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A B S T R A C T

Accurate estimates of carbon, water and energy fluxes between the Earth surface and the atmosphere are
crucial for enhancing our understanding of ecosystem–climate interactions. Such estimates can be made by
combining remote sensing derived land surface parameters with climate reanalysis data. We analysed to what
degree generic (plant functional type (PFT)-independent) satellite-derived vegetation properties and climate
reanalysis data can explain land surface fluxes and to what extent the PFT-specific information extends the
flux simulations. For this purpose, we used the Soil Canopy Observation, Photochemistry and Energy fluxes
(SCOPE) model, which combines radiative transfer in plant leaves and vegetation canopies with photosynthesis
and energy balance in a single model representation of the vegetation. We evaluated the performance of SCOPE
in simulating fluxes by comparison to 63 eddy covariance sites representing 10 PFTs. We varied the sources of
maximum carboxylation capacity (𝑉 𝑐𝑚𝑎𝑥25) and BallBerrySlope values (default vs literature), the seasonality
of 𝑉 𝑐𝑚𝑎𝑥25 and the meteorological forcing (locally measured and climate reanalysis). The average performance
of daily flux in terms of root-mean-square error (RMSE) was 2.3 ± 0.8 μmol CO2 m−2 s−1 (R2 = 0.74 ± 0.12)
for gross primary productivity (GPP), 24 ± 8 W m−2 (R2 = 0.68 ± 0.16) for latent heat flux (𝜆E) and 50 ± 15 W
m−2 (R20.47±0.17) for sensible heat flux (𝐻). The inter-site variability of the annual accumulated GPP flux
was captured well with seasonally varying PFT-specific 𝑉 𝑐𝑚𝑎𝑥25 (R2 = 0.74, RMSE = 308 g C m−2 yr−1 and
bias = −68 g C m−2 yr−1). The annual accumulated evapotranspiration (ET) was overestimated (R2= 0.31,
RMSE = 101 mm yr−1 and bias = 37 mm yr−1), mainly in the ecosystems with subtropical Mediterranean
climate, for which the soil resistance to evaporation from porous space (𝑟𝑠𝑠) had to be constrained from soil
moisture content (SMC) or land surface temperature (LST). Overall, the study demonstrates that SCOPE model
can simulate ecosystem flux with high accuracy without site-specific calibration of its parameters.
1. Introduction

The quantification of the exchanges of carbon, water and energy
between the land surface and the atmosphere is relevant for many ap-
plications in Earth science including hydrology, meteorology and ecol-
ogy (Baldocchi et al., 2018). At local scale, the rate of these exchanges
(i.e. fluxes) are measured using flux towers (e.g. FLUXNET Pastorello
et al., 2020), and at global scale satellite data-driven statistical, semi-
empirical or land surface models are typically used (Beer et al., 2010;
Jung et al., 2020). Recent reviews give historical overview on remote
sensing for terrestrial carbon (Xiao et al., 2019; Ryu et al., 2019) and
water (Zhang et al., 2016) flux.

Due to the indirect nature of the relation between remote sensing
indicators and fluxes, the estimation of the latter from satellite data
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always requires modelling. Diagnostic models rely on external infor-
mation about atmospheric and land properties, which are usually the
output of other models, while prognostic models simulate atmospheric
and vegetation properties internally (Huntzinger et al., 2012). In this
study, we focus on diagnostic ecosystem flux modelling, which re-
quires three types of input variables: meteorological forcing, physical
properties of the soil and vegetation, and vegetation biophysical and
biochemical properties that determine plant functioning.

Meteorological variables are usually obtained from atmospheric
general circulation models (GCMs) driven by weather satellite and
weather station data. Commonly used global climatic datasets are
NCEP/NCAR (Kalnay et al., 1996), MERRA2 (Gelaro et al., 2017),
ERA5 (Hersbach et al., 2020). Vegetation and soil physical variables
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are usually derived from polar-orbiting satellites with moderate (En-
visat (MERIS) (Bezy et al., 2000), Aqua and Terra (MODIS) (Justice
et al., 2002), Sentinel-3 (Donlon et al., 2012)) or high resolution
(Landsat Wulder et al. (2019), Sentinel-2 (Drusch et al., 2012)). A
common way of obtaining values for the properties of soil and vegeta-
tion from radiometric measurements is by inverting radiative transfer
models (Homolová et al., 2013; Verrelst et al., 2018) and retriev-
ing vegetation structure inputs of Leaf Area Index (LAI), leaf chloro-
phyll content (𝐶𝑎𝑏) or the fraction of absorbed photosynthetically
active radiation (fAPAR), followed by the modelling of fluxes with a
micro-meteorological or light use efficiency model (Zhang et al., 2005;
Houborg et al., 2013). The vegetation functional response, the third
diagnostic model input category, is either parametrized from structural
variables empirically or based on a classification of plant functional
types (PFTs). For example, Rubisco maximum carboxylation capacity
(𝑉 𝑐𝑚𝑎𝑥25), the main parameter in the classic photosynthesis model
by Farquhar et al. (1980), can be estimated from 𝐶𝑎𝑏 (Luo et al., 2019)
and its seasonality is often imposed by LAI (Wang et al., 2019).

The uncertainty of model-simulated fluxes depends on both the
model formulation and the accuracy of each of the three input data
sources. Reported uncertainties in gross primary productivity (GPP)
attributed to the uncertainty in weather forcing vary between 9 and
32% of the estimated flux (Wu et al., 2017; Jung et al., 2007). Veg-
etation structure inputs such as LAI vary significantly among data
products (Jiang et al., 2017), and this contributes to the uncertainty
of simulated fluxes as well (Liu et al., 2018). Finally, the empirical
relations between vegetation structure and functioning or the tabulated
values of parameters for PFTs further contribute to uncertainty in the
simulation of fluxes.

More integrated models such as CUPID (Norman, 1979), SiB (Sellers
et al., 1986) and SCOPE (Soil Canopy Observation of Photosynthesis
and Energy fluxes) (Van der Tol et al., 2009) combine the radiative
transfer and the non-radiative energy fluxes (latent heat (𝜆E) and
turbulent heat (H) exchange with the air) into a single model repre-
sentation of the soil and vegetation system. The advantage of such
an integrated approach is the consistent treatment of both radiative
transfer and energy balance closure at all spatial aggregation levels.
Hitherto this has been more theoretical than a practical advantage
because a direct inversion of a coupled model as SCOPE has not been
applied at large spatial scales yet. Although SCOPE has been used in
studies to improve the understanding of specific aspects of radiative
transfer, such as explaining the anisotropy of thermal and chlorophyll
fluorescence emission (Duffour et al., 2015; Liu et al., 2015; Yang
and Van der Tol, 2018; Biriukova et al., 2020), only a few studies
have focused on the overall performance of the model in simulating
energy balance and carbon fluxes. Wolanin et al. (2019) combined
SCOPE with a machine learning approach to estimate Gross Primary
Productivity (GPP) from Sentinel-2 and Landsat 8 for five cropland
(CRO) sites. Pardo et al. (2018) used SCOPE forced with MODIS and
MERIS LAI to simulate GPP, net ecosystem exchange, latent, sensible
and ground heat flux for rapeseed. Bayat et al. (2018) used Landsat 8
optical and thermal data to constrain SCOPE simulations of GPP and 𝜆E
at a grassland (GRA) site during drought. Dutta et al. (2019) proposed a
SCOPE optimization framework for retrieval of biochemical parameters
from flux data of CRO and deciduous broadleaf forest (DBF). Another
strategy tested on Mediterranean savannah (SAV) constrained SCOPE
with optical reflectance, thermal radiance and GPP flux to retrieve plant
traits (Pacheco-Labrador et al., 2019).

Since mentioned works focused on single-site studies and used site-
specific model adjustments, there is a need to perform a multi-site
evaluation of the default SCOPE model. In this study we

1. quantify the accuracy of SCOPE-simulated fluxes,
2. determine the best performing combination of input data

sources,
3. evaluate the individual contributions of meteorological, struc-

tural and biochemical (prior) input variables to the variability
(in space and time) of simulated GPP and evapotranspiration
2

(ET).
2. Materials and methods

2.1. SCOPE

SCOPE simulates four-stream radiative transfer among horizontal
canopy layers, each consisting of leaves with a stochastically described
distribution of orientations towards the sun and sensor (Van der Tol
et al., 2009; Yang et al., 2020a). The model considers the electromag-
netic spectrum from 0.4 to 50 μm, thus including both the optical and
the thermal infrared domains. In comparison with well-known land
surface models such as SiB (Sellers et al., 1986), ORCHIDEE (Krinner
et al., 2005), CLASS (Verseghy, 2000), JULES (Clark et al., 2011; Best
et al., 2011) or CLM (Dai et al., 2003), SCOPE uses a more detailed rep-
resentation of the radiative transfer: apart from distinguishing between
sunlit and shaded leaves, it also differentiates irradiance within these
two groups of leaves depending on their orientations, which results in
more accurate flux simulations (Bonan et al., 2021), but, primarily, a
better simulation of satellite signals. However, the representation of the
subsurface and the soil–vegetation interaction in SCOPE is less detailed.

The photosynthesis rate per leaf layer and leaf inclination class
is calculated with a classic photosynthesis and stomatal conductance
model (Collatz et al., 1991, 1992; Van der Tol et al., 2014), the key
parameters of which are the maximum carboxylation capacity at 25 ◦C
(𝑉 𝑐𝑚𝑎𝑥25) and the slope of Ball-Berry equation (BallBerrySlope). Except
for the 𝑉 𝑐𝑚𝑎𝑥25, which follows an exponential decline with depth in the
canopy in accordance with average illumination, all photosynthesis and
stomatal parameters are uniform in the whole canopy. The leaf pigment
contents were assumed uniform in vertical profile as well.

The energy balance component of SCOPE is a multi-source soil-
canopy model that adjusts components’ temperature until the balance
closes (the net radiation matches the sum of sensible, latent and ground
heat flux). An aerodynamic resistance scheme is used to partition the
net absorbed radiation of each leaf layer and leaf inclination class
into sensible and latent heat fluxes (Verhoef and Wallace, 2000). The
sensible heat flux is driven by the gradient between individual leaf
temperatures and the air temperature above the vegetation (at the
reference measurement height) and the aerodynamic resistance. The
aerodynamic resistance depends on surface roughness, wind speed and
the atmospheric stability, which, in turn, depends on the ratio of
buoyancy over mechanical turbulence according to Monin–Obukhov
theory (Wallace and Verhoef, 2000; Paulson, 1970). In contrast to
popular single source (SEBAL (Bastiaanssen et al., 1998), SEBS (Su,
2002), METRIC (Allen et al., 2007)) and two-source (TSEB (Norman
et al., 1995)) energy balance models, SCOPE does not require land
surface temperature as an input variable.

