; 0.73
[0.20, 0.96]

0.21; 0.45
[0.00, 0.89]

5%

0.80; 0.91
[0.51, 0.99]

0.62; 0.76
[0.25, 0.97]

0.19; 0.44
[0.00, 0.91]

0.62; 0.77
[0.23, 0.98]

0.44; 0.57
[0.10, 0.95]

0.14; 0.39
[0.00, 0.88]

0.60; 0.73
[0.26, 0.98]

0.44; 0.56
[0.10, 0.95]

0.13; 0.38
[0.00, 0.90]

10%

0.78; 0.89
[0.48, 0.99]

0.60; 0.74
[0.25, 0.96]

0.18; 0.42
[0.00, 0.89]

0.60; 0.72
[0.25, 0.98]

0.42; 0.55
[0.08, 0.94]

0.15; 0.38
[0.00, 0.88]

0.57; 0.71
[0.19, 0.99]

0.40; 0.52
[0.08, 0.94]

0.13; 0.35
[0.00, 0.86]

RaoQg=2

0%

0.75; 0.88
[0.32, 0.98]

0.57; 0.73
[0.10, 0.96]

0.15; 0.33
[0.00, 0.88]

0.67; 0.84
[0.13, 0.98]

0.52; 0.67
[0.08, 0.95]

0.16; 0.35
[0.00, 0.85]

0.70; 0.84
[0.23, 0.99]

0.53; 0.68
[0.06, 0.95]

0.17; 0.35
[0.00, 0.87]

5%

0.73; 0.86
[0.30, 0.98]

0.56; 0.71
[0.09, 0.96]

0.15;0.35
[0.00, 0.88]

0.51; 0.67
[0.06, 0.96]

0.36; 0.50
[0.02, 0.92]

0.10; 0.25
[0.00, 0.84]

0.49; 0.64
[0.09, 0.96]

0.36; 0.47
[0.02, 0.93]

0.10; 0.25
[0.00, 0.87]

10%

0.70; 0.83
[0.28, 0.98]

0.53; 0.69
[0.09, 0.95]

0.13; 0.30
[0.00, 0.86]

0.45; 0.59
[0.06, 0.96]

0.31; 0.45
[0.01, 0.91]

0.10; 0.23
[0.00, 0.82]

0.42; 0.59
[0.03, 0.96]

0.29; 0.40
[0.01, 0.92]

0.08; 0.21
[0.00, 0.83]

Ra0Qu=w

0%

0.63; 0.81
[0.19, 0.97]

0.33; 0.58
[0.03, 0.96]

0.00; 0.15
[0.00, 0.81]

0.56; 0.76
[0.09, 0.97]

0.27; 0.50
[0.02, 0.95]

0.00; 0.13
[0.00, 0.86]

0.58; 0.78
[0.14, 0.97]

0.29; 0.54
[0.02, 0.96]

0.00; 0.14
[0.00, 0.84]

5%

0.59; 0.78
[0.15, 0.97]

0.30; 0.57
[0.03, 0.95]

0.00; 0.15
[0.00, 0.82]

0.40; 0.62
[0.04, 0.94]

0.15; 0.36
[0.00, 0.93]

0.00; 0.10
[0.00, 0.78]

0.39; 0.59
[0.07, 0.93]

0.17; 0.40
[0.01, 0.92]

0.00; 0.10
[0.00, 0.81]

10%

0.55;0.75
[0.15, 0.96]

0.27; 0.53
[0.03, 0.95]

0.00; 0.14
[0.00, 0.81]

0.34; 0.53
[0.03, 0.89]

0.12;0.35
[0.01, 0.89]

0.00; 0.10
[0.00, 0.75]

0.32;0.53
[0.03, 0.92]

0.13; 0.31
[0.00, 0.91]

0.00; 0.10
[0.00, 0.76]

13
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Table S6

Table S6. Coefficient of determination (R?) of the relationships between functional diversity metrics computed from spectral reflectance and field plant traits,
compared both at remote sensing resolution. Data are also presented in Fig. 8b,f. Each cell presents the R? of the relationship at the global scale, followed by the
median and the 95 % confidence interval of R? at the local scale.

