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Abstract

The ESA’s forthcoming FLuorescence EXplorer (FLEX) mission is dedicated to the global
monitoring of the vegetation’s chlorophyll fluorescence by means of an imaging spectrometer,
FLORIS. In order to properly interpret the fluorescence signal in relation to photosynthetic
activity, essential vegetation variables need to be retrieved concomitantly. FLEX will fly in
tandem with Sentinel-3 (S3), which conveys the Ocean and Land Colour Instrument (OLCI)

that is designed to characterize the atmosphere and the terrestrial vegetation at a spatial

resolution of 300 m. In this work we present the retrieval models of four essential biophysical
variables: (1) Leaf Area Index (LAI), (2) leaf chlorophyll content (Cab), (3) fraction of absorbed
photosynthetically active radiation (APAR), and (4) fractional vegetation cover (FCover). These
variables can be operationally inferred by hybrid retrieval approaches, which combine the
generalization capabilities offered by radiative transfer models (RTMs) with the flexibility

and computational efficiency of machine learning methods. The RTM SCOPE (Soil Canopy
Observation, Photochemistry and Energy fluxes) was used to generate a database of reflectance
spectra corresponding to a large variety of canopy realizations, which served subsequently as
input to train a Gaussian Process Regression (GPR) algorithm for each targeted variable. Three
sets of GPR models were developed, based on different spectral band settings: (1) OLCI (21
bands between 400 and 1040 nm), (2) FLORIS (281 bands between 500 and 780 nm), and (3)
their synergy. Their respective performances were assessed based on simulated reflectance scenes.
Regarding the retrieval of Cab, the OLCI model gave good model performances (R%: 0.91; RMSE:
7.6 ug. crm2), yet superior accuracies were achieved as a result of FLORIS’ higher spectral
resolution (R2: 0.96; RMSE: 4.8 ug. cn2). The synergy of both datasets did not further enhance
the variable retrieval. Regarding LAI, the improvement of the model performances by using only
FLORIS spectra (R?: 0.87; RMSE: 1.05 m2.m~2) rather than only OLCI spectra (R2: 0.86; RMSE:
1.12 m2.m=2) was less evident but merging both data sets was more beneficial (R?: 0.88; RMSE:
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1.01 m2.m=2). Finally, the three data sources gave good model performances for the retrieval of
fAPAR and Fcover, with the best performing model being the Synergy model (FAPAR: R2: 0.99;
RMSE: 0.02 and FCover: R?: 0.98; RMSE: 0.04). The ability of the models to process real data
was subsequently demonstrated by applying the OLCI models to S3 surface reflectance products
acquired over Western Europe and Argentina. Obtained maps showed consistent patterns and
variable ranges, and comparison against corresponding Sentinel-2 products (coarsened to a 300

m spatial resolution) led to reasonable matches (R2: 0.5-0.7). Altogether, given the availability of
the multiple data sources, the FLEX tandem mission will foster unique opportunities to quantify
essential vegetation properties, and hence facilitate the interpretation of the measured fluorescence

levels.
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1 Introduction

The increase in atmospheric carbon dioxide (CO,) due to terrestrial emissions, and the
corresponding global warming and associated climate change (Cox et al., 2000), are highly
concerning issues, and it becomes urgent to take actions to mitigate the extent of the already
occurring adverse effects (e.g. increase in rainfall intensity and associated flooding events,
increase in drought frequency and severity, sealevel rise, permafrost thawing) (IPCC, 2019).
Vegetation dynamics modulate the CO, balance through carbon assimilation during the
photosynthetic process (Dixon et al., 1994; McLeod et al., 2011). Improved knowledge

of global vegetation photosynthesis becomes therefore clearly a priority in research about
the Earth system. The forthcoming FLuorescence EXplorer (FLEX) mission (Drusch et

al., 2017) of the European Space Agency (ESA) is dedicated to the global monitoring of
chlorophyll fluorescence, which is a sensitive probe for the photosynthetic performance of
vegetation, and thus for the related carbon sequestration (Baker, 2008; Mohammed et al.,
2019), also known as gross primary production (GPP) at ecosystem level (Zhang et al.,
2016). However, the measurement of fluorescence alone is not enough to quantitatively
determine vegetation photosynthesis as a function of environmental conditions. Additional
measurements about canopy temperature, solar irradiance at the surface, and vegetation
conditions, are crucial for a proper interpretation of fluorescence levels (Moreno et al.,
2006). As a matter of fact, by the time the emitted fluorescence reaches the satellite

sensor, it has been subjected to the influences of diverse drivers in the vegetation,
environment, and atmosphere, and disentangling the effects of these various factors is
needed to use fluorescence as an effective proxy for photosynthesis and associated stress
effects (Mohammed et al., 2019). For this reason, the following four essential vegetation
variables need to be retrieved together with the fluorescence signal: (1) Leaf Area Index
(LA, (2) leaf chlorophyll content (Cab), (3) fraction of Absorbed Photosynthetically Active
Radiation (FAPAR), and (4) fractional vegetation cover (FCover). LAl is defined as half

the total radiation intercepting area per unit ground surface area (Chen and Black, 1992),
accounting for the amount of vegetation that absorbs or scatters solar radiation. Because
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the leaf surfaces are the primary sites of energy and mass exchange with the atmosphere,
important processes such as evapotranspiration and photosynthesis are strongly related to
LAI (Fang and Liang, 2014). The chlorophylls, Chl a and Chl b, are pigments that are
responsible for the conversion of light energy into stored chemical energy. Some of the
solar photons absorbed by the pigments are re-emitted as fluorescent photons (Porcar-Castell
et al., 2014). The amount of solar radiation absorbed by a leaf is a direct function of the
photosynthetic pigment content and thus, chlorophyll content determines the photosynthetic
potential and primary production of vegetation (Gitelson et al., 2003). Solar radiation in

the spectral range from 400 to 700 nm, known as Photosynthetically Active Radiation
(PAR), provides the energy required by terrestrial vegetation to produce organic materials
from mineral components. The part of this PAR that is effectively absorbed by plants is

the fAPAR. Hence, also this variable plays a critical role in the primary productivity of
canopies, in the associated fixation of atmospheric CO,, and in the energy balance of the
surface (GCOS, 2011). FCover is the fraction of green vegetation as seen from nadir, and

is used to decouple vegetation and soil contribution in energy balance processes such as
evapotranspiration (Weiss et al., 2000). These four essential variables can be retrieved by
optical sensors since they all impact the spectral signature of the observed surface in the
visible and infrared part of the spectrum. The FLEX mission will fly in tandem formation
with Sentinel-3 (S3) and as such, together they will cover almost the entire optical domain
with an unprecedented spectral resolution. FLEX will carry a push-broom hyperspectral
imager (FLORIS), which has been optimized for the discrimination of the fluorescence
signal in terrestrial vegetation, providing images with a 150 km swath and a 300 m pixel
size. By combining two imaging spectrometers, FLORIS will measure the radiance between
500 and 780 nm with high spectral sampling (0.1-2 nm) and with a very high spectral
resolution of 0.3-0.7 nm (Full Width Half Maximum) within the Oxygen-A (755-780 nm)
and —B bands (677-697 nm) (Coppo et al., 2017; Moreno et al., 2016). Meanwhile, S3 will
provide the land surface temperature and the ancillary data for the atmospheric correction,
and will contribute to retrieve vegetation information (Coppo et al., 2017). Its Ocean and
Land Colour Instrument (OLCI) is an imaging spectrometer with a spectral definition (21
bands between 400 and 1020 nm) that is primarily designed to measure ocean colour over
open ocean and coastal zones but is also optimized to characterize the atmosphere (aerosol
composition, water vapour content and illumination conditions) and the terrestrial vegetation
(ESA, 2013). The official Level-2 products from OLCI include the OLCI Global Vegetation
Index (OGVI), which is equivalent to fAPAR, and the OLCI Terrestrial Chlorophyll Index
(OTCI), as a proxy for Cab (ESA, 2017). The other instrument on S3, the Sea and Land
Surface Temperature Radiometer (SLSTR), provides the surface temperature at a very

high accuracy (1-2K) (ESA, 2013), which is also a necessary prerequisite to construe the
observed fluorescence signal.