Upscaling of photosynthesis and energy fluxes from leaf to canopy
level is carried out by simple integration (weighted sums), where the
relative contributions of sunlit and shaded leaves are calculated from
the gap fractions and the relative contributions of leaf angle classes.

All default values for SCOPE input parameters used in this study
can be found in Table C.6, options are presented in Table C.7. There
were, however, two modifications conducted. Firstly, the effect of
soil_heat_method option was modified. In the original SCOPE model
soil_heat_method 2 assigns 35% of soil net radiation to ground heat flux
(G). Such assumption is justified during daytime hours (Timmermans
et al., 2013), but not on a daily scale, when net radiation is positive,
leading to a consistently positive G and Earth heating. Therefore, we
set the G value to 0 W m−2, to ensure the physically realistic annual
sums. Secondly, SCOPE output parameter Actot represents net leaf
assimilated carbon, with leaf respiration rate (Rd) determined as a
fraction of 𝑉 𝑐𝑚𝑎𝑥25: 𝑅𝑑 = 𝑅𝑑𝑝𝑎𝑟𝑎𝑚 ⋅𝑉 𝑐𝑚𝑎𝑥25. To make Actot represent
GPP we disabled leaf respiration, setting Rdparam to 0 throughout all

simulations.
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2.2. Sensitivity analyses

We conducted global (GSA) and local (LSA) sensitivity analyses of
the SCOPE model to meteorological and biochemical input parame-
ters. These sensitivity analyses enabled us to evaluate the effect of
alternative input data sources, and their accuracy requirement (e.g. lo-
cally measured versus climate reanalysis weather forcing). Previously
reported GSAs of SCOPE model focused mostly on reflectance and
solar-induced chlorophyll fluorescence (Verrelst et al., 2015, 2016) or
thermal emitted radiance fluxes (Prikaziuk and Van der Tol, 2019).
GPP sensitivity to vegetation and soil traits was addressed by Wolanin
et al. (2019), however, meteorological inputs were not considered and
𝑉 𝑐𝑚𝑎𝑥25 was parametrized as a function of leaf chlorophyll content
(𝐶𝑎𝑏), resulting in the overestimation of 𝐶𝑎𝑏 importance for GPP, com-
ared to Koffi et al. (2015). GSA for total (sum of soil and vegetation
omponents) net radiation and 𝜆E was conducted by Jin et al. (2019),
lso considering a limited number of input parameters. Therefore, in
ur study, GSA target variables were canopy photosynthesis (GPP) and
oth total and individual component (soil, vegetation canopy) energy
alance fluxes (𝜆E, H, G and net radiation (Rn)). We varied optical, bio-
hemical and meteorological parameters of the original SCOPE model;
etails of the GSA setup can be found in Prikaziuk and Van der Tol
2019). Briefly, the Sobol’ method from SALib Python package was used
or 32 input parameters and after 600,000 model runs first and total
rder sensitivity indices were calculated for target fluxes. The values
f the most influential and at the same time incontestable meteorolog-
cal parameters, incoming shortwave and longwave radiation and air
emperature, were fixed to their default values of 600 W m−2, 300 W
−2 and 20 ◦C, respectively.

In contrast to GSA, LSA changes one value per run (thus does not
ake parameter interaction into account), but shows the direction and
agnitude of a target variable change. A published LSA of SCOPE

or GPP used a fixed air temperature Koffi et al. (2015). Duffour
t al. (2015) conducted LSA for energy balance fluxes varying only
iochemical variables (𝑉 𝑐𝑚𝑎𝑥25 and the stomatal marginal water cost
f carbon assimilation); the results were presented in terms of RMSE
nd bias, which are rather case specific than general. LSA conducted in
he present work demonstrates the effect of the temperature correction
ption of SCOPE on GPP, 𝜆E and H and the maximum possible sim-
lated values of these output variables. Parameters that showed GSA
otal sensitivity index values higher than 0.05 were sampled within the
ame ranges as in GSA and used for LSA simulations. LSA was run for
ight LAI classes 0.1, 0.5, 1, 2, 3, 4, 5, 6 m2 m−2.

.3. Parametrization of SCOPE

Apart from testing the overall performance of the SCOPE model, we
ere specifically interested in the contribution of various model inputs

o explaining the variability in measured fluxes. The configuration of
COPE model options is presented in Table C.7, fixed input parameters
re given in Table C.6, eddy-covariance site-specific parameters are
isted in Table C.5, and plant functional type-specific biochemical pa-
ameters can be found in Table 1. Site-specific LAI and meteorological
ariables from Table 2 varied daily per site. Below we list the sources
f data and motivate our choice.

.3.1. Vegetation structure
Several polar-orbiting satellites provide global coverage at a nearly

aily temporal resolution, such that multiple cloud-free images of
he area of interest per year are available almost everywhere. This
llows for the retrieval of time series of vegetation traits – LAI and
eaf chlorophyll content (𝐶𝑎𝑏) – with numerical, physical or hybrid
pproaches (Verrelst et al., 2018). Such time series carry uncertainty
n representativeness due to varying viewing geometry among images,
arying atmospheric conditions, and differences in pixel geo-location
mong orbits (Prikaziuk et al., 2021). As a result, additional filters and
3

uality control metrics are required to obtain a realistic time series of
etrieved surface properties. There are spatial and temporal differences
etween available products (Fang et al., 2013; Jiang et al., 2017),
hich seriously affects simulated fluxes (Liu et al., 2018). Lately the
opernicus Global Land Service LAI product has been proven to deliver
igh quality data (Fuster et al., 2020) and was used for global 𝐶𝑎𝑏
uantification (Croft et al., 2020). The 10-daily smooth 300-m product
ombines Sentinel-3 Ocean and Land Colour Instrument (OLCI) and
ROBA-V data in a Neural Network. The LAI values per site were
xtracted with Jupyter notebook on Terrascope platform server of
ITO (VITO, 2022) and downloaded.

Local sensitivity analysis showed that the response of fluxes to 𝐶𝑎𝑏
aturates after the value of 10 μg cm−2. 𝐶𝑎𝑏 retrieved from Sentinel-

OLCI top of atmosphere radiance with SPART model (Yang et al.,
020b, 2021) never reached such low values, therefore 𝐶𝑎𝑏 values were
ixed to 40 μg cm−2 throughout the simulations.

.3.2. Vegetation functioning
In contrast to structural vegetation traits, functional parameters,

aximum carboxylation capacity of rubisco (𝑉 𝑐𝑚𝑎𝑥25) and the Ball-
erry stomatal parameter (BallBerrySlope), do not have specific spec-
ral signatures and cannot be directly retrieved from optical remote
ensing. There are, however, various empirical parametrization schemes
hat can be applied.

In some studies 𝑉 𝑐𝑚𝑎𝑥25 was estimated from solar-induced chloro-
hyll fluorescence (SIF) (Zhang et al., 2014; He et al., 2019), but this
esearch is still in an early stage and SIF data are not available at the
patial resolution of Sentinel-3 data. However, the upcoming ESA FLEX
ission, designed for SIF estimation in tandem with Sentinel-3 (Drusch

t al., 2017), may be used in the future. 𝑉 𝑐𝑚𝑎𝑥25 can also be calculated
ith empirical formula from leaf chlorophyll content (Luo et al., 2019)
r canopy chlorophyll content expressed in MERIS terrestrial chloro-
hyll index (MTCI) (Alton, 2017); Sentinel-3 OLCI level-2 OLCI product
s the successor of MTCI (Pastor-Guzman et al., 2020). Thermal domain
ata, such as land surface temperature, have theoretically been found
o be useful for 𝑉 𝑐𝑚𝑎𝑥25 retrieval, but in practice, we have not been
ble to achieve the acceptable quality of such retrievals yet (Prikaziuk
nd Van der Tol, 2019).

For lack of a universal, quantitative understanding of the relation of
𝑐𝑚𝑎𝑥25 with remotely sensed indicators, the usage of a single value
f 𝑉 𝑐𝑚𝑎𝑥25 per plant functional type (PFT) remains the most popular

way of the ecosystem flux model parametrization. Common 𝑉 𝑐𝑚𝑎𝑥25
per PFT data sources are the TRY database (Kattge et al., 2009) and
multiple model optimization studies (Groenendijk et al., 2011; Norton
et al., 2019).

We evaluated the effect of the choice of sources of 𝑉 𝑐𝑚𝑎𝑥25 and
BallBerrySlope parameters alternative to the default SCOPE values
of 60 μmol CO2 m−2 s−1 and 8, respectively (Table 1). The work
of Groenendijk et al. (2011) was selected because, along with 𝑉 𝑐𝑚𝑎𝑥25,
the authors reported the 𝜆 parameter (the marginal water cost of
carboxylation) which can be converted to the SCOPE BallBerrySlope
parameter (Eq. (A.1)) The SCOPE-optimized PFT-dependent values of
𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope were estimated from daily SCOPE simula-
tions by minimizing root-mean-square error and the absolute value of
bias simultaneously for GPP and 𝜆E (Section 3.2.5, Fig. 9).

Recent studies demonstrate that the ecosystem flux of CO2 is simu-
lated more accurately when 𝑉 𝑐𝑚𝑎𝑥 values vary seasonally (Wang et al.,
2019; Luo et al., 2018; Ryu et al., 2011). We scaled 𝑉 𝑐𝑚𝑎𝑥 based on
LAI so that the maximum seasonal value equals to the value in Table 1
(i.e. to 𝑉 𝑐𝑚𝑎𝑥25) (Ryu et al., 2011; Luo et al., 2018)

𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 = 0.3 ⋅ 𝑉 𝑐𝑚𝑎𝑥25 + 0.7 ⋅ 𝑉 𝑐𝑚𝑎𝑥25 ⋅
LAI − LAI𝑚𝑖𝑛

LAI𝑚𝑎𝑥 − LAI𝑚𝑖𝑛
(1)

The effects of the extinction coefficient, temperature correction and
LAI-imposed seasonality on 𝑉 𝑐𝑚𝑎𝑥 are shown in Fig. B.14.
25
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Table 1
𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope values used for simulations. Default SCOPE plant functional type (PFT) independent values (default), values from
Groenendijk et al. (2011) (table 3 therein) and PFT-optimized SCOPE values. Details on the calculation of BallBerrySlope (SCOPE) from the
marginal water cost of evaporation 𝜆 used by Groenendijk et al. (2011) are presented in A.