FDM

Noise

Hy

DESIS

Sentinel-2

100%

50%

0%

100%

50%

0%

100%

50%

0%

FRic

0%

0.61; 0.85
[0.36, 0.99]

0.08; 0.90
[0.36, 1.00]

0.02; 0.99
[0.89, 1.00]

0.58; 0.85
[0.36, 0.99]

0.26; 0.91
[0.38, 1.00]

0.33;0.99
[0.88, 1.00]

0.62; 0.85
[0.37, 1.00]

0.14;0.90
[0.37,1.00]

0.34; 0.99
[0.87, 1.00]

5%

0.59; 0.85
[0.37, 0.99]

0.00; 0.89
[0.35, 1.00]

0.00; 0.97
[0.75, 1.00]

0.57; 0.85
[0.37, 0.99]

0.28; 0.87
[0.32, 0.99]

0.02; 0.97
[0.77, 1.00]

0.60; 0.84
[0.33, 0.99]

0.35; 0.86
[0.33, 0.99]

0.65; 0.96
[0.70, 1.00]

10%

0.57;0.84
[0.35, 0.99]

0.00; 0.87
[0.32, 1.00]

0.00; 0.95
[0.61, 1.00]

0.56; 0.84
[0.34, 0.99]

0.27; 0.85
[0.32, 0.99]

0.01; 0.97
[0.71, 1.00]

0.58; 0.82
[0.33, 0.99]

0.51; 0.84
[0.26, 0.99]

0.76; 0.95
[0.67, 1.00]

FEve

0%

0.19; 0.21
[0.00, 0.64]

0.27; 0.32
[0.01, 0.76]

0.38; 0.48
[0.04, 0.89]

0.17; 0.19
[0.00, 0.62]

0.25; 0.33
[0.00, 0.77]

0.35; 0.44
[0.02, 0.89]

0.20; 0.23
[0.00, 0.64]

0.28; 0.35
[0.01, 0.79]

0.40; 0.47
[0.05, 0.90]

5%

0.20; 0.21
[0.00, 0.69]

0.35; 0.40
[0.02, 0.84]

0.50; 0.60
[0.16, 0.92]

0.17;0.20
[0.00, 0.63]

0.33; 0.39
[0.01, 0.83]

0.47;0.59
[0.13, 0.90]

0.18; 0.19
[0.00, 0.63]

0.33; 0.38
[0.01, 0.81]

0.44; 0.55
[0.14, 0.89]

10%

0.18;0.19
[0.00, 0.64]

0.41; 0.45
[0.04, 0.86]

0.55; 0.64
[0.19, 0.92]

0.17; 0.18
[0.00, 0.66]

0.38; 0.43
[0.05, 0.86]

0.52; 0.62
[0.15, 0.92]

0.16; 0.17
[0.00, 0.62]

0.36; 0.39
[0.02, 0.82]

0.48; 0.58
[0.15, 0.90]

FDiv

0%

0.03; 0.07
[0.00, 0.62]

0.13; 0.21
[0.00, 0.82]

0.34; 0.54
[0.01, 0.93]

0.03; 0.06
[0.00, 0.59]

0.13;0.20
[0.00, 0.81]

0.31;0.49
[0.01, 0.94]

0.03; 0.06
[0.00, 0.62]

0.15;0.22
[0.00, 0.82]

0.34; 0.54
[0.01, 0.95]

5%

0.03; 0.06
[0.00, 0.66]

0.13; 0.22
[0.00, 0.83]

0.28; 0.48
[0.01, 0.93]

0.03; 0.06
[0.00, 0.60]

0.13; 0.20
[0.00, 0.79]

0.19; 0.41
[0.00, 0.92]

0.03; 0.06
[0.00, 0.59]

0.11;0.19
[0.00, 0.81]

0.18; 0.36
[0.00, 0.91]

10%

0.03; 0.07
[0.00, 0.58]

0.11; 0.20
[0.00, 0.83]

0.21; 0.34
[0.00, 0.90]

0.02; 0.06
[0.00, 0.57]

0.12;0.18
[0.00, 0.77]

0.16; 0.29
[0.00, 0.90]

0.02; 0.05
[0.00, 0.55]

0.08; 0.15
[0.00, 0.77]

0.09; 0.23
[0.00, 0.87]