This paper aims at describing the vegetation retrieval models that are integrated into the
Level-2 (L2) Retrieval Module of the FLEX End-to-End Mission Performance Simulator
(E2ES) (Tenjo et al., 2018; Vicent et al., 2016) in order to generate biophysical products
from FLEX/S3 reflectances. Among the various methods suitable for the quantitative
extraction of terrestrial vegetation variables using optical remote sensing imagery, probably
the most promising ones are the hybrid regression methods (Verrelst et al., 2015a, 2019).
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These methods combine the generalization capabilities of physically-based radiative transfer
models (RTMSs) with the flexibility and computational efficiency of machine learning
regression algorithms (MLRA) (Verrelst et al., 2015a). The core concept is to apply

inverse mapping by means of a MLRA trained with simulated data coming from a

RTM. This approach has been used earlier to develop operational algorithms for various
satellite missions (e.g. ENVISAT/MERIS, SPOT/VEGETATION, Sentinel-2/MSI) (Bacour
et al., 2006; Baret et al., 2007; Weiss and Baret, 2016), consisting of an artificial neural
network (ANN) (Hornik et al., 1989) trained by simulations of the coupled leaf-canopy
RTM PROSAIL (PROSPECT + SAIL) (Jacquemoud and Baret, 1990; Verhoef, 1984).
One-dimensional (1D) canopy RTMs such as SAIL run very fast because they are based

on a simple description of canopy architecture, i.e. approximated by a turbid medium, and
assume homogeneity in horizontal direction (\erhoef, 1984; Van Der Tol et al., 2009b).
Conversely, complex three-dimensional (3D) RTMs, although being more realistic, require
extensive parameterizations and are computationally demanding (Gastellu-Etchegorry et al.,
1996; North, 1996). They are therefore less suitable for the generation of large databases for
the MLRA training. Also, because of the frequent lack of knowledge on prior information
on the statistical distribution and co-distributions of most land surface features, turbid
medium RTMs are often preferred for operational purposes (Bacour et al., 2006; Baret et al.,
2007; Verger et al., 2011; Weiss and Baret, 2016). Furthermore, the directional reflectances
simulated by 1D and 3D models tend to converge at coarser spatial resolutions, typically
beyond 100 m (Widlowski et al., 2005), which is valid for the FLEX mission.

Among existing MLRAs, the kernel-based methods are known to deal well with low
numbered, potentially high-dimensional, training samples, as well as with outliers and
noise in the data, which makes them perfectly suited to extract information related to
vegetation properties from imaging spectroscopy data (Gehler and Schélkopf, 2009). In
earlier experimental studies, Gaussian process regression (GPR) proved to be particularly
promising for the retrieval of biophysical variables, thereby outperforming other MLRAS
such as ANNSs and random forests (Verrelst et al., 2012, 2015c; Rivera-Caicedo et al.,
2017). In Rivera Caicedo et al. (2014) for example, GPR outperformed the majority

of other tested MLRA’s for the prediction of Cab and LAI from various spectroscopic
datasets. In Garcia-Haro et al. (2018), GPR was compared with Kernel Ridge Regression
and ANN for the retrieval of LAI, fAPAR and FCover from the AVHRR (Advanced Very
High Resolution Radiometer) sensor on board of the MetOp (Meteorological-Operational)
satellites and revealed as the most robust and stable regression method. Similarly, Verrelst et
al. (2012) concluded that GPR yielded most accurate estimations of Cab, LAl and FCover
from different S3 and Sentinel-2 (S2) band settings, as compared to three other MLRAS.
Furthermore, GPR offers two main advantages compared to the widely used ANN: (1) it
gives an indication of which bands are more relevant to the constructed model, making

it more transparent in terms of model development; (2) it provides an uncertainty (or
confidence) level for each per-pixel prediction. This is appealing for mapping applications,
as it enables to assess the model transferability in space and time (Verrelst et al., 2015a).
Hence, in view of optimizing the extraction of the variables Cab, LAI, fAPAR and FCover
from FLEX/S3 images, we developed hybrid retrieval models, combining the 1D RTM
SCOPE (Soil Canopy Observation, Photochemistry and Energy fluxes) (Van Der Tol et
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al., 2009b) with the GPR algorithm. SCOPE is based on SAIL (Verhoef, 1984, 1985)
regarding the calculation of radiative transfer within a canopy. The model has however been
extended with various sub-models, some of which have specifically been developed within
FLEX preparatory studies, such as calculation modules for fluorescence and photosynthesis
(Van Der Tol et al., 2009a, 2014). While these modules are necessary for the retrieval of
higher-level products related to photosynthetic activity and vegetation stress indicators, only
the SCOPE reflectance outputs and some fluxes such as fAPAR are required for the here
developed products. Yet, SCOPE has been selected since it is the benchmark model in all
FLEX studies (e.g. Cogliati et al., 2015; Sabater et al., 2017; Celesti et al., 2018). SCOPE
has earlier been used to explore the retrieval of biophysical variables from FLEX/S3 Top-Of-
Atmosphere (TOA) radiance spectra by model inversion through numerical optimization
(\Verhoef et al., 2018). This method has however a high computational cost due to per-pixel
iterations and as such, the authors used only forty simulated cases for validation, with
relatively little variation in the observation conditions. Hybrid retrieval methods should

be preferred for the development of operational algorithms (Verrelst et al., 2019). In this
respect, the objectives of the present study are the following: (1) to develop generic retrieval
models based on the hybrid SCOPE-GPR concept for four variables that are essential within
the context of monitoring photosynthesis from space; (2) to evaluate, based on simulated
reflectance scenes, the benefit of the synergistic use of both FLEX/S3 tandem mission data
sources on the retrieval performances; and, (3) to generate variable maps from S3 imagery
and to compare them against equivalent S2 vegetation products in order to demonstrate the
validity of the models using real data.

The remaining of this paper is structured as follows. Section 2 describes the retrieval
method, including the database generation and the used algorithms. Section 3 presents the
validation results obtained with simulated reference scenes and shows the retrieval maps
resulting from the application of the OLCI models (i.e. the GPR models based on OLCI
reflectances) on real S3 images. We finally close this paper with a discussion (see Section 4)
on the achieved model performances and how they can be further improved in preparation
for operational use.

2 Methodology

The pursued strategy for the development of the retrieval models forms part of the FLEX
E2ES framework (Vicent et al., 2016) and is shown schematically in Fig. 1. SCOPE
simulates surface reflectances in the viewing direction by means of the spectral response
function of the requested sensor, which are then used to train the GPR algorithm. After the
algorithms development, the first stage is their testing in a controlled environment in order to
avoid increasing the uncertainty and to enable a proper model performance evaluation. For
this purpose, the models were validated using SCOPE simulated reflectance scenes, to which
some noise was added to account for different uncertainty sources. The trained GPR models
were then applied to these simulated scenes, and the obtained retrieval maps were compared
against reference images. The following sections describe the used algorithms and elaborate
on the subsequent steps of the retrieval procedure.
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2.1 FLEX/S3 tandem mission data