PFT 𝑉 𝑐𝑚𝑎𝑥25 μmol CO2 m−2 s−1 BallBerrySlope

SCOPE
default

Groenendijk SCOPE
PFT-optimized

SCOPE
default

Groenendijk SCOPE
PFT-optimized

CRO 60 48.6 50 8 7.6 6
GRA 60 43.3 50 8 12.8 10
ENF 60 34.3 40 8 11.6 10
MF 60 36.4 40 8 8.3 6
DBF 60 30.9 40 8 7.6 6
EBF 60 34.3 10 8 10.8 2
SAV 60 18 50 8 13.8 6
OSH 60 33.3 50 8 9 2
CSH 60 33.3 10 8 9 8
WET 60 33 20 8 9 8
Table 2
Correspondence of SCOPE, eddy covariance and ERA variables. Notice that ERA variables expressed in J m-2 must be divided by the number of seconds in the period to convert
Joules to Watts: 3600 s for hourly, 86400 s for daily. satvap is a function that calculates vapour pressure from temperature 𝑇 in ◦C 6.107 ⋅ 10

7.5⋅𝑇
237.3+𝑇 . SCOPE automatically converts

vapour pressure deficit (VPD) into atmospheric vapour pressure (ea) in timeseries run.
Name SCOPE EC unit ERA Unit

Input parameters
incoming shortwave radiation 𝑅𝑖𝑛 SW_IN_F W m−2 ssrd J m−2

incoming longwave radiation 𝑅𝑙𝑖 LW_IN_F W m−2 strd J m−2

air temperature 𝑇𝑎 TA_F ◦C t2 m −273.15 K
atmospheric vapour pressure 𝑒𝑎 𝑠𝑎𝑡𝑣𝑎𝑝(TA_F)–VPD_F hPa 𝑠𝑎𝑡𝑣𝑎𝑝(d2 m −273.15) K
air pressure 𝑝 PA_F hPa sp ⋅ 0.01 Pa
wind speed 𝑢 WS_F m s−1

√

𝑢102 + 𝑣102 m s−1

Output parameters
outgoing shortwave radiation HemisOutShort SW_OUT W m−2 ssr–ssrd J m−2

outgoing longwave radiation HemisOutLong LW_OUT W m−2 str–ssrd J m−2

sensible heat flux Htot H_F_MDS (H_CORR) W m−2 sshf J m−2

latent heat flux lEtot LE_F_MDS (LE_CORR) W m−2 slhf J m−2

ground heat flux Gtot G_F_MDS W m−2 – –
photosynthesis Actot GPP_NT_VUT_USTAR50 μmol CO2 m−2 s−1 – –
2.3.3. Meteorological data
Accurate meteorological variables are crucial for flux simulations

and global weather reanalysis products serve this purpose. They are
indispensable for global mapping since they are the spatially contin-
uous meteorological data source. We compared the runs using locally
measured meteorology at eddy covariance stations (EC) with the runs
using climate reanalysis meteorological forcing (ERA).

We used the global meteorological data distributed within the Warm
Winter 2020 flux product. These values originate from ERA5-Land (ear-
lier ERA-Interim (Berrisford et al., 2011)) hourly data from Copernicus
Climate Data Store (Muños Sabater, 2019). The dataset contains values
of two types — instantaneous (ready to use) and accumulations (dif-
ference with the previous time step has to be taken to obtain the daily
cycle). The resulting hourly time series are averaged to daily values.
The native resolution of the datasets is 9 km by 9 km. The FLUXNET
team conducts de-biasing in order to better represent tower-scale val-
ues (Vuichard and Papale, 2015) (Fig. B.12). The correspondence of
SCOPE and ERA5 variable names is presented in Table 2.

2.4. Validation data

The Warm Winter 2020 eddy covariance flux product (Warm Winter
2020 Team and ICOS Ecosystem Thematic Centre, 2022) across Eu-
rope was used in this study as a source of measured and reanalysis
meteorological data (EC, ERA, respectively) and the validation data.
We selected 63 out of 73 sites (Table C.5, Fig. 1). Eddy-covariance
measurements are known to have energy balance closure errors (Wilson
et al., 2002; Mauder et al., 2020), which can be corrected if ground heat
flux (G_F_MDS) is available. At forty-five sites the corrected for energy
balance closure latent (LE_CORR) and sensible (H_CORR) heat fluxes
4

were present. The correction was conducted by the FLUXNET on the
premise of the correct Bowen ratio (Pastorello et al., 2020). The daily
variables used in this study for SCOPE parametrization and validation
are listed in Table 2.

2.4.1. Model performance indicators
We evaluated the accuracy of the simulated fluxes temporally and

across sites. The temporal comparison was conducted on daily data,
the inter-site comparison on annual sums of data, representing 4–
5 years for most of the sites. The fluxes were evaluated in terms of the
coefficient of determination (𝑅2) root-mean-square error (RMSE) and
bias (the mean of the difference between modelled and measured flux).
Relative bias (rbias) and RMSE (rRMSE) were computed in relation to
the range of measured values.

3. Results

3.1. Sensitivity analyses

3.1.1. Global sensitivity analysis
The global sensitivity analysis (GSA) examined the meteorological

drivers (relative humidity (𝑟𝐻) (converted to the actual vapour pres-
sure, 𝑒𝑎), air pressure (𝑝), wind speed (𝑢), as well as the parameters
that can be retrieved from optical remote sensing (LAI, 𝐶𝑎𝑏) and prior
literature-based inputs (𝑉 𝑐𝑚𝑎𝑥25, BallBerrySlope) on simulated target
fluxes (GPP, 𝐻 , 𝜆E). Incoming shortwave and longwave radiation and
air temperature were fixed to their default values of 600 W m−2, 300 W
m−2 and 20 ◦C, respectively. Fig. 2 shows the results of the GSA for
the parameters that exceeded the total sensitivity index threshold of
0.05. The distribution of the net radiation over soil and vegetation
canopy was strongly affected by LAI, which was the most important

parameter for explaining both the net radiation and all energy fluxes
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Fig. 1. 63 eddy-covariance sites from the Warm Winter 2020 eddy covariance flux product (Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2022) used for
validation in this study.
of the soil background: sensible (H𝑠), latent (𝜆E𝑠) and ground (G)
heat fluxes (Fig. 2). Total net radiation (soil and canopy combined)
revealed the influence of all studied parameters, as they all influence
soil and leaf temperature and, consequently, thermal emitted radiation
during the energy balance iterations. For 𝜆E𝑠 flux the soil resistance
to evaporation (𝑟𝑠𝑠) had as much influence than the LAI. Interestingly,
the 𝑟𝑠𝑠 parameter was not equally important for the H𝑠 flux, although
the available energy is partitioned between those two fluxes. The H𝑐
and 𝜆E𝑐 fluxes of the canopy and the soil and canopy combined (H)
were sensitive to a larger number of parameters; structural parameters
of leaf (𝐶𝑎𝑏) and canopy (LAI), biochemical parameters (𝑉 𝑐𝑚𝑎𝑥25 and
BallBerrySlope), and environmental parameters (𝑝, 𝑟𝐻). As expected,
the parameter regulating stomatal conductance, BallBerrySlope, was
the most important for the transpiration (𝜆E𝑐). For the photosynthesis
flux the influence of stomatal conductance and the carboxylation ca-
pacity was equal between each other and also equal to the sensitivity
of GPP to LAI and 𝐶𝑎𝑏.

Note that GSA accounts for variable interactions and it calculates
the impact of each variable of a complex model more precisely, but it
neither reveals the direction nor the magnitude of the target variable re-
sponse to changes of the input variable. The latter is demonstrated with
the local sensitivity analysis (LSA) for the most influential variables
according to the GSA.

3.1.2. Local sensitivity analysis
Fig. 3 illustrates the sensitivity of GPP, 𝜆E and H to the most influ-

ential biochemical (𝑉 𝑐𝑚𝑎𝑥25, BallBerrySlope) and environmental (𝑅𝑖𝑛,
𝑇𝑎) parameters at various levels of the structural parameter (LAI). The
responses of GPP and 𝜆E were similar in terms of the direction of the
parameter change (the higher — the higher). In terms of the magnitude
GPP response to 𝑉 𝑐𝑚𝑎𝑥25 was larger than that of 𝜆E; GPP changed
by a factor of 4 from 10 to 40 μmol m−2 s−1, whereas 𝜆E showed a
change by only a factor of 2 from 100 to 200 W m−2. The situation
was exactly the opposite for the response to BallBerrySlope, where the
saturation of GPP was achieved at around the value of BallBerrySlope of
5

10, whereas the 𝜆E demonstrated an almost linear increase without any
saturation. The 𝑅𝑖𝑛 response was somewhat similar to BallBerrySlope,
with saturation for GPP but not for 𝜆E. The difference in 𝑇𝑎 response
due to the temperature correction of rate coefficients and 𝑉 𝑐𝑚𝑎𝑥25 led
to a decrease in GPP and 𝜆E at high and low air temperature, but the
decrease in GPP was more pronounced.

The responses of 𝜆E and H were, as expected, opposite, except for
Rin, the increase of which led to higher values of both 𝜆E and H.

Fig. B.15 shows the sensitivity of fluxes the other parameters: leaf
chlorophyll content (𝐶𝑎𝑏), soil resistance to evaporation (𝑟𝑠𝑠), wind
speed (𝑢), incoming longwave radiation (𝑅𝑙𝑖) and actual vapour pres-
sure (𝑒𝑎). We notice that the flux values grew rapidly within the 𝐶𝑎𝑏
range from 0 to 10 μg cm−2 above which the responds saturated. The
high sensitivity at low chlorophyll values are responsible for the high
GSA index for 𝐶𝑎𝑏. Because such low values of 𝐶𝑎𝑏 are rare at the
FLUXNET sites used in our study, we kept 𝐶𝑎𝑏 fixed throughout the
simulations.