FDis

0%

0.70; 0.85
[0.31, 0.98]

0.62; 0.80
[0.18, 0.97]

0.48; 0.60
[0.01, 0.96]

0.70; 0.86
[0.29, 0.98]

0.63; 0.80
[0.22, 0.97]

0.47; 0.59
[0.01, 0.96]

0.73; 0.88
[0.32, 0.98]

0.65; 0.83
[0.24, 0.98]

0.51; 0.63
[0.01, 0.97]

5%

0.68; 0.85
[0.29, 0.98]

0.61; 0.81
[0.19, 0.97]

0.43; 0.57
[0.00, 0.96]

0.69; 0.87
[0.27, 0.98]

0.62; 0.82
[0.20, 0.98]

0.42; 0.57
[0.01, 0.97]

0.71; 0.87
[0.29, 0.98]

0.63; 0.82
[0.23, 0.98]

0.41; 0.55
[0.00, 0.95]

10%

0.67; 0.85
[0.27, 0.98]

0.60; 0.81
[0.20, 0.97]

0.39; 0.53
[0.00, 0.95]

0.68; 0.86
[0.24, 0.98]

0.61; 0.81
[0.20, 0.97]

0.39; 0.50
[0.00, 0.96]

0.67; 0.84
[0.23, 0.98]

0.61;0.79
[0.21, 0.97]

0.35; 0.45
[0.00, 0.94]

RaoQ

0%

0.63; 0.84
[0.15, 0.98]

0.57; 0.79
[0.08, 0.98]

0.49; 0.60
[0.01, 0.97]

0.66; 0.86
[0.15, 0.98]

0.60; 0.80
[0.11, 0.98]

0.49; 0.60
[0.01, 0.97]

0.67; 0.86
[0.19, 0.98]

0.62; 0.82
[0.12, 0.98]

0.52; 0.62
[0.01, 0.97]

5%

0.61;0.83
[0.13, 0.98]

0.55;0.77
[0.07, 0.98]

0.44; 0.58
[0.00, 0.97]

0.63; 0.86
[0.13, 0.98]

0.57; 0.80
[0.08, 0.98]

0.44; 0.58
[0.00, 0.97]

0.64; 0.85
[0.13, 0.98]

0.58; 0.80
[0.09, 0.98]

0.45; 0.56
[0.00, 0.97]

14
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10%

0.58; 0.82
[0.13, 0.98]

0.51;0.77
[0.06, 0.97]

0.40; 0.55
[0.00, 0.96]

0.60; 0.84
[0.10, 0.98]

0.53; 0.79
[0.06, 0.98]

0.39; 0.52
[0.00, 0.97]

0.60; 0.82
[0.10, 0.98]

0.53;0.77
[0.07, 0.97]

0.38; 0.48
[0.00, 0.95]

Ra0Q.=o

0%

0.31;0.67
[0.03, 0.98]

0.34; 0.71
[0.06, 0.99]

0.22; 0.67
[0.01, 1.00]

0.21; 0.89
[0.26, 1.00]

0.06; 0.88
[0.13, 1.00]

0.31;0.76
[0.03, 1.00]

0.21;0.92
[0.14, 1.00]

0.29; 0.91
[0.19, 1.00]

0.33; 0.82
[0.03, 1.00]

5%

0.34; 0.65
[0.06, 0.98]

0.33; 0.66
[0.04, 0.99]

0.13; 0.48
[0.00, 1.00]

0.22; 0.88
[0.27, 1.00]

0.47; 0.86
[0.10, 1.00]

0.26; 0.61
[0.00, 1.00]

0.25; 0.93
[0.31, 1.00]

0.19; 0.92
[0.14, 1.00]

0.27; 0.67
[0.01, 1.00]

10%

0.41; 0.64
[0.11, 0.97]

0.40; 0.66
[0.04, 0.99]

0.18; 0.34
[0.00, 1.00]

0.37; 0.86
[0.32, 1.00]

0.54; 0.87
[0.05, 1.00]

0.34; 0.45
[0.00, 1.00]

0.38; 0.93
[0.39, 1.00]

0.39; 0.93
[0.18, 1.00]

0.28; 0.49
[0.00, 1.00]