The FLEX tandem mission is composed of multiple sensors, each having their own specific
spectral configuration (see Fig. 2). The retrieval algorithms are developed based on surface
reflectances and hence, atmospheric correction is assumed. Within the FLEX L2 processing
chain, atmospheric correction is conducted at the prior level L2B, fluorescence is retrieved at
level L2C, and the retrieval of the biophysical variables is carried out at level L2D (Vicent
et al., 2016). Regarding the S3 OLCI instrument, only 16 out of the 21 bands were used for
the retrieval of the biophysical variables, since the five remaining bands were specifically
designed for the characterization of the atmosphere (retrieval of cloud top pressure, water
vapour and aerosols) (ESA, 2013). As such, these bands are not included in the Level-2
Surface Directional Reflectance variable (SDR) of the S3 SYNERGY product (Henocq

et al., 2018), which was used to derive the retrieval maps of the biophysical variables

(see Section 2.4). The S3 SDR product includes also five optical bands of the S3 SLSTR
sensor, which are measured by two independent scanners, one pointing at nadir and one
pointing backwards at a viewing zenith angle of 55° (ESA, 2013). Only the SLSTR bands
measured in nadir view were considered in the present study since viewing angles until

25° were used in SCOPE (see Section 2.3). Two of these bands are located in the SWIR
(short-wave-infrared) region of the spectrum, which can be beneficial for the estimation

of LAI (Asner, 1998) and FCover (Wang et al., 2018). Their potential added value was
therefore assessed but initial tests using simulated data showed negligible improvement

and for some variables, even poorer retrievals were observed. Hence, these bands were
discarded for further analysis. For consistency purposes, the S3 SDR product is referred

to as “OLCI SDR” in the remainder of this paper. Finally, while FLORIS will cover the
spectrum from 500 to 780 nm with a spectral resolution between 0.3 and 3 nm, the spectra
were resampled at 1 nm according to the Bottom-Of-Atmosphere reflectance product, which
will be provided in the previous level of the processing chain (i.e. L2C).

2.2 Hybrid method

2.2.1 SCOPE—SCOPE (used version: v.1.70) is a soil-vegetation-atmosphere scheme
that includes soil-leaf-canopy RTMs along with a micro-meteorological model for
simulating turbulent heat exchange, and a plant physiological model for photosynthesis (Van
Der Tol et al., 2014). The radiative transfer scheme is based on SAIL but is extended with
emitted radiation, namely chlorophyll fluorescence and thermal radiation. Leaf radiative
transfer is calculated with Fluspect (Vilfan et al., 2016), which also provides emitted
fluorescence radiation. Within this study, the SCOPE code was extended in order to enable
the calculation of FCover. In SCOPE, the canopy is modeled as a turbid medium, which
means that variations of macroscopic properties in the horizontal plane as well as clumping
of twigs and branches are neglected (Van Der Tol et al., 2009b). FCover is therefore
approximated empirically from the gap fraction at nadir. The gap fraction can be expressed
mathematically as P= exp (—k x LA/, where kis the extinction coefficient (Nilson, 1971;
Campbell, 1986; Zheng and Moskal, 2009). In SCOPE, k is calculated based on the leaf
inclination distribution and the viewing angle (Verhoef, 1998).

2.2.2 Gaussian process regression and dimensionality reduction—GPR is a
nonparametric Bayesian method that learns the relationship between the inputs, i.e. the
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surface reflectances, and the outputs, i.e. the biophysical variable to retrieve, by fitting a
flexible nonlinear function directly from the data pairs (Rasmussen and Williams, 2006).

In this method, the variable to be retrieved is actually a Gaussian Process (GP), which

is defined by mean and covariance information, calculated with a kernel function. The
kernel function essentially encodes prior assumptions about the underlying function, such
as its smoothness or periodicity, by means of hyperparameters that are optimized during the
training phase. Here, the radial basis function (RBF) kernel with an adaptive lengthscale
and a diagonal noise covariance matrix was used. This composite kernel assumes that the
correlation between two input points decays proportionally to their distance. This means
that the closer the input points, the more similar the corresponding predictions (Schulz et
al., 2018). The process starts with a prior GP distribution, which gets constrained by the
observed data points, producing the posterior GP distribution over functions. The more data
points, the more the distribution is constrained, thus reducing the uncertainty. From the
posterior GP distribution, the posterior predictive distribution is then calculated. Therefore,
instead of a simple point prediction for each test point, it is possible to use the mean of

the predictive distribution and compute confidence intervals for the prediction, using its
variance. The utility of providing such uncertainty intervals has yet been demonstrated (e.g.
Verrelst et al., 2012, 2013); it allows to evaluate whether the estimation is reliable relative to
the data that were presented during the training phase.

Because of the high spectral resolution of FLORIS, an additional step was required to
deal with band multicollinearity when training the FLORIS and the Synergy models with
GPR (Rivera-Caicedo et al., 2017). Here, Principal Component Analysis (PCA) (Jolliffe,
1986) was used to reduce the number of dimensions in the dataset by combining the bands
into twenty components. This transformation makes the GPR models better adapted to
capture the full spectral information content while reducing considerably the processing
time. Twenty components were evaluated as an acceptable trade-off between accuracy and
processing time (not shown), which is in accordance with what is stated in Verrelst et al.
(2017). With this number of components, PCA is an attractive dimensionality reduction
method because it performs as well as other, more complex, methods while being more
robust to spectral noise (Rivera-Caicedo et al., 2017).

2.3 Development of the training database

As conducting accurate ground measurements at medium spatial resolution (300 m) over a
large range of surface types is difficult, if not impossible, RTM simulations enable us to
generate the database needed to train the GPR algorithm. It comes however inevitably with
inherent empirical assumptions on the distributions of the variables (Bacour et al., 2006).
SCOPE was used to simulate surface directional reflectances based on the combination of
values of different input variables characterizing the vegetation canopies, the background
soil and the sun-sensor geometry. The training database (TDB) was built initially at the
SCOPE spectral resolution (1 nm from 400 to 2400 nm) and then resampled according to
the spectral response functions of the targeted sensor (OLCI, FLORIS or their synergy).
Subsequently, the resampled TDB was used to train the GPR retrieval models. The next
sections elaborate further on how the TDB was constructed.

Remote Sens Environ. Author manuscript; available in PMC 2022 September 07.
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2.3.1 Defining SCOPE inputs—Since SCOPE consists of multiple sub-models, it
requires to define a large quantity of input variables (Van Der Tol et al., 2009b). In

order to identify the variables, which primarily contribute to the variation of the spectral
signal simulated by SCOPE (from 400 to 2400 nm at 1 nm resolution), a preliminary
sensitivity analysis was applied using the global sensitivity analysis (GSA) toolbox that

is integrated in the Automated Radiative Transfer Models Operator (ARTMO) Graphic
User Interface (Verrelst, 2015; Verrelst et al., 2015b). As Verrelst et al. (2015b) already
demonstrated, the SCOPE meteorological and leaf biochemical variables (e.g. maximum
carboxylation capacity), which are necessary for the the calculation of the photosynthetic
rate and the fluorescence (Van Der Tol et al., 2009a, 2009b), have no impact on the
reflectance. The GSA was therefore only conducted on the remaining SCOPE inpults,
which are parameters characterizing the sun-sensor geometry, the soil, the canopy structure
and the leaf structure and biochemistry. The method implemented in the toolbox is a
modified version of the Sobol” method proposed by Saltelli et al. (2010) and its validity

has yet been ascertained in numerous studies (e.g. Morcillo-Pallarés et al., 2019; Prikaziuk
and Tol, 2019; Verrelst, 2015; Verrelst et al., 2015b). This method integrates both the
first-order effects (the contribution of each input variable to the variance of the model
output) and the total sensitivity effects (the first-order effects plus the interactions between
input variables (Song et al., 2012)). The total effect sensitivity index defined by Saltelli

et al. (2008) quantifies the relative contribution of each input variable on the variability

of the spectral reflectances. The sample size, N, which is used to estimate the effect of

each variable (k), determines the number, N(k + 2), of generated simulations. Here, the
sample size was fixed at 2000, as recommended by Morcillo-Pallarés et al. (2019) to ensure
stable GSA results. The authors used PROSAIL for their analysis but since it is similar