3.2. Model evaluation against eddy covariance data: daily per site

The aggregated validation metrics of SCOPE-simulated fluxes on
daily bases are presented in Fig. 4. The specific cases of ecosystems in
Subtropical Mediterranean climate, CRO and WET are discussed in the
sections below. The section concludes with the optimization scheme.

3.2.1. SCOPE performance for daily average fluxes
Fig. 4 presents the comparison metrics of daily simulated GPP, 𝜆E

and H to eddy covariance measurements. The R2 values were high:
0.75 ± 0.12 (the standard deviation among all 63 sites) for GPP,
0.67 ± 0.16 for 𝜆E, and 0.47 ± 0.17 for H. Those values did not
differ significantly between the default and literature values of 𝑉 𝑐𝑚𝑎𝑥25
and BallBerrySlope. The addition of LAI-seasonality to 𝑉 𝑐𝑚𝑎𝑥25 largely
reduced the RMSEs and biases for GPP and 𝜆E, making the case of
PFT-specific 𝑉 𝑐𝑚𝑎𝑥25 with LAI seasonality (‘‘Groenendijk s’’) the best
performing: GPP RMSE = 2.3±0.8 μmol m−2 s−1, bias = −0.2±1.0 μmol
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Fig. 2. Total sensitivity index values of global sensitivity analysis (GSA) of ecosystem fluxes simulated with the SCOPE model. The uncontested meteorological parameters were
fixed: air temperature (𝑇𝑎) to 20◦𝐶, incoming shortwave radiation (𝑅𝑖𝑛) to 600 W m−2, incoming longwave radiation (𝑅𝑙𝑖) to 300 W m−2. Subscripts: s — soil flux, left column, c
— canopy (vegetation) flux, middle column. Rn — net radiation, H — sensible heat flux, 𝜆E — latent heat flux, G — ground (soil) heat flux, GPP — photosynthesis rate. Colour
represents parameter group: leaf, canopy, aerodynamics, biochemical or environmental. Red line denotes 0.05 significance threshold. Parameters: leaf – 𝐶𝑎𝑏 – leaf chlorophyll
content; canopy – LAI – leaf area index; aerodynamics – 𝑟𝑠𝑠 – soil resistance to evaporation, 𝑟𝑤𝑐 — within-canopy aerodynamic resistance; biochemistry – Vcm – maximum
carboxylation capacity at 25 ◦C (𝑉 𝑐𝑚𝑎𝑥25), 𝐵𝐵𝑆 — Ball-Berry slope parameter (BallBerrySlope); environment – 𝑟𝐻 – relative humidity (the proxy of 𝑒𝑎), 𝑝 — atmospheric pressure,
𝑢 — wind speed. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
m−2 s−1, 𝜆E RMSE = 24 ± 8 W m−2 bias = 4 ± 9 W m−2. At the same
time, the case of the default 𝑉 𝑐𝑚𝑎𝑥25 with LAI seasonality (‘‘default s’’)
was a bit worse: GPP RMSE = 2.9±0.9 μmol m−2 s−1, bias 1.3±1.0 μmol
m−2 s−1, 𝜆E RMSE = 25 ± 7 W m−2 bias = 5 ± 10 W m−2; the over-
estimation of the GPP flux is clear from the bias values. We optimized
𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope values per PFT to demonstrate the peak
performance of SCOPE on the dataset (see Section 3.2.5) and the values
were not much better than the ones achieved with ‘‘Groenendijk s’’;
GPP RMSE = 2.2±0.9 μmol m−2 s−1, bias 0±0.8 μmol m−2 s−1, 𝜆E RMSE
= 21 ± 7 W m−2 bias = 0 ± 8 W m−2. The optimization mostly reduced
biases.

PFT-wise the performance was even in terms of RMSE and bias,
however, certain grouping can be observed based on the R2 values. For
GPP flux, three R2 groups can be identified OSH, CSH with R2 around
0.6, GRA, ENF with R2 around 0.7 and the remaining PFTs with R2

around 0.8. For 𝜆E, two groups are visible CRO, ENF and OSH with R2

around 0.6 and the other with R2 around 0.8. For H there were also
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two groups with low (CRO, GRA, ENF, MF, DBF) and high (SAV, OSH,
CSH, WET) accuracy in terms of the R2 and RMSE.

As far as individual sites comparison is concerned, the largest
discrepancies were visible in 𝜆E and H, especially for an EBF, a site
located in Subtropical Mediterranean climate zone, which is described
in detail in the following section.

3.2.2. Subtropical mediterranean (drought-prone) ecosystems
Ten eddy-covariance sites were located in subtropical Mediter-

ranean climate: 4 forests (DBF, EBF, ENF, MF), 2 OSH, 4 SAV. For
most of the sites the default SCOPE simulation of 𝜆E did not match
the observations during the drought period in summer (Fig. 6). Al-
though recently SCOPE has been coupled to the hydrological model
STEMMUS (Wang et al., 2021b) to address this issue, we present
results for a simpler parametrization of water limitation for the ES-LM1
Mediterranean dehesa (SAV) site.
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Fig. 3. Local sensitivity analysis (LSA) of SCOPE modelled fluxes at varying LAI levels (legend). Top — gross primary productivity (GPP), middle — latent heat flux (𝜆E), bottom
— sensible heat flux (𝐻). 𝑉 𝑐𝑚𝑎𝑥25 — maximum carboxylation capacity at 25 ◦C, BallBerrySlope — Ball-Berry slope parameter, 𝑅𝑖𝑛 — incoming shortwave radiation, 𝑇𝑎 — air
temperature. For LSA results for other parameters with high GSA index values see Fig. B.15.
The limitation of SCOPE to represent latent heat flux in Savannah
is evident during the second half of the season (Fig. 5), when the mea-
sured flux diminishes. The transpiration flux in SCOPE can be adjusted
by 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope, which both have a non-linear, positive
effect on the latent heat flux. Compared to the default parameter values,
the value for 𝑉 𝑐𝑚𝑎𝑥25 optimized by Groenendijk et al. (2011) is lower
(13 versus 60 μmol m−2 s−1) and that for BallBerrySlope higher (13.8
versus 8), with a net effect of a lower 𝜆E.

The soil 𝜆E flux in SCOPE can be adjusted by using a soil surface
resistance parameter 𝑟𝑠𝑠 dependent on soil moisture (Pacheco-Labrador
et al., 2019) or soil hydraulic conductivity (Bayat et al., 2019), re-
trieved from the thermal infrared data (Bayat et al., 2018) or modelled
with a hydrological model (Wang et al., 2021b). We found that the
(optional) default empirical relation of 𝑟𝑠𝑠 with SMC in SCOPE, notably
𝑟𝑠𝑠 = max(11.2 ⋅exp(42 ⋅ (0.22−𝑆𝑀𝐶)), 500) already improves the simula-
tion of 𝜆E (Fig. 6), but a more physically based approach would require
parametrization based on soil hydraulic properties (Van de Griend and
Owe, 1994). For this reason we did not use a soil moisture dependent
𝑟𝑠𝑠 at sites which are not located in the subtropical Mediterranean
climatic zone. An alternative method of 𝑟𝑠𝑠 retrieval from land surface
temperature (LST) data is presented in the Appendix B.5

3.2.3. Cropland
For croplands (CRO), the field size with respect to the

eddy-covariance fetch and the satellite pixel resolution, crop rota-
tion (Bégué et al., 2018) and crop management require consideration.
Most fields around the sites in this study are small (an average Euro-
pean Union field is 16 ha (Eurostat) of greatly varying shape). Since
we were using Sentinel-3 OLCI sensor with the nominal resolution of
300 m and the effective resolution of 700 m (Prikaziuk et al., 2021),
we did an additional check that the pattern of the Sentinel-3-retrieved
LAI coincides with the pattern of Sentinel-2 LAI from Copernicus high
resolution vegetation phenology (HR-VPP) product (Tian et al., 2021)
(Fig. 7).
7

Legislation stipulates crop rotation but the identification of crop
and fallow is a challenging task and often requires satellite data of
high spatial resolution. We concentrated on the FR-Lam site for which
the crop rotation scheme has been published (CESBIO, 2022): irrigated
winter wheat (C3) and corn (C4). Indeed we observed high values of
GPP in 2019 (30 μmol m−2 s−1) when corn was planted (Fig. 8). To
accommodate the photosynthetic pathways in the SCOPE simulations,
we ran the time series for both C3 and C4 sub-models with the cor-
responding (default) parameters but this did not improve neither GPP
nor 𝜆E.

3.2.4. Wetlands
WET was the best case for 𝜆E estimation, probably due to the

absence of any water stress (Fig. B.16). The accuracy of GPP simula-
tions was latitude-dependent: for the northern sites in Sweden (SE-Deg)
and Finland (FI-Sii) GPP was largely overestimated. In these boreal
wetlands, root zone water temperature may limit metabolism even if
air temperatures rise: The measured values did not exceed 3 and 5 μmol
m−2 s−1 for SE-Deg and FI-Sii, respectively. For central European sites
(CZ-wet, FR-LGt) the range of measured GPP values reached 10 μmol
m−2 s−1, of simulated — 15 μmol m−2 s−1.

3.2.5. Optimal parametrization
The 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope parameters could be calibrated to

measured GPP and 𝜆E fluxes, but for each of these fluxes separately the
problem is ill posed. Fig. 9 shows that the minima in RMSE can be found
for the pairs of 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope. In this particular case of
MF, Groenendijk values (green star) were closer to the optimum SCOPE
parametrization (orange start) than the default ones (yellow star).
Yet, for many PFTs both the default and Groenendijk values differed
considerably from the optimized values (Table 1). The coefficient of
determination for the daily flux simulations is driven by the seasonality
of meteorological and LAI data thus it varied little over the whole
𝑉 𝑐𝑚𝑎𝑥 -BallBerrySlope parameter space.
25
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Fig. 4. Performance metrics of SCOPE-simulated daily GPP (top row), 𝜆E (middle row), and H (bottom row). SCOPE was parametrized with daily average eddy covariance
meteorological data (EC) and default, Groenendijk or SCOPE PFT-optimized 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope values (see Table 1): ‘‘s’’ denotes the cases when LAI-seasonality was
added to 𝑉 𝑐𝑚𝑎𝑥25 (𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 ). Red line denotes the target level of bias.
3.3. Model evaluation against eddy covariance data: annual across sites

Fig. 10 shows the inter-site correlation of SCOPE simulated annual
sums of GPP and ET, parametrized with mean per PFT 𝑉 𝑐𝑚𝑎𝑥25 and
BallBerySlope from Groenendijk et al. (2011) and meteorological data
measured at eddy covariance tower (EC). The ecosystems form clusters
that are especially well seen in GPP (top row). One outlier is visible for
𝜆E, in ES-Cnd, EBF, due to water limitation on soil evaporation that was
not well represented with the default representation of 𝑟𝑠𝑠 versus SMC.
The addition of LAI seasonality to 𝑉 𝑐𝑚𝑎𝑥25 reduced the bias and RMSE
of GPP and 𝜆E simulation. SCOPE-simulated values showed a higher
coefficient of determination and lower RMSE and the absolute value of
8

bias when compared against the 𝜆E corrected for the energy balance
closure error of the measurements (LE_CORR).