RaoQ,=1

0%

0.75; 0.89
[0.42, 0.99]

0.67; 0.85
[0.31, 0.98]

0.54; 0.68
[0.04, 0.97]

0.75; 0.90
[0.42, 0.98]

0.68; 0.85
[0.35, 0.98]

0.53; 0.68
[0.02, 0.97]

0.77; 0.91
[0.47, 0.99]

0.70; 0.87
[0.37, 0.98]

0.56; 0.71
[0.04, 0.97]

5%

0.74; 0.90
[0.42, 0.99]

0.67; 0.86
[0.34, 0.98]

0.51; 0.69
[0.03, 0.97]

0.75; 0.91
[0.39, 0.99]

0.68; 0.87
[0.35, 0.98]

0.50; 0.68
[0.03, 0.98]

0.76; 0.91
[0.43, 0.99]

0.69; 0.87
[0.36, 0.98]

0.50; 0.66
[0.02, 0.97]

10%

0.73; 0.89
[0.37, 0.99]

0.67; 0.86
[0.33, 0.98]

0.50; 0.68
[0.03, 0.97]

0.75; 0.90
[0.36, 0.99]

0.69; 0.87
[0.34, 0.98]

0.50; 0.65
[0.02, 0.98]

0.74; 0.89
[0.37, 0.99]

0.68; 0.86
[0.33, 0.98]

0.47; 0.60
[0.01, 0.97]

RaoQg=2

0%

0.69; 0.85
[0.23, 0.98]

0.62; 0.79
[0.14, 0.97]

0.51; 0.62
[0.01, 0.97]

0.71; 0.87
[0.22, 0.98]

0.63; 0.81
[0.18, 0.98]

0.51; 0.61
[0.01, 0.97]

0.73; 0.88
[0.27, 0.98]

0.65; 0.83
[0.18, 0.98]

0.54; 0.64
[0.01, 0.97]

5%

0.68; 0.86
[0.21, 0.98]

0.60; 0.79
[0.13, 0.97]

0.45; 0.60
[0.01, 0.97]

0.69; 0.87
[0.20, 0.98]

0.61; 0.81
[0.14, 0.98]

0.44; 0.59
[0.01, 0.97]

0.70; 0.87
[0.24, 0.98]

0.63; 0.82
[0.17, 0.98]

0.45; 0.57
[0.01, 0.96]

10%

0.65; 0.84
[0.20, 0.98]

0.57; 0.79
[0.14, 0.97]

0.39; 0.56
[0.00, 0.96]

0.66; 0.86
[0.17, 0.98]

0.59; 0.80
[0.12, 0.97]

0.38; 0.54
[0.00, 0.97]

0.66; 0.84
[0.18, 0.98]

0.59; 0.78
[0.12, 0.97]

0.37; 0.48
[0.00, 0.95]

Ra0Q =

0%

0.59; 0.78
[0.19, 0.98]

0.47; 0.68
[0.09, 0.98]

0.39; 0.55
[0.00, 1.00]

0.62; 0.80
[0.18, 0.98]

0.50; 0.71
[0.12, 0.98]

0.41; 0.60
[0.00, 1.00]

0.63; 0.80
[0.20, 0.98]

0.50; 0.72
[0.11, 0.98]

0.41; 0.59
[0.00, 1.00]

5%

0.57; 0.77
[0.18, 0.98]

0.43; 0.67
[0.06, 0.98]

0.27; 0.53
[0.00, 1.00]

0.60; 0.80
[0.17, 0.98]

0.45; 0.70
[0.08, 0.98]

0.27; 0.55
[0.00, 1.00]

0.60; 0.79
[0.20, 0.98]

0.46; 0.71
[0.11, 0.98]

0.28; 0.54
[0.00, 1.00]

10%

0.53; 0.75
[0.17, 0.97]

0.38; 0.64
[0.07, 0.98]

0.18;0.51
[0.00, 1.00]

0.55; 0.77
[0.15, 0.97]

0.39; 0.68
[0.08, 0.98]

0.18; 0.47
[0.00, 1.00]

0.55; 0.77
[0.17, 0.97]

0.40; 0.68
[0.07, 0.98]

0.20; 0.44
[0.00, 1.00]
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Table S7

Table S7. Coefficient of determination (R?) of the relationships between functional diversity metrics computed from optical traits and field plant traits, compared
both at remote sensing resolution. Data are also presented in Fig. 8d,h. Each cell presents the R? of the relationship at the global scale, followed by the median
and the 95 % confidence interval of R? at the local scale.