to SCOPE, taking the same number of samples is considered as an acceptable approach.
The contributing variables were then ranged according to the ranges found in existing
databases (OPTICLEAF; http://opticleaf.ipgp.fr/) and in previous studies (Berger et al.,
2018; Garcia-Haro et al., 2018; Verhoef et al., 2018; Rivera-Caicedo et al., 2017; Weiss and
Baret, 2016; Croft et al., 2015; Houborg et al., 2015; Verrelst et al., 2015c; Houborg and
Boegh, 2008; Lauvernet et al., 2008; Bacour et al., 2006; Combal et al., 2003; Baret and
Fourty, 1997; Curran and Milton, 1983), and in order to cover all geometrical configurations
and canopy realizations (see Table 1). The leaf anthocyanin content (Cant) and the leaf
senescent material content (Cs) were set to 0 as green canopies are key in the context of
FLEX. Most variables were varied according to a Gaussian distribution as it is typically

the distribution used for describing parameters occurring in nature (Frank, 2009; Gordon,
2006). The Gaussian distributions are actually truncated as minimum and maximum values
were provided. However, for some variables, the whole range has the same probability to
occur and therefore a uniform distribution was rather selected (e.g. geometrical variables).
The latter distribution was also chosen for the retrieved variables LAI and Cab, as a model
predicting the whole existing range of values needs to be developed. LIDFa and LIDFb

are the two parameters characterizing the leaf inclination distribution function (LIDF),
LIDFa controlling the average leaf inclination and LIDFb, the bi-modality of the distribution
(\Verhoef, 1984). For these parameters, all possible combinations within the range [-1;1]
were used with equal prevalence, although with one restriction, i.e. that the sum of the
absolute values of both parameters is smaller than or equal to 1, in accordance with Verhoef
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(1998). Also, the leaf water content (Cw) and the leaf dry matter content (Cdm) are usually
tied in such a way that the values for the relative water content (H = Cw/(Cw + Cdm)) are
kept close to 0.8, which is the typical value for green leaves (Lauvernet et al., 2008; Bacour
et al., 2006; Combal et al., 2003). In the OPTICLEAF database, however, a larger range of
values can be found for H and accordingly, a range going from 0.45 to 0.93, with a mean of
about 0.7 (£ 0.1) was selected.

2.3.2 Size of the training database—The size of the training database (TDB) is

an additional element to be determined. GPR does not require being trained over many
simulations, as opposed to other MLRAS such as neural networks, but adding samples
increases the model’s computational load, and thus processing speed (Camps-Valls et al.,
2016; Rasmussen and Williams, 2006). An acceptable trade-off must be found between a
sufficient sampling of the parameter space while keeping moderate processing times. The
impact of the TDB size was therefore analyzed by building retrieval models based on
TDB’s of 1000, 2000, 3000, 5000, and 10,000 simulations. Four-fold cross-validation (Snee,
1977) was used to test the trained GPR models and calculate their performances, based on
the usual goodness-of-fit statistics: the Coefficient of determination (R?), the Root Mean
Squared Error (RMSE) and the relative RMSE (RRMSE, in % relative to the mean value of
the observed/reference data). Further, the GPR processing time was recorded, including the
training and testing phases of the models.

2.3.3 Adding noise to the reflectance spectra—Simulated spectra are usually
injected with noise in order to account for different uncertainty sources such as

RTM assumptions, sensor noise and data processing including radiometric calibration,
atmospheric and geometric corrections (Verger et al., 2011; Garcia-Haro et al., 2018; Baret
et al., 2007). Adding noise helps also to generalize the model and to prevent over-fitting

on the pure RTM outputs (Brede et al., 2020). As such, a Gaussian white noise was added
to the Top-Of-Canopy reflectances according to a generic model, which was also used for
simulated S2 spectra in Weiss and Baret (2016):

R'(A) = R[] + (MD(A) + MI)/100] + AD(A) + AI, o

where R(A) is the raw simulated reflectance at wavelength A, R’(A) is the reflectance
contaminated with noise, MD is the Multiplicative wavelength Dependent factor, Ml is the
Multiplicative wavelength Independent factor, AD is the Additive wavelength Dependent
factor, and Al is the Additive wavelength Independent factor. The values for these four
factors have to be determined for each sensor individually. The chosen level of 3%
uncertainty (averaged over the whole spectrum; see Table 2 for specific values selected

for the different noise factors) is of the same order of magnitude as other values adopted for
other sensors (e.g. global uncertainty of 1.5% in Garcia-Haro et al. (2018); 3% in Lauvernet
et al. (2008); 4% in Bacour et al. (2006); 2.5% in Weiss et al. (2000)). Weiss and Baret
(2016) used identical values for all wavelengths (0.01 for AD and Al and 2% for MD

and MI) to add noise to the S2 spectra. If these values were applied to the OLCI spectral
configuration, it would result in a global uncertainty of 23% due to the large impact of

the additive terms of the noise model on the lower reflectances at smaller wavelengths.
Therefore, a wavelength-dependent additive noise was more suited for our case.
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2.4 Validation of the retrieval models based on synthetic scenes

Because FLEX is yet to be launched (expected by 2023), we rely on synthetic scenes to
assess the performance of the FLORIS and the Synergy models. S3 is already in orbit

and OLCI scenes are publicly available for testing the models. Nevertheless, the main
objective of this work was to carry out a fair comparison of the performance of the three
different models and therefore synthetic scenes were simulated for both instruments as well
as for their synergistic product. The simulated scenes consist of surface reflectances without
atmospheric effects. Some level of noise was added to make the scenes more realistic

(see Section 2.3.3). In the scene generator toolbox (Rivera et al., 2014) from ARTMO,
SCOPE was used to generate scenes with a solar zenith angle (SZA) of 30° and a viewing
angle (OZA) of 0° (nadir view). Flat topography was assumed in the scene definition.

The scenes were made up of two different vegetation classes in order to introduce some
spatial heterogeneity while keeping a reasonable computational time. Table 3 shows the
selected ranges for Cab and LAI for the two vegetation classes, while the same ranges as
for the training database generation were chosen for the other SCOPE input parameters (see
Table 1). The reference images of Cab and LAI were generated using a uniform sampling
distribution within the selected variable ranges and a random spatial distribution inside each
of two vegetation classes composing the image (see Fig. 3). The fAPAR and the FCover
reference images, on the other hand, were generated by SCOPE, along with the surface
reflectance scenes, based on the defined inputs. The GPR models, i.e. one for each band
configuration (OLCI, FLORIS and their synergy), were then applied to the reflectance
scenes and the resulting retrieval maps, one for each variable of interest, were evaluated
against the reference maps by calculating the goodness-of-fit statistics (R2, RMSE and
RRMSE (%)).

2.5 Assessment of the retrieval models on S3 OLCI images

In order to demonstrate the models’ applicability to real data, atmospherically corrected
OLCI SDR products were processed into maps of estimated LAI, Cab, fAPAR and FCover.
To do so, one more final step was required. Since satellite images also contain areas of
non-vegetated surfaces such as bare soil, 418 non-vegetated spectra were added to the
training of the OLCI models. It includes 310 bare soil spectra that come from two datasets
gathered by the French Aerospace Lab, ONERA (datasets were published in Bablet et al.
(2018); Fabre et al. (2015)). The remaining 108 were collected directly from OLCI images,
mostly over man-made surfaces. The OLCI SDR products were obtained over Western
Europe (image from 20/06/2018) and Argentina (image from 20/02/2019) and downloaded
from the Copernicus Open Access Hubl). The image over Western Europe (see Fig. 4)
represents a heterogeneous area including various land covers (e.g. forests, croplands, urban
areas, coastal regions), where the retrieval of vegetation properties at moderate resolution
can be challenging. By contrast, the Province of Buenos Aires in Argentina (see Fig.