Table 3 compares the alternative parametrization options. We see
that PFT-specific biochemical values outperformed the default SCOPE
values in both seasonally static and seasonally varying 𝑉 𝑐𝑚𝑎𝑥25. Com-
pared to using locally measured meteorology (EC), the use of climate re-
analysis meteorological ERA5-land data did not worsen the simulation
results.

3.4. Scenario analysis

In order to show the individual contribution of input parameters to
the simulated fluxes, we conducted a set of simulations described in
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Fig. 5. The individual contributions of 𝑉 𝑐𝑚𝑎𝑥25, BallBerrySlope (BBS) and 𝑟𝑠𝑠 onto GPP and 𝜆E fluxes in the example of Mediterranean dehesas (SAV) ES-LM1 site. Left column
— GPP, middle column — total 𝜆E, right column — 𝜆E components: 𝜆E canopy (transpiration) and 𝜆E soil (evaporation). Blue — eddy covariance data, orange, brown and green
— modelled value, shading — real data, line — 15-day moving average. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
Table 4 and compared the predictions with the measured values at the
annual scale across sites. The initial bench-marking ‘‘naive’’ scenario
(#1) was the run on the mean seasonal cycle of meteorological data and
average LAI. In the second and third scenario’s, the observed values of
one of the components (LAI (#2) or meteorology (#3)) were taken into
account, and in the fourth, both predictors together (LAI + meteorology
(#4)). In the final scenarios, the PFT-optimized values of 𝑉 𝑐𝑚𝑎𝑥25 and
BallBerrySlope were used without (#6) and with (#7) the LAI-driven
seasonality of 𝑉 𝑐𝑚𝑎𝑥25. The results are presented in Figs. 11, B.18.

For GPP flux the ‘‘naive’’ scenario resulted in the RMSE of around
1150 g C m−2 yr−1 and the R2 of 0.72. The inclusion of LAI (#2)
decreased the RMSE by 200 g C m−2 yr−1, the inclusion of meteoro-
logical data (#3) reduced the metric only by 150 g C m−2 yr−1, which
shows higher influence of LAI seasonality onto GPP. The substantial
improvement in the simulation performance was achieved when the
9

seasonality of 𝑉 𝑐𝑚𝑎𝑥25 (#5, #7) and PFT-dependency (#6, #7) were
considered. When 𝑉 𝑐𝑚𝑎𝑥25 was kept constant RMSE was 859 g C m−2

(#4) or 425 g C m−2 (#6). When 𝑉 𝑐𝑚𝑎𝑥25 seasonality was driven by
LAI RMSE went down to 503 g C m−2 yr−1 (#5) or 308 g C m−2 yr−1

(#7).
The ET flux was evaluated both against the uncorrected and the

energy balance closure corrected versions of the field data. The initial
‘‘naive’’ simulation had a moderate performance with the RMSE of
179 mm yr−1 (R2 = 0.30) for the uncorrected flux and the RMSE of
121 mm yr−1 (R2 = 0.61) for the corrected flux. Similarly to the GPP
flux, the inclusion of LAI (#2) resulted in a larger improvement of
the simulations than the inclusion of the actual meteodata (#3); for
uncorrected flux RMSEs of #2 was 144 mm yr−1 (R2 = 0.28), of #3
was 165 mm yr−1 (R2 = 0.29), for corrected flux RMSEs of #2 was
101 mm yr−1 (R2 = 0.56), of #3 was 107 mm yr−1 (R2 = 0.62).
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Fig. 6. Simulations of 𝜆E flux for sites in subtropical Mediterranean climate. Blue — measured flux, green — default 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 case, red — default 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 case with 𝑟𝑠𝑠
computed from soil moisture content, where it was available. Shading — real data, line — 15-day moving average. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
Fig. 7. The effect of the field size onto the retrieved LAI. Blue line — LAI from Sentinel-3 (1 pixel), orange line — LAI from Sentinel-2, average of all pixels within the field
boundary. CH-Oe2 (right) is the smallest field in our dataset. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
Table 3
The effect of various 𝑉 𝑐𝑚𝑎𝑥 and meteorological data sources on SCOPE-simulated annual sums of GPP and ET. Numbers in bold represent the best case. For ET the uncorrected
flux (LE_F_MDS) was used.

GPP g C m−2 yr−1 ET mm yr−1

R2 RMSE rRMSE bias R2 RMSE rRMSE bias

EC

Vcmax static (𝑉 𝑐𝑚𝑎𝑥25)

default 0.73 859 0.30 792 0.30 136 0.27 86
Groenendijk EC 0.71 425 0.15 273 0.36 125 0.25 75

Vcmax seasonal (𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 )

default 0.74 503 0.18 397 0.27 111 0.22 50
Groenendijk EC 0.74 308 0.11 −68 0.31 101 0.20 37

ERA

Vcmax static (𝑉 𝑐𝑚𝑎𝑥25)

default ERA 0.74 866 0.30 800 0.29 165 0.33 100
Groenendijk ERA 0.71 427 0.15 275 0.33 153 0.30 90

Vcmax seasonal (𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 )

default ERA 0.75 500 0.17 396 0.28 137 0.27 64
Groenendijk ERA 0.74 307 0.11 −71 0.30 125 0.25 52
10
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Fig. 8. The effect of the C3-C4 crop rotation in the example of FR-Lam field. Blue — eddy covariance flux, orange — default 𝑉 𝑐𝑚𝑎𝑥25 case, green — default 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 case. Line
— 15-day moving average. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Table 4
Scenario definitions.

# scenario meteo LAI 𝑉 𝑐𝑚𝑎𝑥25
BallBerrySlope

1 naive mean seasonal mean default
2 + LAI mean seasonal S3-retrieved default
3 + meteo EC-measured mean default
4 + meteo + LAI EC-measured S3-retrieved default
5 + meteo + LAI + seasonality EC-measured S3-retrieved default s
6 + meteo + LAI + opt𝐺𝑟𝑜𝑒𝑛𝑒𝑛𝑑𝑖𝑗𝑘 EC-measured S3-retrieved Groenendijk
7 + meteo + LAI + opt𝐺𝑟𝑜𝑒𝑛𝑒𝑛𝑑𝑖𝑗𝑘 + seasonality EC-measured S3-retrieved Groenendijk s
8 + meteo + LAI + opt𝑃𝐹𝑇 + seasonality EC-measured S3-retrieved PFT-optimized s
9 + meteo + LAI + opt𝑠𝑖𝑡𝑒 + seasonality EC-measured S3-retrieved site-optimized s
The addition of PFT-dependence (#4 → #6) improved the simulations
when compared to the ET but worsened it when compared to the
ET CORR. Further addition of the 𝑉 𝑐𝑚𝑎𝑥25 seasonality (#4 →#5, #6
→#7) reduced the R2 by 0.05 but also reduced the RMSE, with a
more pronounced improvement (20 mm yr−1 RMSE reduction) for the
uncorrected flux.

Overall, the scenario analysis demonstrated that the most complete
case (#7 PFT-specific 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope with seasonally
varying 𝑉 𝑐𝑚𝑎𝑥25) demonstrated the highest accuracy for both GPP and
ET, but not for the ET CORR where the default PFT-independent cases
(#4, #5) performed better. It has to be noted that among 63 selected
validation sites only 45 had the corrected ET.

Cases #8 and #9 demonstrate the best possible dataset-fitted per-
formance. The PFT-fitted values (#8) presented in Table 1 may be
considered SCOPE-optimized, as opposed to the Groenendijk values,
which were optimized for a different model. The site-fitted values (#9)
yielded the peak performance of the SCOPE model after calibration of
the 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope parameters. Both optimizations where
performed with seasonally-varying 𝑉 𝑐𝑚𝑎𝑥25.

4. Discussion

4.1. Comparison to existing models and datasets

In this study, we evaluated the performance of SCOPE model sim-
ulated carbon and energy fluxes against 63 European eddy-covariance
11
sites in 10 PFTs. We searched for the most successful (in terms of R2,
RMSE and bias) model parametrization at the daily and yearly scales,
to obtain a better understanding of the roles of remote sensing derived
LAI, meteorological forcing and ancillary input of carboxylation capac-
ity and stomatal regulation as parametrized with the BallBerrySlope.
The vegetation structure parameter (LAI) and meteorological parame-
ters were derived from Earth observation data and we varied functional
parameters 𝑉 𝑐𝑚𝑎𝑥25 and BallBerySlope according to values reported
in the literature. The best performing combination was the mean per
PFT values reported by Groenendijk et al. (2011) with LAI-imposed
seasonality: daily GPP R2 = 0.74 ± 0.12, RMSE = 2.4 ± 0.8 g C m−2

d−1 and bias = -0.2 ± 1.0 g C m−2 d−1, yearly sum GPP R2 = 0.74,
RMSE = 308 g C m−2 yr−1 and bias = −68 g C m−2 yr−1, daily ET R2 =
0.68 ± 0.16, RMSE = 0.84 ± 0.29 mm d−1 and bias = 0.13 ± 0.33 mm
d−1, yearly sum ET R2 = 0.31, RMSE = 101 mm yr−1 and bias = 37 mm
d−1.