FDM

Noise

Hy

DESIS

Sentinel-2

100%

50%

0%

100%

50%

0%

100%

50%

0%

FRic

0%

0.67; 0.85
[0.33, 0.99]

0.67; 0.86
[0.30, 1.00]

0.66; 0.97
[0.63, 1.00]

0.62; 0.82
[0.25, 0.99]

0.60; 0.82
[0.29, 0.99]

0.76; 0.96
[0.58, 1.00]

0.63; 0.83
[0.29, 0.99]

0.62; 0.83
[0.28, 0.99]

0.77; 0.96
[0.63, 1.00]

5%

0.65; 0.84
[0.31, 0.99]

0.65; 0.85
[0.29, 1.00]

0.68; 0.97
[0.66, 1.00]

0.49; 0.76
[0.08, 0.97]

0.47; 0.73
[0.14, 0.99]

0.77; 0.94
[0.58, 1.00]

0.46; 0.72
[0.07, 0.98]

0.46; 0.72
[0.13, 0.98]

0.76; 0.94
[0.58, 1.00]

10%

0.63; 0.83
[0.29, 0.99]

0.63; 0.85
[0.26, 1.00]

0.64; 0.96
[0.62, 1.00]

0.42; 0.71
[0.05, 0.97]

0.45; 0.70
[0.08, 0.98]

0.81; 0.94
[0.63, 1.00]

0.39; 0.68
[0.02, 0.97]

0.42; 0.69
[0.10, 0.98]

0.75; 0.93
[0.55, 1.00]

FEve

0%

0.22; 0.24
[0.00, 0.71]

0.30; 0.36
[0.01, 0.83]

0.31;0.48
[0.04, 0.87]

0.19; 0.19
[0.00, 0.63]

0.26; 0.31
[0.01, 0.81]

0.23; 0.41
[0.02, 0.81]

0.20; 0.22
[0.00, 0.63]

0.28; 0.32
[0.00, 0.82]

0.30; 0.44
[0.02, 0.87]

5%

0.19; 0.21
[0.00, 0.68]

0.30; 0.35
[0.01, 0.84]

0.31;0.48
[0.06, 0.88]

0.14; 0.14
[0.00, 0.59]

0.25;0.29
[0.00, 0.81]

0.30; 0.48
[0.04, 0.87]

0.12;0.13
[0.00, 0.58]

0.25; 0.29
[0.01, 0.78]

0.34; 0.50
[0.08, 0.88]

10%

0.18;0.19
[0.00, 0.62]

0.31;0.38
[0.01, 0.84]

0.33;0.51
[0.08, 0.88]

0.13;0.12
[0.00, 0.58]

0.29; 0.34
[0.02, 0.80]

0.39; 0.53
[0.09, 0.86]

0.11;0.12
[0.00, 0.58]

0.29; 0.33
[0.01, 0.79]

0.38; 0.52
[0.09, 0.86]

FDiv

0%

0.03; 0.06
[0.00, 0.62]

0.09; 0.17
[0.00, 0.82]

0.18; 0.40
[0.00, 0.95]

0.02; 0.06
[0.00, 0.57]

0.04; 0.11
[0.00, 0.74]

0.08; 0.25
[0.00, 0.88]

0.02; 0.06
[0.00, 0.58]

0.05; 0.11
[0.00, 0.79]

0.10; 0.24
[0.00, 0.88]

5%

0.02; 0.06
[0.00, 0.58]

0.07; 0.15
[0.00, 0.77]

0.09; 0.29
[0.00, 0.90]

0.00; 0.05
[0.00, 0.56]

0.01; 0.09
[0.00, 0.71]

0.00; 0.16
[0.00, 0.81]

0.00; 0.05
[0.00, 0.50]

0.01; 0.08
[0.00, 0.73]

0.01;0.14
[0.00, 0.83]

10%

0.02; 0.05
[0.00, 0.61]

0.04; 0.11
[0.00, 0.73]