4) offers a more homogeneous land cover (mainly grasslands and crops) and hence, the
retrieval should be facilitated. The retrieval maps over Argentina were compared against
the corresponding S2 MultiSpectral Instrument (MSI) vegetation products. The S2 products

1| ast accessed on July 31th, 2019.
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were generated from multiple S2 tiles using the Sentinel Application Platform (SNAP)
biophysical processor (Weiss and Baret, 2016). Afterwards, the tiles were grouped by dates
and merged into mosaics, which were subsequently upscaled from a 20-m to a 300-m spatial
resolution. To facilitate a pixel-to-pixel comparison, a common reference grid projection
(WGS 84 / UTM zone 21S) was used.

3 Results

3.1 GSA and variable ranges

Because a representative training dataset is crucial in a hybrid retrieval approach, first the
SCOPE parameters driving the variability of the reflectance spectra have been identified by
means of a GSA (see Fig. 5). In the visible domain and at the red edge (400-750 nm),

the main drivers of the variation in reflectances are LAI and Cab, while at the NIR plateau
covered by OLCI (750-1040 nm), reflectance is mostly affected by the leaf dry matter
content (Cdm) and the average leaf angle (LIDFa). On the other hand, the contribution

of the leaf water content (Cw) becomes important after 950 nm. The impact of the soil

and geometrical parameters is more regular across the whole spectrum. Further, the relative
contribution of LAI increases from 1400 nm onwards. The only parameters that do not
have any impact on the reflectance are the leaf width (LW) and the vegetation height (VH).
The contributing variables were consequently ranged while the unin-fluential variables were
given the SCOPE default value (LW: 0.1 m; VH: 1 m). The parameter space was then
randomly generated according to the specified statistical distribution for each variable (see
Table 1).

3.2 Size of the training database (TBD)

After the identification of the key SCOPE input variables to vary and their respective ranges
and distributions, the optimal number of training samples was determined. A TDB size

of 3000 turns out to be the best option with respect to the processing time and the used
configuration of sensor band settings, parameter space, and machine learning algorithm

(see Fig. 6). Increasing further the size of the TDB only leads to a minor increase in

the model performances. At the same time, the processing time rises exponentially with
increasing TDB size as the computation involves the inversion of a N x N matrix, where

N is the number of simulations (Rasmussen and Williams, 2006). Hence, a TBD of 3000
was considered as a fair trade-off between accuracy and processing time, and used in further
processing.

3.3 Validation of the retrieval models against synthetic scenes

3.3.1 Validation of Cab models—Regarding the retrieval of Cab, the model based on
OLCI reflectance data alone demonstrates quite good performances (R2: 0.91; RMSE: 7.6
1g. cm™2; RRMSE: 16.9%; see Fig. 7). A relatively small number of pixels shows large
errors (depicted as dark pixels on the error map). The performances improve remarkably
when the model is based on FLORIS reflectances (R2: 0.96; RMSE: 4.8 ug. cni2; RRMSE:
10.7%). This improvement was expected since FLORIS covers the chlorophyll absorption
bands at very high spectral resolution (1 nm). Finally, the synergy between OLCI and
FLORIS does not increase further the model performances. This agrees with the results of
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the conducted sensitivity analysis (see Fig. 5) indicating that Cab influences mostly the part
of the spectrum located between 550 and 750 nm, which is entirely covered by FLORIS.
Our results suggest that the bands measured by OLCI, outside this range, hardly provide
supplementary information that could contribute to a more accurate retrieval of Cab.

3.3.2 Validation of LAl models—Despite satisfactory validation statistics (R2: 0.86;
RMSE: 1.12 m2.m~2; RRMSE: 28.0%); see Fig. 8), the OLCI model for LAI prediction
shows saturation at high values (LAI > 6). This saturation is a well-known effect and is due
to the insensitivity of reflectance to LAI changes in vegetated areas with dense canopies
(Bacour et al., 2006; Garcia-Haro et al., 2018). Consequently, the vegetation class composed
of larger LAI values contains a rather high amount of pixels with large errors. The retrieval
of this variable somewhat improves with the FLORIS model (RZ: 0.87; RMSE: 1.05 m2.m™2;
RRMSE: 26.3%) and a small offset of the saturation effect can be observed, which occurs
around LAI values of 7 instead of 6. Yet, the error map still indicates a substantial amount
of pixels with large errors. The synergy enables to improve further the model performances
(R2: 0.88; RMSE: 1.01 m2.m~2; RRMSE: 25.3%). This can be attributed to the fact that the
OLCI model performs better at low LAI values (LAI < 2), while the FLORIS model is more
suited at high LAI values (LAI > 6), and the Synergy model combines the advantages of
both. As such, the synergy of both sensors enables to lower the estimation error by 10%
compared to OLCI but given the relatively high RRMSE associated to the estimated LAI
values, this decrease cannot be considered significant.

3.3.3 Validation of fAPAR models—Also fAPAR benefits noticeably from the high
spectral resolution of FLORIS (1 nm) for its retrieval (R2: 0.99; RMSE: 0.021; RRMSE:
2.8%; see Fig. 9) as opposed to the results obtained with OLCI’s spectral configuration
(R2: 0.99; RMSE: 0.026; RRMSE: 3.4%). This benefit is reflected in the scatterplot of the
reference values against estimated values showing a smaller dispersion (see second column
in Fig. 9). This was expected as FLORIS covers a large part of the PAR spectral region at

a high spectral resolution. The Synergy model decreases further the RMSE value by 5% as
opposed to the results obtained with the FLORIS model. This accuracy improvement is still
appreciable considering the high model accuracies (RRMSE around 3% for all models).

3.3.4 Validation of FCover models—All three models perform well with respect to
the retrieval of FCover (see Fig. 10). The synergy of both sensors enables to diminish the
estimation error by 8% compared to OLCI. Again, as the relative errors lie around 5% for
this variable, this diminution is considered meaningful.

3.4 Application of the OLCI models to real OLCI images

As a demonstration case, the developed OLCI models were applied to a OLCI SDR product
coming from a S3 image acquired in June 2018 over Western Europe (see Fig. 4). The
retrieval maps for the four variables and their associated uncertainties are shown in Fig. 11.
Overall, the patterns of the image are well captured, and the values are within consistent
ranges. The uncertainty associated to each pixel estimation is approximated by the standard
deviation around the predictive mean. It can be observed that the uncertainties are relatively
low, except for 2 areas, one situated along the coast of Northern France and the other in the
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Pyrenees. These two areas are precisely where the image quality is the lowest and where

a speckle effect can be observed due to masked pixels (see Fig. 4). We suspect that the
higher uncertainties associated to these pixels are coming from residual errors of the cloud
screening process. LAI exhibits the highest uncertainty levels, which is in agreement with
our findings regarding the validation of our models using simulated data.

3.5 Comparison of OLCI maps against upscaled S2 vegetation products

The developed OLCI models were subsequently applied to a segment (410 x 210 km) of

an OLCI SDR product acquired over Argentina on the 20th of February 2019. The S2
vegetation products were retrieved from S2 tiles acquired on the 18th of February (see

Fig. 4). It was not possible to obtain S3 and S2 data from the exact same date because of
cloud contamination. However, the four studied variables are not expected to vary a lot in
two days’ time. The visual inspection of the retrieval maps suggests that the products of
both sensors are consistent (see Fig. 12). This is confirmed by the scatterplots between the
products (see Fig. 13). Especially fAPAR and FCover show notable matches with R? values
above 0.7 and relatively small errors (RMSE of 0.09 and 0.07 respectively), although our
Fcover product shows a systematic underestimation. Cab also presents a small error (RMSE
of 7.1 ug. cn2) but the consistency is lower with a correlation of R2 = 0.58. This is due to
the fact that most of the pixels of the image are concentrated in a rather narrow range, i.e.
between 40 and 60 xg. cm and this, for both sensors. Again, LAI exhibits poorer results,
with a R? of 0.54 and a RMSE of 0.61 m2 m~2, which is rather high considering the fact
that most pixels have LAI values between 0 and 2.5 (see Fig. 13). The same comparison
exercise was repeated over a segment of the more heterogeneous Western Europe image and
similar patterns were observed, confirming the consistency between OLCI and S2 vegetation
products (results not shown for brevity).