Direct comparison of different models is complicated due to differ-
ences in model architecture and the underlying assumptions, and in the
spatial and temporal resolutions of the input parameters. For example,
SCOPE as an energy balance model does not use land surface temper-
ature as input, in contrast to the Two-Source Energy Balance model
(TSEB) (Kustas and Norman, 1999). In contrast to hydrological models,
SCOPE soil water balance is constrained only by energy availability,
but not by root zone water availability. Photosynthesis flux is simulated
by Collatz et al. (1991, 1992) modification of the classic Farquhar et al.
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Fig. 9. The shape of the metric loss-function in the 𝑉 𝑐𝑚𝑎𝑥25-BallBerrySlope parameter space for mixed forest (MF) ecosystems. Top row — GPP, middle row — 𝜆E, bottom row
— H. Left column — R2, middle column — RMSE, right column — bias; all metrics are averages per 5 MF sites. Yellow star — default parametrization, green star — Groenendijk
parametrization, orange star — SCOPE PFT-optimized parametrization (Table 1). All simulations were done with seasonally dynamic 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 . The whiter — the better. Please,
notice that the colorbar ranges of RMSE and bias for 𝜆E and H are not aligned. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)
(1980) model, whereas Light Use Efficiency (LUE) model by Monteith
(1972) is also widely used for satellite products, for example by the
MODIS team (Running and Mu, 2019). Spatial resolution in this study
was determined by the Sentinel-3 OLCI pixel size with the nominal
value of 300 m and the actual footprint of 700 m (Prikaziuk et al.,
2021), the temporal resolution was daily and annual. Acknowledging
that these model representations vary, we compare SCOPE performance
metrics to that of other models.

Boreal Ecosystem Productivity Simulator (BEPS) (Chen et al., 1999)
simulations for 2000–2005 have been compared to MODIS and 40 Eddy
covariance sites earlier (Zhang et al., 2012). The reported annual RMSE
for MODIS was 457 g C m−2 yr−1 (R2 = 0.44), for BEPS 347 g C m−2

yr−1 (R2 = 0.68). 𝑉 𝑐𝑚𝑎𝑥25 values for this study were taken from Kattge
et al. (2009). The Breathing Earth System Simulator (BESS) (Ryu et al.,
2011) global maps for 2001–2015 have been compared to 113 Eddy
covariance sites, MODIS ET (Running et al., 2019) and GPP (Running
and Mu, 2019) products and benchmarked against Max–Planck institute
for biogeochemistry (MPG) GPP and ET products (Jung et al., 2011)
by Jiang and Ryu (2016). The overall 8-day metrics were very similar to
the daily values reported in our work: MODIS GPP R2 = 0.59, RMSE =
2.86 g C m−2 d−1, ET R2 = 0.52, RMSE = 0.86 mm d−1, BESS GPP R2 =
0.67, RMSE = 2.58 g C m−2 d−1, ET R2 = 0.62, RMSE = 0.78 mm d−1.
12
Mean annual sums of MODIS and BESS data demonstrated negative bias
(underestimation) of GPP of approximately −150 g C m−2 yr−1 (MODIS
R2 = 0.57, BESS R2 = 0.52), whereas SCOPE simulations of GPP were
less biased and the coefficient of determination was higher. MODIS and
BESS also underestimated the ET flux by −70 mm yr−1 (MODIS R2 =
0.41, BESS R2 = 0.51), whereas SCOPE overestimated it.

The advantage of SCOPE, BEPS and BESS is their independence
from the measured fluxes, i.e. the measured flux is not used for their
calibration and thus measured fluxes can be used for the validation
of the simulated fluxes. The ability of SCOPE, BEPS and BESS to use
satellite data instead makes the models applicable at larger scales.
At the same time, all these models require more computational time
than statistical models, and prior knowledge of soil and vegetation
parameters, the most important of which for the mentioned models is
𝑉 𝑐𝑚𝑎𝑥25 and the parametrization of stomata. A large number of studies
acquired 𝑉 𝑐𝑚𝑎𝑥25 values from different sources: from leaf scale mea-
surements (Kattge et al., 2009), from solar-induced fluorescence (He
et al., 2019), from thermal radiance (Pacheco-Labrador et al., 2019;
Bayat et al., 2018), from statistical correlation with leaf chlorophyll
content (Croft et al., 2017), from measured GPP flux (Alton, 2017),
from optimality hypothesis (Walker et al., 2017; Jiang et al., 2020).
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Fig. 10. Performance metrics of SCOPE-simulated annual sums of GPP and ET (variability across sites). SCOPE was parametrized with daily average eddy covariance meteorological
data and Groenendijk PFT-dependent values (see Table 1). Top row — GPP, middle row — ET calculated from LE_F_MDS value, bottom row — ET calculated from LE_CORR value.
Left column — simulations with static 𝑉 𝑐𝑚𝑎𝑥25 values, right column — simulations with seasonally varying 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 .
In this study, we avoided the calibration of 𝑉 𝑐𝑚𝑎𝑥25 to flux measure-
ments, although the inversion framework to do so with SCOPE was
developed by Dutta et al. (2019).
13
Several studies have used solar-induced fluorescence (SIF) in ad-
dition to or instead of the multi-spectral reflectance to estimate the
GPP flux, and in a recent study, the possibility of the use of SIF for
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Fig. 11. Performance of the SCOPE model in various scenarios in terms of R2 (x-axis) and RMSE (y-axis) of the annual accumulated GPP and ET fluxes (ET CORR — measured
ET flux, corrected for energy balance closure, LE_CORR, ET — measured, uncorrected, computed from LE_F_MDS). The best model (lowest RMSE, highest R2) would be located
in the bottom right corner. Scenario description can be found in Table 4, the numbers correspond to the increase in input complexity. 8* and 9* are scenarios optimized for ET
CORR flux. The exact values of bias can be found in Table 3. A Taylor plot for the same data is shown in Fig. B.18.
transpiration has been investigated (Maes et al., 2020). Fluorescence
originates from the light-harvesting complexes in plants (Mohammed
et al., 2019). The measured signal of SIF depends on illumination,
absorption, the efficiencies of the subsequent energy dissipation, and
scattering in the canopy. The dependence of SIF on energy dissipation
efficiencies is the cause of the its relation with 𝑉 𝑐𝑚𝑎𝑥25 (Zhang et al.,
2014), but the slope of GPP-SIF relationship is PFT-specific (Koffi et al.,
2015), structure-dependent (Migliavacca et al., 2017; Zhou et al., 2020)
and environment-dependent (Zhou et al., 2020). Wang et al. (2021b)
showed that the non-linear relationship of GPP and SIF was affected by
water stress. However, SIF data have a substantially lower spatial or
temporal resolution than reflectance data, and most available products
require temporal aggregation to reduce noise. The validation of the SIF-
derived maps of GPP against 91 eddy covariance sites (Li and Xiao,
2019) resulted in lower RMSE 1.92 g C m−2 d−1 (R2 = 0.75) than
the one reported in this study. Although these SIF-GPP relations have
been calibrated to field measurements, such studies demonstrate that
SIF can be used to further constrain the structural or photosynthetic
parameters of SCOPE. At the field level, half-hourly time series of
14
hyperspectral optical reflectance data showed promising results for
the GPP prediction with partial least squares regression (PLSR) as
well (Dechant et al., 2019). Again, a comparison of performance is not
meaningful, since a portion of the data was used for training.

The models based on the optimality theory is another group of
models that do not require 𝑉 𝑐𝑚𝑎𝑥25 or 𝑔𝑠 values as input, but rather
infer those parameters from environmental variables (Smith et al.,
2019; Harrison et al., 2021). For example, the P-model (Prentice et al.,
2014; Stocker et al., 2020) uses Farquhar et al. (1980) model and
applies the coordination hypothesis that the carboxylation-limited and
light-limited photosynthesis are equal. The optimality in P-model is the
balance between the cost of carboxylation and transpiration fluxes. The
validation reported by Stocker et al. (2020) shows daily RMSE 1.96 g C
m−2 d−1 (R2 = 0.75) and annual RMSE 399 g C m−2 yr−1 (R2 = 0.69).
Although 𝑉 𝑐𝑚𝑎𝑥25 and 𝑔𝑠 values are not required for the model run,
there is at least one other parameter that has to be calibrated against
the data, the intrinsic quantum yield (𝜙 ).
0
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4.2. Ecosystem-specific cautions

This study examined SCOPE model performance across 10 PFTs and
3 climatic zones, some of which required specific model adjustments.
The largest discrepancy was observed in 𝜆E for some sites in Subtrop-
ical Mediterranean climatic zone due to the seasonal drought period.
Mediterranean dehesa’s (or montado’s) represent a complicated case for
modelling, especially of energy balance fluxes. Their complexity lies in
their multilayer structure: the overstorey is represented by sparsely lo-
cated evergreen trees (Quercus ilex), whereas the understory consists of
grasses and has a strong seasonal pattern, being green in the wet period
(October–April) and dry (bare soil) in the drought period. Burchard-
Levine et al. (2020, 2022) adapted a two-source energy balance for
SAV, converting it into a three-source model. Pacheco-Labrador et al.
(2019, 2021) made an effort to adapt SCOPE for Mediterranean grasses
by including non-green leaves into the canopy. Modelling 𝑟𝑠𝑠 from
soil moisture and using LST to constrain the energy balance are two
fundamentally different approaches. In SAV (the dehesa system) the
canopy is rather closed, and LST is affected by both soil and vege-
tation temperature, but the retrieval of two dynamic parameters (𝑟𝑠𝑠,
BallBerrySlope) from one (LST) is ill-posed, and hence, a combination
of energy and water balance constraints may be pursued.

The use of 300 m pixels is sub-optimal CRO systems, and comple-
mentary information from high resolution (10–20 m) data and crop
rotation are required for correct interpretation at field scale. Our anal-
ysis showed that at 300 m the C3 parametrization performed better
than the crop-dependent C3/C4 parametrization, but this may also be
due to the lack of crop-specific values for 𝑉 𝑐𝑚𝑎𝑥25 and BallBerrySlope.
The footprint of eddy-covariance towers depends on their height, wind
speed and atmospheric stability and it typically lies within 200 m
for CRO (Chu et al., 2021). For towers located on the border of the
two fields (DE-Geb) or surrounded by other PFT (FI-Qvd), weighting
of the half hourly flux by wind direction can lead to more precise
estimates (Heimsch et al., 2021).

The validation dataset comprised a large number of forest sites
(ENF, MF, DBF, EBF). The turbid-medium representation in SCOPE for
radiative transfer may not suffice, due to effects of foliage clumping
that are not considered as for example, in the CliMA model (Wang
et al., 2021a). Although a clumping index for radiative transfer was al-
ready proposed in the soil–leaf-canopy (SLC) model (Verhoef and Bach,
2007), the influence of clumping on 𝜆E and LST via the aerodynamic
resistance scheme remains unclear. Although not including clumping
may lead to the underestimation of GPP (Chen et al., 2012), the flux
simulations for forests in our study appeared even more accurate than
for herbaceous ecosystems.