0.04; 0.22
[0.00, 0.90]

0.00; 0.04
[0.00, 0.43]

0.00; 0.08
[0.00, 0.67]

0.01;0.13
[0.00, 0.83]

0.00; 0.05
[0.00, 0.46]

0.01; 0.09
[0.00, 0.64]

0.00; 0.12
[0.00, 0.82]

FDis

0%

0.76; 0.88
[0.40, 0.98]

0.68; 0.82
[0.28, 0.97]

0.39; 0.53
[0.01, 0.96]

0.68; 0.84
[0.18, 0.98]

0.59; 0.74
[0.18, 0.97]

0.26; 0.39
[0.00, 0.92]

0.72; 0.85
[0.28, 0.99]

0.62; 0.77
[0.18, 0.98]

0.28; 0.38
[0.00, 0.94]

5%

0.75; 0.87
[0.39, 0.98]

0.66; 0.81
[0.26, 0.98]

0.35; 0.46
[0.00, 0.95]

0.53; 0.70
[0.14, 0.97]

0.45; 0.62
[0.06, 0.96]

0.15;0.26
[0.00, 0.88]

0.52; 0.66
[0.15, 0.97]

0.43; 0.61
[0.05, 0.96]

0.15;0.23
[0.00, 0.89]

10%

0.72; 0.85
[0.35, 0.98]

0.65; 0.79
[0.25, 0.97]

0.31; 0.41
[0.00, 0.95]

0.49; 0.62
[0.14, 0.97]

0.43; 0.60
[0.04, 0.96]

0.18; 0.22
[0.00, 0.91]

0.47; 0.62
[0.09, 0.97]

0.40; 0.58
[0.05, 0.95]

0.12; 0.20
[0.00, 0.86]

RaoQ

0%

0.73; 0.89
[0.24, 0.99]

0.66; 0.83
[0.17, 0.98]
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Figure S4. Evaluation of the optical traits retrieval via inversion of the radiative transfer model SCOPE in the
FunDivEUROPE plots. The model was constrained with the reflectance factors of Sentinel-2 MSI at 10 m spatial
resolution (first column), Sentinel-2 MSI at 30 m spatial resolution (second column), and DESIS at 30 m spatial

resolution (third column). Sentinel-2 imagery was acquired in 2015. Median values of the 3 x 3 pixels window
centered on the field plots are compared against the mean values of different traits measured on the ground. Leaf

area index (first row) and dry matter content (third row) are directly compared with field measurements. In contrast,
chlorophyll concentration computed from estimated chlorophyll and dry matter contents is compared with foliar
Nitrogen concentration (mas per mass).
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Figure S5
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Figure S5. Evaluation of the optical traits retrieval via inversion of the radiative transfer model SCOPE in the
FunDivEUROPE plots. The model was constrained with the reflectance factors of Sentinel-2 MSI at 10 m spatial
resolution (first column), Sentinel-2 MSI at 30 m spatial resolution (second column), and DESIS at 30 m spatial

resolution (third column). Sentinel-2 imagery was acquired in 2020. Median values of the 3 x 3 pixels window
centered on the field plots are compared against the mean values of different traits measured on the ground. Leaf

area index (first row) and dry matter content (third row) are directly compared with field measurements. In contrast,
chlorophyll concentration computed from estimated chlorophyll and dry matter contents is compared with foliar
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Figure S6. Pearson correlation coefficient between taxonomical and functional diversity metrics computed from
field plant traits (subscript “field”, x-axis) and functional diversity metrics computed from remote sensing
information (y-axis): the reflectance factors (subscript “R”, first two rows) or the optical traits (subscript “optical”,
last two rows). In each case, the dbFD package metrics are presented first, and the parametric Rao’s Q afterward.
The statistics correspond to Sentinel-2 MSI @ 10 m spatial resolution (S210, first column), Sentinel-2 MSI @ 30 m
spatial resolution (S230, second column), and DESIS at 30 m spatial resolution (DESIS, third column). Sentinel-2
imagery was acquired in 2020. Asterisks indicate the significance of the correlation (two-tailed) according to its p-
value (p): *** — p <0.001, ** — 0.001 < p <0.01, and ** — 0.01 < p <0.05..
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