4 Discussion

4.1 Assessment of the retrieval models

This study presents the prototype version of the biophysical retrieval models that will be
integrated into the FLEX processing chain for the estimation of the vegetation products
that are essential for a proper understanding of the fluorescence signal. Although hybrid
retrieval models have been earlier developed for various satellite missions (see e.g. review
in Verrelst et al. (2015a)), our methodology introduces some attractive novelties, such as:
(1) the presentation of the first vegetation algorithms from OLCI, FLEX and their synergy,
(2) the firsttime use of the advanced RTM SCOPE combined with the GPR method for
the development of operational retrieval algorithms, and (3) the first-time provision of
uncertainty estimates associated to the retrieved values. Moreover, in contrary to earlier
Land missions, the produced vegetation products in the FLEX/S3 tandem mission context
are not the end products, but serve in support of a proper interpretation of the concurrent
fluorescence retrieval and the subsequent calculation of photosynthesis products, vegetation
stress indicators and relevant inputs to global carbon models (Moreno et al., 2006), the
so-called higher level products. Hence, the vegetation properties need to be derived from
the FLEX/S3 data itself so that the vegetation status is quantified concomitantly with the
retrieved fluorescence. Furthermore, SCOPE was used for the development of the retrieval
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models in order to meet the accuracy requirements of the higher level products, which are
also derived from SCOPE, and as such, consistency in the processing chain is ensured.

The validation of the developed models using simulated data showed good performances, at
least for Cab, FAPAR and FCover (relative RMSE under 20% for Cab and under 10% for
FAPAR and FVC). FLORIS’ band settings led to substantial improvements of the variable
estimations. Particularly Cab and fAPAR benefited from the high spectral resolution of the
sensor with prediction errors (RMSE) decreasing by 37% and 19% respectively, compared
to their retrieval based on OLCI data. The improvements obtained with FLORIS for the
two other variables, LAl and FCover, are below the estimation accuracies and therefore not
considered significant. The synergy of both sensors enabled to improve slightly the retrieval
of LAI, fAPAR and FCover (decrease of the RMSE by 4%, 5% and 5% respectively, as
opposed to using FLORIS data alone). Considering the estimation accuracies, only the
improvement for fAPAR is deemed relevant. OLCI includes bands in the blue region of the
spectrum, which, provide useful information for the retrieval of fAPAR, even if these bands
are generally more prone to atmospheric effects and hence are noisier due to residual errors
(Bodhaine et al., 1999; Martins et al., 2017; Wang and Gordon, 2018). Besides the small
gain in accuracy for three of the four studied variables, there is little doubt that the synergy
will be advantageous once FLEX data will become available. For example, the synergy
concept is expected to be beneficial for observations over specific biomes, e.g. over highly
structured canopies such as forests (Lutz et al., 2008), or with other sun-sensor geometries,
or in time-series analyses, when cloud cover restricts the number of available observations
(Mousivand et al., 2015). Also, the higher temporal resolution of S3 compared to FLEX
(around two or three days instead of two weeks) opens opportunities to be exploited in
future synergy studies. The algorithms will ultimately be provided through ESA’s FLEX/S3
L2 processing chain and synergy studies will be initiated as soon as FLEX data become
available to the community.

From all the retrieval models, the LAI models performed poorest with the FLORIS and the
Synergy models achieving only slight improvements (respective decrease of RRMSE by 6
and 10% compared to the OLCI model). Consequently, the relative error remained rather
high, between 25 and 28% depending on the model. High LAI values are known to be
difficult to retrieve from remote sensing data. It is a variable that gives information over the
whole canopy while the satellite only sees the top layer of the tree crown in dense canopies.
This leads to the well-known saturation effect that results in an underestimation of high

LAI values (LAI > 6-7) (Garcia-Haro et al., 2018; Zheng and Moskal, 2009; Bacour et al.,
2006). On the one hand, in such dense canopies, the upper layer carries out most of the
photosynthesis (Ellsworth and Reich, 1993). Within the scope of the FLEX mission, which
seeks to quantify the photosynthetic activity of vegetation, a saturation at this level of LAI
can therefore be tolerated. On the other hand, LAI estimates of 6 to 7 at the level of a

pixel with moderate spatial resolution (300 m), represent already quite high values and going
beyond these numbers is rather uncommon, except maybe for large areas of dense evergreen
forests (Tum et al., 2016; Canisius and Fernandes, 2012; Canisius et al., 2010; Satalino et
al., 2009). As a confirmation, a global LAI time series from 2002 to 2012 based on data
from the ENVISAT MERIS sensor, which is OLCI’s predecessor and has the same spatial
resolution, only displays values below 6, although a large collection of vegetation types is
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studied, among which evergreen broad-leaved forests (Tum et al., 2016). The validation of
the MERIS LAl product with in situ data seems, however, to indicate that the used algorithm
(BEAM MERIS vegetation processor) underestimates LAI values above 4 (see Fig. 5 in
Tum et al. (2016)), which was already suggested in previous work (Canisius et al., 2010;
Satalino et al., 2009). Nevertheless, the field data used to validate moderate resolution LAI
products generally do not exceed LAI values of 6 or 7 (Tum et al., 2016; Canisius and
Fernandes, 2012; Canisius et al., 2010). Our LAI maps presented in Figs. 11 and 12 also
show maximum values of 6, which could indicate that our models saturate at this level

of LAI. Comparison of results against S2 LAI product enables, however, to assert with
relatively good confidence that the considered area actually encompasses LAl values lower
than 6. Even though, it is important to develop models capable of predicting LAI ranges
going from 0 to 10 as this range is recommended by the Land Product Validation (LPV)
sub-group of the Committee on Earth Observation Satellites (CEOS) for the validation and
the sensitivity analyses of satellite based LAI products (Fernandes et al., 2014).

The developed GPR models delivered low uncertainties over the S3 pixels (see Fig. 11),
which should indicate that they are robust enough to be applied to other data sets. The
uncertainties enable evaluating whether all pixels have been properly retrieved and if
necessary, to adjust the training data e.g. by accounting for more variation in land cover.

For instance, some of the high uncertainties observed in the area of the Pyrenees are from
pixels covered with snow, which is a land cover that was not included in the model training.
Furthermore, the OLCI maps and the S2 official vegetation products showed generally good
agreement (see Fig. 13). The relatively small but systematic discrepancy that was observed
between our FCover product and the corresponding S2 product demands for further analysis.
Although an underestimation of our FCover product is suspected, in order to gauge which
one is closer to the actual value, validation with in situ data is required. One reason for the
mismatch may be attributed to the OLCI model lacking a band in the SWIR region, since the
S2 SWIR band at 2190 nm was demonstrated to be important for the estimation of FCover
(Wang et al., 2018).

It must be remarked that the assessment of our GPR models might be biased as both training
and testing data sets are from SCOPE. At this initial stage in the mission developing phase
however, a controlled environment is essential in order to avoid increasing the uncertainty
and enable a proper model performance evaluation. This is standard procedure in developing
an operational processing chain, the first step being the development of the algorithms and
their testing in supervised conditions (Kerekes and Landgrebe, 1989). In a second step, they
will be tested within the FLEX E2ES, which serves to consolidate the mission specifications
and to test the accuracy of the data processing algorithms (Vicent et al., 2016). The E2ES

is also based on SCOPE but coupled with an atmospheric RTM to simulate TOA radiance
scenes. Yet, even though the presented models are solely a prototype, their application to
real OLCI images and the comparison with official S2 products demonstrate their validity
for further development.
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4.2 Limitations and future improvements

Needless to say that the presented models will continue to be improved during the further
development of the mission. Also, just like for any Earth Observation mission, algorithms
will undergo multiple optimizations subsequent to validation studies after the launch, when
FLEX data will be at disposal. Some limitations and future improvements are worth
discussing.