By choosing PFT dependent parameter sets, the difference within
PFT’s were not considered. For wetlands (WET) this approach appeared
insufficient. No single set of parameters could reproduce the large
difference in GPP between southern (10-12 μmol CO2 m−2 s−1) and
northern sites (< 5 μmol CO2 m−2 s−1). However, fitting of 𝑉 𝑐𝑚𝑎𝑥25
and BallBerrySlope for individual sites is not meaningful if the purpose
is a global application.

5. Conclusion

In this work, we evaluated SCOPE-simulated carbon and energy
fluxes across 63 European eddy covariance sites of 10 plant functional
types (PFT) at daily and yearly time steps. SCOPE was constrained with
Sentinel-3 optical data and global reanalysis ERA5-land meteorological
data. PFT-specific literature values of maximum carboxylation capacity
(𝑉 𝑐𝑚𝑎𝑥25) and BallBerrySlope were tested as an alternative to the
default values. The addition of LAI seasonally to 𝑉 𝑐𝑚𝑎𝑥25 reduced the
bias in flux estimations. We demonstrated the ways of water stress ac-
counting through the computation of the soil resistance to evaporation
from porous space (𝑟𝑠𝑠) parameter from soil moisture content (SMC) or
land surface temperature (LST), which was required in drought-prone
15
subtropical Mediterranean ecosystems. We conclude that SCOPE with
PFT-specific seasonally varying 𝑉 𝑐𝑚𝑎𝑥25 and PFT-specific BallBerryS-
lope simulates the ecosystem GPP and ET on daily and annual scales
well, but compared to the default parametrization of these parameters
the improvement was modest. We acknowledge the fact that even better
performance can be achieved with SCOPE calibration per dataset or
per each eddy covariance site, however, the aim of this study was to
evaluate the performance of SCOPE model in general, paving a way
to its further application in large-scale and global mapping. The study
further suggests that most improvement can be expected from including
a satellite-derived constraint on water-limited fluxes in the model.
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Appendix A. 𝝀 to Ball-Berry slope conversion

We connected the Groenendijk’s model parameter 𝜆 to SCOPE Ball-
erry slope parameter 𝑚 through the 𝐶𝑖∕𝐶𝑠 ratio of internal leaf CO2

concentration (𝐶𝑖) to atmospheric CO2 concentration (𝐶𝑠) as:

𝑚 = 1.6
𝑅𝐻

⋅

√

𝜆 ⋅ 𝐶2
𝑠

1.6 ⋅𝐷 ⋅ (𝐶𝑠 − 𝛤 )
, (A.1)

where 𝑅𝐻 is the relative humidity, 𝐷 is the vapour pressure deficit
at leaf surface and 𝛤 is the compensation mole fraction of CO2. We
calculated 𝑅𝐻 from VPD and air temperature (𝑇𝑎) using the Clausius–
Clapeyron relationship. 𝛤 was calculated from 𝛤 ∗ as:

𝛤 =
𝛤 ∗ ⋅ 𝑉 𝑐𝑚𝑎𝑥25 + 𝑅𝑑 ⋅ 𝑘′

𝑉 𝑐𝑚𝑎𝑥25 − 𝑅𝑑
𝑅𝑑 = 𝑅𝑑𝑝𝑎𝑟𝑎𝑚 ⋅ 𝑉 𝑐𝑚𝑎𝑥25

𝛤 =
𝛤 ∗ + 𝑅𝑑𝑝𝑎𝑟𝑎𝑚 ⋅ 𝑘′

1 − 𝑅𝑑𝑝𝑎𝑟𝑎𝑚
,

here 𝑅𝑑 is dark respiration, 𝑉 𝑐𝑚𝑎𝑥25 is the maximum carboxylation
apacity or rubisco, 𝑘′ is the Michaelis–Menten constant 𝑘′ = 𝐾𝑐 ⋅
(1 + 𝑂∕𝐾𝑜), and 𝛤 ∗ is the compensation point in the absence of dark
respiration.

We followed Groenendijk’s values of 𝐾𝑐 = 460 μbar, 𝐾𝑜 = 330
mbar, 𝑂 = 210 per mille, 𝑅𝑑𝑝𝑎𝑟𝑎𝑚 = 0.07 and the following calculation
of 𝛤 ∗:

𝛤 ∗ = 0.5 ⋅𝐾𝑐 ⋅
𝑂
𝐾𝑜

⋅
𝑉𝑜𝑚
𝑉𝑐𝑚

𝑉𝑜𝑚
𝑉𝑐𝑚

= 0.21,

hich led to 𝛤 ∗ = 3.0𝑒−5 μbar, 𝛤 = 8.8𝑒−5 μbar, (𝐶𝑠 − 𝛤 ) = 3.1𝑒−4
bar.

Groenendijk et al. (2011) reported values the ratio of the derivatives
f transpiration (𝐸) to photosynthesis (𝐴) to stomatal conductance (𝑔𝑠)
s:

=
𝜕𝐸∕𝜕𝑔𝑠
𝜕𝐴∕𝜕𝑔𝑠

(A.2)

And the 𝐶𝑖∕𝐶𝑠 ratio through 𝜆 was introduced by Lloyd and Farquhar
1994) (Eq. (11) therein):

𝐶𝑖
𝐶𝑠

= 1 −

√

1.6 ⋅𝐷 ⋅ (𝐶𝑠 − 𝛤 )
𝜆 ⋅ 𝐶2

𝑠
, (A.3)

SCOPE calculates 𝐶𝑖∕𝐶𝑠 using Ball-Berry 𝑚, the slope of photosyn-
thesis-stomatal conductance line:
𝐶𝑖
𝐶𝑠

= 1 − 1.6
𝑚 ⋅ 𝑅𝐻

, (A.4)

where 1.6 a diffusion conversion factor.
Eq. (A.4) can be drawn from

𝑔𝑠 = 𝑚 ⋅
𝐴 ⋅ 𝑅𝐻
𝐶𝑠

+ 𝑏, (A.5)

where 𝑔𝑠 — stomatal conductance, 𝑚 — Ball-Berry slope, 𝐴 — photo-
synthesis, 𝑅𝐻 — relative humidity, 𝐶𝑠 — atmospheric 𝐶𝑂2 concentra-
tion, 𝑏 — Ball-Berry intercept.

At equilibrium 𝑏 = 0, 𝐴 = 𝑔𝑠 ⋅ (𝐶𝑠 − 𝐶𝑖) and we can substitute 𝐴 in
Eq. (A.5), which after some rearrangements results in Eq. (A.4).
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Appendix B. Figures

B.1. ERA5 meteorological data

The ERA5 land (earlier ERA-Interim (Berrisford et al., 2011)) data
disseminated within the eddy covariance flux products in FLUXNET
format represent the downscaled version of the original ERA5 land
dataset (Vuichard and Papale, 2015). Fig. B.12 shows the agreement
between de-biased and tower-measured data, Fig. B.13 shows how
non-de-biased (original) ERA5 Land data would compare to the tower-
measured data. The most noticeable corrections are the adjustments of
zero values of the incoming shortwave radiation (SW_IN) the altitude
correction of the air pressure (PA) and the reduction of the scatter of
the wind speed (WS). The latter remains the most uncertain reanalysis
variable.

B.2. Effects of extinction coefficient, temperature correction and LAI-driven
seasonality on 𝑉 𝑐𝑚𝑎𝑥25

See Fig. B.14.

B.3. Local sensitivity analysis of the SCOPE model

See Fig. B.15.

B.4. Site-specific results for wetlands

See Fig. B.16.

B.5. Subtropical mediterranean (drought-prone) ecosystems: LST solution

In the main matter we parametrized soil resistance to evaporation
(𝑟𝑠𝑠) from soil moisture (Section 3.2.2) to account for 𝜆E suppression
during the drought period in Subtropical Mediterranean ecosystem.
Another possibility is to retrieve 𝑟𝑠𝑠 by minimizing the difference
between SCOPE-simulated and satellite-observed land surface tempera-
ture (LST). LST was downloaded from the ESA CCI Sentinel-3 A (Ghent
et al., 2022) and Sentinel-3B (Ghent et al., 2022) SLSTR products.
This case is complicated because it requires the meteorological data
at the time of the satellite overpass. Such optimization led to complete
suppression of the soil 𝜆E flux (Fig. B.17).

B.6. Scenarios: Taylor plot

See Fig. B.18.

Appendix C. Tables

C.1. Warm winter 2020 sites

See Table C.5.

C.2. SCOPE parametrization

See Tables C.6 and C.7.

https://osr.cesbio.cnrs.fr/


Remote Sensing of Environment 284 (2023) 113324

17

E. Prikaziuk et al.

Fig. B.12. Comparison of meteorological data measured at the tower (x-axis) and de-biased ERA reanalysis data from the FLUXNET products (y-axis).

Fig. B.13. Comparison of meteorological data measured at the tower (x-axis) and extracted with the nearest neighbour method from ERA5 land data (y-axis).
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Fig. B.14. Variation of the Vcmax value between seasonally static (case 𝑉 𝑐𝑚𝑎𝑥25, left) and seasonally dynamic (case 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 , right) values for the case of cropland FR-Aur. Even
in the static case the temperature correction lowers the input Vcmax25 value (blue line) and creates seasonal dynamic (orange line). In SCOPE each leaf has different temperature,
depending on the depth in the canopy and orientation towards the sun, therefore the temperature correction will result in different Vcmax values per leaf. In addition, the vertical
extinction coefficient kV (default 0.64) lowers the mean canopy Vcmax further. Vcmax value on the graphs (orange line) represents the mean of all sunlit and shaded leaves. The
𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 was scaled based on LAI so that the peak value corresponds to the default value of the static case. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)

Fig. B.15. Local sensitivity analysis of SCOPE modelled fluxes at varying LAI levels (legend). Top — gross primary productivity (GPP), middle — latent heat flux (𝜆E), bottom
— sensible heat flux (𝐻). 𝐶𝑎𝑏 — leaf chlorophyll content, 𝑟𝑠𝑠 — soil resistance to evaporation, 𝑢 — wind speed, 𝑅𝑙𝑖 — incoming longwave radiation, 𝑒𝑎 — atmospheric vapour
pressure. Main matter Fig. 3.