An inconvenience of the GPR technique is its high computational cost and memory
requirements for training (Camps-Valls et al., 2018), which grows cubically and
quadratically with the number of training points, respectively (Hensman et al., 2013; Moore
et al., 2016). Nevertheless, as for any MLRA, once the model is trained, the prediction step
is highly performant. For instance, GPR runs hundreds times faster than RTM inversion
methods (e.g. based on look-up tables; Verrelst et al. (2015a, 2015c)). Its fast processing
speed has also been reported within the FLEX/S3 L2 processing chain. Relative to the
geometric and atmospheric correction or the fluorescence retrieval, the GPR-based retrieval
of biophysical variables takes only a small fraction (< 1%) of the total processing time. From
this point of view, GPR manifests as a competitive candidate for operational processing.
When comparing GPR against the commonly used ANN, however, it must be noted that

the latter deals easier with larger training samples than GPR, and once trained, it is

also much faster in image processing. Yet, GPR does not need as many training samples

as ANN and, hence, the training and the prediction process can still be accelerated by
optimizing the number of training samples. Moving along this line, intelligent subsampling
procedures such as active learning techniques, whereby the most informative samples are
selected for optimized regression accuracy, would be a possible strategy to further reduce the
dimensionality of the trained models (Verrelst et al., 2016).

Synthetic scenes are undoubtedly a simplification of reality and using them for validation
imposes therefore some limitations. Firstly, a perfect co-registration between FLEX and
S3is assumed, and accuracies could decrease when co-registration mismatches appear.
This effect should however be abated by the fact that we are dealing with 300 m pixels
and that the validation with field measurements, or with products from other sensors with
higher spatial resolution, will involve an upscaling (Morisette et al., 2006; Fernandes et al.,
2014). Secondly, the validation was done considering only specific illumination conditions
(SZA of 30° and OZA of 0°). Considering that FLEX is a nadir-viewing mission (OZA
mainly around zero) with a sun-synchronous orbit, the solar-observation geometry is quite
restricted, and not all angle combinations are possible. Nevertheless, directional effects
will be further addressed in the next version of the retrieval algorithms by including the
three angles characterizing the geometry of image acquisition (SZA, OZA and RAA)

as supplementary layers in the models, similarly to what was done for S2 (Weiss and
Baret, 2016). This should allow to exploit the directional information more explicitly into
the retrieval models rather than solely integrating simulations with different geometries

in the training database (Weiss and Baret, 2016). Another way to improve our model
performances would be to further reduce the parameter space of the training data by using
prior information on the typical distribution of vegetation biophysical variables (\erger et
al., 2011). Some unrealistic parameter combinations were already filtered out based on
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the relationships between Cw and Cdm and between the two variables characterizing the
leaf inclination distribution function (LIDFa and LIDFb), but others may still be present
and could lead to inconsistent reflectance spectra. In fact, the four retrieved variables,

Cab, LAI, fAPAR and FCover, are all correlated and their correlation could be implicitly
included by making use of a covariance matrix before performing the random sampling
within the parameter space. Also, since the variables are correlated, their estimation errors
are not independent from each other and therefore, the overall error might decrease if the
correlations among the variables are taken into account in the retrieval scheme. In addition,
once the orbit configuration of FLEX is fully defined, the possible sun-sensor geometries
will be more restricted.

A limitation linked to SCOPE is that it assumes a random spatial distribution of the canopy
foliage while clumped distributions of leaves are neglected. However, leaves are often
grouped to form foliage clumps such as tree crowns, branches, and shoots in forests, or rows
in crops, which all cause some light obstruction and impact the surface spectral signature
(Chen, 2017). This is why indirect methods that quantify LAI based on the inversion of
Beer’s law generally underestimate LAI values in clumped canopies, meaning they measure
an effective quantity rather than the true LAI (Yan et al., 2019). While these clumping
effects are especially important for observations at high spatial resolutions, i.e. below 100

m (Hardiman et al., 2018), they likely also impact the LAI retrievals at the pixel scale of

the FLEX mission and should therefore be adressed in the next model development stages.
Furthermore, we are well aware that the presented FCover product derived from SCOPE
simulations is only an approximation, and is not fully consistent in terms of radiative
transfer. The use of a 3-D RTM might be more appropriate for this purpose but these models
are complex and less suited for the production of large TDBs. This is why many earlier FVC
products were actually based on the 1D RTM SAIL (e.g (Bacour et al., 2006; Baret et al.,
2007; Weiss and Baret, 2016).

Another important consideration is the level of noise that is injected in the reflectance
spectra, which can be further optimized in order to make it more representative of real noise
affecting S3/FLORIS spectra. Once the FLEX instruments are fully characterized, we will
rely on the FLEX E2ES (Tenjo et al., 2018; Vicent et al., 2016) to provide us with adjusted
noise levels. In fact, other operational retrieval algorithms integrated a somewhat random
level of Gaussian noise to the training simulations (Weiss and Baret, 2016; Garcia-Haro et
al., 2018; Bacour et al., 2006). In recent studies, the adding of noise was demonstrated to
be an effective approach in the hybrid model development using real data for crop nitrogen
mapping (Berger et al., 2020) and forest LAI mapping (Brede et al., 2020). In any case,

the level of noise that can be expected from instrument failures or imperfections in the data
processing is likely negligible compared to the effect of pixel heterogeneity. Pixels of 300
m often encompass multiple land cover types, which all contribute to the observed signal.
With SCOPE, only vegetated pixels can be simulated with more or less contribution of soil
depending on the defined LAI value, although, values as low as 0.0001 can be chosen,
which nearly corresponds to bare soil. A fair amount of soil variability can be introduced
by ranging the three parameters of the integrated BSM (Brightness - Shape - Moisture)
spectral soil model (Verhoef et al., 2018) and the Soil Moisture Content. To account for
non-vegetated pixels, spectra corresponding to bare soil surfaces were added to the training
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database. Yet, our models will likely work less well over mixed pixels. A common way

to address this mixing effect is to create synthetic mixed spectra composed of a linear
combination of pure vegetated spectra and pure bare soil spectra (Garcia-Haro et al., 2018;
Bacour et al., 2006). This is based on the assumption that reflectance has a linear behaviour,
i.e. that the reflectances from the different reflecting surfaces add up linearly to form the
signal emitted from the observed 300-m pixel, which is obviously a simplification of what
happens in reality. This topic will be further explored when in situ data is available for
validation.

Finally, initial tests with simulated data, analyzing the benefit of using the SLSTR optical
bands, showed no improvement of the retrieval performances. This was unexpected since
two bands are located in the SWIR domain, which is highly sensitive to structural variables
such as LAI (Asner, 1998), as also supported by our GSA results. Only the nadir bands
were used while the oblique bands were left out since the generated training database did
not include the concerned viewing angle, although Verhoef et al. (2018) suggested that these
bands can contribute to the retrieval of canopy structure. Some inconsistencies in the S3
processing chain were however reported, such as coregistration issues between OLCI and
SLSTR and calibration residual errors in the SLSTR SWIR bands (Sentinel-3 MPC, 2019),
which might hamper the added value of these bands at this point in time.

5 Conclusion

In support of the photosynthesis mission FLEX, prototype retrieval models were developed
for the operational delivery of essential vegetation products (Cab, LAI, fAPAR and FCover)
from three FLEX/S3 tandem mission data sources: FLORIS, OLCI and their synergy. A
hybrid approach was pursued based on SCOPE model simulations and the GPR machine
learning method, which has the evident advantage of delivering associated uncertainties. A
simulation study based on synthetic scenes evidenced that: (1) the high spectral resolution
of FLORIS enables to retrieve the studied biophysical variables with high accuracy levels,
especially for Cab and fAPAR, which are essential for the estimation of photosynthesis and
carbon uptake; and (2) the synergy of both data sources is beneficial for the retrieval of
fAPAR, FCover and LAl, attesting the relevance of the tandem mission for the extraction
of vegetation properties from spectroscopic data. The retrieval models were subsequently
applied to two contrasting OLCI images over Western Europe and Argentina, composed

of various vegetated and non-vegetated land covers. The consistency of the four vegetation
products with corresponding S2 products corroborates that the developed models produce
reliable retrieval products from FLEX/S3 surface reflectance data. Because FLEX is yet

to be launched by 2023, improved versions of the retrieval models will continue to be
developed. Follow-up research will be necessary to fine-tune the models for real FLEX
data, including multi-temporal analysis and validation with ground truth data over multiple
vegetation types.
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Schematic workflow of the presented methodology for the retrieval of the vegetation
variables (Cab, LAI, fAPAR, and FCover) from FLEX/S3 reflectance data.* DR:
dimensionality reduction (see Section 2.2.2).
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Fig. 2.
Spectral coverage of the instruments from the FLEX mission. The two “*” indicate the
position of the 5 OLCI bands that are used for atmospheric characterization - Oal3: 761 nm,

FLEX

Sentinel-3
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Oal4: 764 nm, Oal5: 768 nm, Oal9: 900 nm and Oa20: 940 nm (image credit: ESA).
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Cab (pug cm™?)

Fig. 3.
Reference maps for the four retrieved variables: Cab, LAI, fAPAR and FCover. The Cab and

LAI maps were generated using a uniform sampling distribution within the selected variable
ranges and a random spatial distribution inside each of two vegetation classes composing
the image. The fAPAR and FCover maps were generated by the RTM SCOPE based on the
defined model inputs.
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Fig. 4.

Uged satellite images and their localization. Left: True-color composite (RGB: 665; 560;
490 nm) of the OLCI SDR product above Western Europe from 20/06/2018. Right: segment
(410 x 210 km) of the S2 RGB (665; 560; 490 nm) mosaic above Argentina from
18/02/2019.
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Fig. 5.

GIG(,)baI sensitivity analysis of the SCOPE input variables (parameters characterizing the leaf,
the canopy, the soil and the geometry) along the visible and infrared spectral domain (400-
2400 nm; 1 nm resolution). The blue dashed line indicates the extent of OLCI’s spectral
range. See Table 1 for the list of acronyms. Supplementary acronyms: SRE: Soil Resistance
for Evaporation (s m™1); VH: Vegetation Height (m); Cs: Leaf senescent material content
(-); Cant: Leaf anthocyanin content (tg cm=2). (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6.

In?pact of the size of the training database (number of simulations, N) on the model
performances (RRMSE, %) and the processing time (including training and testing of the
GPR algorithm, in seconds). As an example, the given performances are from OLCI models
for the retrieval of LAI and Cab.
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Error map
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Validation of the Cab retrieval models. First line: model based on OLCI reflectance data;
second line: model based on FLORIS reflectance data; third line: model based on the
combined datasets of both sensors. The error is the difference between the estimated and the
reference values for each pixel and is expressed in zg. cm=2.
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Fig. 8.
Vagiidation of the LAI retrieval models. First line: model based on OLCI reflectance data;
second line: model based on FLORIS reflectance data; third line: model based on the
combined datasets of both sensors. The error is the difference between the estimated and the
reference values for each pixel and is expressed in m2. m=2,
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Fig. 9.

VaG:idation of the fAPAR retrieval models. First line: model based on OLCI reflectance

data; second line: model based on FLORIS reflectance data; third line: model based on the
combined datasets of both sensors. The error is the difference between the estimated and the
reference values for each pixel (units: -).
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Fig. 10.
Validation of the FCover retrieval models. First line: model based on OLCI reflectance

data; second line: model based on FLORIS reflectance data; third line: model based on the
combined datasets of both sensors. The error is the difference between the estimated and the
reference values for each pixel (units: -).
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Fig. 11.
Retrieval maps for the four studied variables (larger maps) and associated uncertainties,

approximated by the standard deviation around the mean estimate per pixel (smaller maps).
These maps result from the application of the OLCI models on a OLCI SDR product of the
20th of June 2018 (see Fig. 4).
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Fig. 12.
Comparison between the vegetation products (Cab, LAI, fAPAR and FCover) derived from

the developed models based on S3/OLCI reflectances and the corresponding S2 products,
which were rescaled to a 300-m spatial resolution (Argentina data set; see Fig. 4).
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Scatterplots between the vegetation products (Cab, LAI, fAPAR and FCover) derived from
the developed models based on S3/OLCI reflectances and the corresponding S2 products
(Argentina data set, see Fig. 4). The colour legend specifies the number of bins (pixel
counts), a higher number meaning a higher density of data points.
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The used ranges for the input variables of the SCOPE model. N: leaf mesophyll structure; Cab: leaf
chlorophyll content; Cca: leaf carotenoid content; Cdm: leaf dry matter content; Cw: leaf water content; LAI:
Leaf Area Index; LIDFa & LIDFb: parameters characterizing the leaf inclination distribution function (LIDF);
SMC: Soil Moisture Content; BSM Bright, BSM lat and BSM lon are the three parameters characterizing the
BSM (Brightness - Shape - Moisture) spectral soil model (for more information on the model, see (Verhoef

et al., 2018)); SZA: Solar Zenith Angle; OZA: Observer Zenith Angle; RAA: Relative Azimuth Angle. *
truncated Gaussian; ** constraint: Cw/(Cw + Cdm) between 0.45 and 0.93; *** constraint: |LIDFa| + |LIDFb|

<l

Variabletype Variable Distribution  Min Max Mean SD
N Gaussian* 1 2.7 15 0.5
Cab (ug. cn?) Uniform 1 100

Leaf structure Cca (ug. cnr?) Gaussian* 0 30 10 5
Cdm (g.cm~2)** Gaussian* 0002 002 0005 0.003
Cw (g.cm™)**  Gaussian* 0.005 0.035 0.012 0.006
LAI (m2. m7?) Uniform 0.1 10

Canopy structure ~ LIDFa *** Uniform -1 1
LIDFb *** Uniform -1 1
SMC (%) Gaussian* 5 55 25 125
BSM Brightness ~ Gaussian* 0.01 0.9 0.5 0.25

Soil BSM lat (°) Gaussian* 20 40 25 125
BSM long (°) Gaussian* 45 65 50 10
SZA (°) Uniform 0 80

Geometry OZA (°) Uniform 0 25
RAA (°) Uniform 0 180
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Table 2

Selected values for the four factors of the model (see Eq. (1)) used to inject Gaussian white noise into

the simulated reflectance spectra of OLCI and FLORIS. MD: Multiplicative wavelength Dependent factor,
MI: Multiplicative wavelength Independent factor, AD: Additive wavelength Dependent factor, Al: Additive
wavelength Independent factor.

Ml (%) Al MD (%) AD

Bands < 560 nm: 0

1 0.001 1 (forall bands) 560 nm < Bands < 709 nm: 0.001
709 nm < Bands < 754 nm: 0.005
Bands = 754 nm: 0.02
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Table 3

Cab and LAl ranges for the two vegetation classes composing the simulated reference scenes, which were
used for the validation of the retrieval models. The other SCOPE input variables were given the same ranges as
for the training database generation (see Section 2.3.1) and are identical for both vegetation classes.

Class1l Class2

Cab (g cm 7?)  0-60 15-100
LAl (m2m™2)  0-3 3-10
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