Remote Sensing of Environment 284 (2023) 113324

19

E. Prikaziuk et al.

Fig. B.16. Performance of SCOPE-simulated GPP and 𝜆E for WET. Blue — measured flux, green — Groenendijk seasonal 𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 case. Shading — real data, line — 15-day
moving average. (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. B.17. The retrieval of 𝑟𝑠𝑠 from land surface temperature (LST), the case of Mediterranean dehesas (SAV) ES-LM1 site. Notice, the measurements are presented at the overpass
time (around 11:00 UTC).
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Fig. B.18. Performance of the SCOPE model in various scenarios (Table 4) for annual accumulated GPP and ET fluxes (ET CORR — measured ET flux, corrected for energy balance
closure (LE_CORR), ET — measured, uncorrected, computed from LE_F_MDS). 𝑥-axis — standard deviation of the measured flux, 𝑦-axis — standard deviation of the modelled flux,
dotted radial lines — correlation coefficient between modelled and measured data, blue hemispherical arches — de-biased (centred) RMSE. The best model (matching standard
deviation, low centred RMSE, highest correlation coefficient) would be located at the bottom of the black hemispherical arches (close to the hollow point on the x-axis). Red points
— theoretical scenarios, black — Vcmax static case (𝑉 𝑐𝑚𝑎𝑥25), blue — Vcmax seasonal case (𝑉 𝑐𝑚𝑎𝑥𝐿𝐴𝐼 ), grey — scenarios optimized for ET CORR flux. Main matter Fig. 11. (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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Table C.5
Eddy covariance sites from Warm Winter 2020 eddy covariance flux product dataset (Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2022) participated in this
study. z — measurement height [m], hc — canopy height [m], tz — time zone in relation to UTC. Climate classification: TE — temperate, TC — continental, BO — boreal, SM
— subtropical Mediterranean.

PFT site_code lat lon z hc tz site_years climate

CRO BE-Lon 4.75 50.55 2.7 1 1 5 TE
CRO CH-Oe2 7.73 47.29 2 1 1 4 TC
CRO CZ-KrP 15.08 49.57 10 1 1 5 TC
CRO DE-Geb 10.91 51.1 2 1 1 4 TC
CRO DE-Kli 13.52 50.89 2 1 1 4 TC
CRO DE-RuS 6.45 50.87 2 1 1 5 TE
CRO FI-Qvd 22.39 60.3 2.3 0.5 2 2 TC
CRO FR-Aur 1.11 43.55 3.5 1 1 5 TE
CRO FR-Lam 1.24 43.5 3.5 1.5 1 4 TE

GRA BE-Dor 4.97 50.31 1.5 0.1 1 5 TE
GRA CH-Aws 9.79 46.58 2 0.5 1 4 TC
GRA CH-Cha 8.41 47.21 2 1 1 4 TC
GRA CH-Fru 8.54 47.12 2 1 1 4 TC
GRA DE-Gri 13.51 50.95 3 0.21 1 4 TC
GRA DE-RuR 6.3 50.62 2 1 1 5 TC
GRA IT-MBo 11.05 46.01 4 0.3 1 4 TC
GRA IT-Tor 7.58 45.84 2 1 1 4 BO

ENF CH-Dav 9.86 46.82 35 25 1 4 TC
ENF CZ-BK1 18.54 49.5 25.5 17 1 4 TC
ENF CZ-RAJ 16.7 49.44 25.5 17 1 4 TC
ENF DE-Obe 13.72 50.79 25.5 17 1 4 TC
ENF DE-RuW 6.33 50.5 25.5 17 1 5 TC
ENF DE-Tha 13.57 50.96 26.5 18.55 1 4 TC
ENF FI-Hyy 24.29 61.85 23.3 14 2 4 BO
ENF FI-Ken 24.24 67.99 23 13 2 2 BO
ENF FI-Let 23.96 60.64 25.5 20 2 5 BO
ENF FI-Var 29.61 67.75 15 8 2 5 BO
ENF FR-Bil −0.96 44.49 23.3 14 1 5 TE
ENF IL-Yat 35.05 31.35 20 10 2 5 SM
ENF IT-Lav 11.28 45.96 42 28 1 4 TC
ENF IT-Ren 11.43 46.59 35 25 1 5 TC
ENF IT-SR2 10.29 43.73 23.3 14 1 5 SM
ENF RU-Fy2 32.9 56.45 29 27.4 4 5 TC
ENF RU-Fyo 32.92 56.46 29 27.4 4 4 TC
ENF SE-Htm 13.42 56.1 27 19 1 5 TC
ENF SE-Nor 17.48 60.09 36 25 1 5 TC
ENF SE-Ros 19.74 64.17 23.3 14 1 5 BO
ENF SE-Svb 19.77 64.26 32.5 20 1 4 BO

MF BE-Bra 4.52 51.31 40 26 1 4 TE
MF BE-Vie 6 50.3 52 33 1 5 TC
MF CH-Lae 8.36 47.48 47 30.6 1 4 TC
MF CZ-Lnz 16.95 48.68 44 27 1 4 TC
MF FR-FBn 5.68 43.24 15 10 1 4 SM

DBF BE-Lcr 3.85 51.11 6 4 1 1 TE
DBF CZ-Stn 17.97 49.04 22 13 1 4 TC
DBF DE-Hai 10.45 51.08 22 13 1 5 TC
DBF DE-HoH 11.22 52.09 22 13 1 4 TC
DBF DK-Sor 11.64 55.49 30 10 1 5 TC
DBF FR-Fon 2.78 48.48 35 23 1 5 TE
DBF FR-Hes 7.06 48.67 22 13 1 5 TE
DBF IT-BFt 10.74 45.2 40 25 1 2 SM

EBF ES-Cnd −3.23 37.91 15 8 1 5 SM

SAV ES-Abr −6.79 38.7 15 8 1 5 SM
SAV ES-LM1 −5.78 39.94 15 8 1 5 SM
SAV ES-LM2 −5.78 39.93 15 8 1 5 SM

OSH ES-LJu −2.75 36.93 2.5 1 1 5 SM
OSH IT-Lsn 12.75 45.74 5 2 1 5 SM

CSH BE-Maa 5.63 50.98 4 0.7 1 4 TE

WET CZ-wet 14.77 49.02 2 0.3 1 4 TC
WET FI-Sii 24.19 61.83 2 0.3 2 4 BO
WET FR-LGt 2.28 47.32 2 1 1 3 TE
WET IE-Cra −7.64 53.32 2 1 0 1 TE
WET SE-Deg 19.56 64.18 1.75 0.3 1 5 BO
22
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Table C.6
SCOPE fixed input parameters.

Parameter name Value Units Meaning

𝐶𝑎𝑏 40 μg cm−2 leaf chlorophyll content
𝐶𝑐𝑎 10 μg cm−2 leaf carotenoid content
𝐶𝑑𝑚 0.012 g cm−2 leaf mass per area (dry matter)
𝐶𝑤 0.009 cm equivalent leaf water thickness
𝐶𝑠 0 – senescent material (brown pigments)
𝐶𝑎𝑛𝑡 1 μg cm−2 leaf anthocyanin content
𝐶𝑝 0 μg cm−2 leaf protein content
𝐶𝑏𝑐 0 μg cm−2 leaf brown pigment content
𝑁 1.5 – mesophyll structure parameter
𝜌𝑡ℎ𝑒𝑟𝑚𝑎𝑙 0.01 – leaf thermal reflectance
𝜏𝑡ℎ𝑒𝑟𝑚𝑎𝑙 0.01 – leaf thermal transmittance
BallBerry0 0.01 – intercept of Ball-Berry equation
Type 0 – photochemical pathway (0–C3, 1–C4)
𝑘𝑉 0.64 – Vcmax canopy extinction coefficient
𝑅𝑑𝑝𝑎𝑟𝑎𝑚 0 – leaf respiration parameter
𝐾𝑛0 2.48
𝐾𝑛𝛼 2.83
𝐾𝑛𝛽 0.114
spectrum 1 # column number of soil spectrum used
𝑟𝑠𝑠 500 s m−1 soil resistance to evaporation
𝜌𝑠𝑡ℎ𝑒𝑟𝑚𝑎𝑙 0.06 – soil thermal reflectance
𝐿𝐼𝐷𝐹𝑎 −0.35 – leaf inclination distribution function parameter a
𝐿𝐼𝐷𝐹𝑏 −0.15 – leaf inclination distribution function parameter b
leafwidth 0.1 m leaf width
𝐶𝑎 410 ppm atmospheric CO2 concentration
𝑂𝑎 209 per mille atmospheric O2 concentration
𝑧0 0.25 m canopy roughness length
𝑑 1.34 m displacement height
𝐶𝑑 0.3 – leaf drag coefficient
𝑟𝑏 10 s m−1 leaf boundary resistance
𝐶𝑅 0.35 – drag coefficient for isolated tree
𝐶𝐷1 20.6 – fitting parameter
𝛹𝑐𝑜𝑟 0.2 – roughness layer correction
𝐶𝑆𝑆𝑂𝐼𝐿 0.01 – drag coefficient for soil
𝑟𝑏𝑠 10 s m−1 soil boundary layer resistance
𝑟𝑤𝑐 0 s m−1 within canopy layer resistance
𝜃𝑜 0 ◦ observation zenith angle
𝜓 0 ◦ relative azimuth angle
Table C.7
SCOPE options configuration.

State Name Meaning

0 lite full SCOPE model is used
0 calc_fluor fluorescence is not calculated
0 calc_planck termal spectrum for each wavelength is not calculated
1 calc_xanthophyllabs xanthophyll absorption is calculated
0 soilspectrum soil reflectance is taken from file
0 Fluorescence_model biochemical model of Van der Tol Berry is used
1 applTcorr temperature correction is applied
0 verify output is not compared
1 saveCSV output is saved as .csv files
0 mSCOPE mSCOPE is not used
1 simulation time-series simulations
0 calc_directional directional output is not computed
0 calc_vert_profiles vertical profiles are not computed
2 soil_heat_method ground heat flux 35% of soil net radiation [set to 0% for daily]
0 calc_rss_rbs rss and rbs are fixed
1 MoninObukhov Monin–Obukhov atmospheric stability correction is applied
0 save_spectral spectral files are not saved
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