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A B S T R A C T   

Sun-induced chlorophyll fluorescence (SIF) is a promising optical remote sensing signal which is directly linked 
to photosynthesis, allowing for the monitoring of gross primary production (GPP). Although empirical re
lationships between these variables have demonstrated the potential of SIF for site-specific GPP estimations, a 
better physiological understanding of the link between SIF and GPP would pave the way for a more robust model 
of photosynthesis. The mechanistic light response (MLR) model is a novel approach which determines GPP from 
SIF by using only a small set of equations and parameters with physiological significance. This study combines 
the MLR model with the unified stomatal optimality (USO) model to estimate both GPP and transpiration (Tr) at 
the ecosystem scale. Top-of-canopy SIF measurements were collected over a winter crop with a field spec
trometer installed next to an eddy covariance station. MLR-USO model parameters were determined from gas 
exchange and active chlorophyll fluorescence measurements at the leaf level and interpolated on a half-hourly 
basis using solar irradiance and canopy temperature. GPP and Tr estimated by the MLR-USO model and eddy 
covariance measurements were highly correlated at half-hourly and daily timescales (R2 ≥ 0.91, rRMSE ≤
13.7%) under a wide range of environmental conditions, including soil water stress. These results highlight the 
potential of the MLR-USO model as an important step towards an improvement of our understanding of the 
coupling between the water and carbon cycles at the ecosystem scale and beyond.   

1. Introduction 

Each year, terrestrial ecosystems uptake approximately one-third of 
the carbon emitted by human activities (Friedlingstein et al., 2022). 
Gross primary production (GPP) of terrestrial ecosystems represents the 
most important flux in the global carbon cycle (Beer et al., 2010) and 
plays a central role in regulating atmospheric CO2 concentration (Sha 
et al., 2022). 

Anthropogenic climate change increases the occurrence of climate 
extremes such as droughts or heatwaves, which causes a reduction in 
GPP (Williams et al., 2014; Reichstein et al., 2013). Whether terrestrial 
ecosystems will keep removing as much CO2 from the atmosphere or 
become CO2 sources is highly uncertain as most land surface models 
(LSMs) predict various future ecosystem uptake abilities in a climate 
change context (Ryu et al., 2019). Quantifying and modeling GPP at 

global scales is therefore crucial to better understand how climate ex
tremes constrain primary production in climate modeling. 

GPP is the total amount of carbon fixed by ecosystems and originates 
from complex photosynthetic processes that cannot be directly 
measured. The standard approach for estimating GPP at the ecosystem 
scale is the measurement of the net ecosystem exchange (NEE) with the 
eddy covariance (EC) technique, and its partitioning between ecosystem 
respiration (RECO) and GPP. More than 200 EC sites are currently part of 
the FLUXNET network, which regroups over 1500 site-years of data 
(Baldocchi, 2014; Pastorello et al., 2020). However, flux towers are 
unevenly distributed across the globe, which explains that the temporal 
and spatial representativeness of flux measurements (the extrapolation 
of flux information to extended spatial and timescales) has become an 
increasingly important issue for the scientific community to provide flux 
information “everywhere and all the time” (Chu et al., 2017; Chu et al., 
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2021). In addition, the size and shape of flux tower footprints (the source 
areas of EC fluxes) are directly affected by meteorological variables 
(such as wind direction or air turbulence) and surface roughness, which 
complicates the interpretation of GPP from local to global scales (Kong 
et al., 2022). Most of the recent approaches for upscaling carbon 
assimilation to large scales use machine learning to build empirical 
models between remote sensing (RS) data and ground observations of 
GPP (Jung et al., 2020). 

Photosynthesis is a complex chain of photochemical and enzymatical 
reactions, which are commonly categorized between the light reactions 
(which generate ATP and NADPH from light and water) and the dark 
reactions (which transform CO2 into carbohydrates using ATP and 
NADPH). Sun-induced chlorophyll fluorescence (SIF) originates from 
the emission of photons in the red and far-red regions after the ab
sorption of a fraction of photosynthetic active radiation (PAR) by 
chlorophyll a pigments during the light reactions of photosynthesis. 
Although SIF quantum yield is very low (~1 to 2%; Maxwell and 
Johnson, 2000) compared to photochemical quantum yield (PQ) and 
thermal energy dissipation (i.e., non-photochemical quantum yield 
NPQ), it is tightly coupled to GPP as these three processes are in 
competition for PAR. In particular, SIF is linked to the electron transport 
rate which fuels ATP and NADPH to the fixation sites in the chloroplasts 
(Gu et al., 2019). While the relationship between SIF and PQ quantum 
yields at the leaf level is highly nonlinear on short timescales (Porcar- 
Castell et al., 2014), large temporal and spatial scales data show a strong 
linearity between SIF and carbon assimilation (Lee et al., 2015; Damm 
et al., 2010; Li et al., 2018; Chen et al., 2019). Such relationship has been 
the basis of the calibration of empirical models between ground-based 
GPP and remotely sensed SIF for estimating GPP at global scale using 
the light use efficiency (LUE) approach (Porcar-Castell et al., 2014; 
Jonard et al., 2020; Li et al., 2018; Xiao et al., 2019). However, this 
concept does not allow to identify the actual mechanistic link between 
SIF and GPP, and there is a lack of knowledge about the influence of 
physiological and environmental factors on these relationships. A 
decoupling between SIF and GPP can be observed during stress episodes 
such as heatwaves (Wohlfahrt et al., 2018; Martini et al., 2022), drought 
(Helm et al., 2020; Marrs et al., 2020; Chen et al., 2020), light-limiting 
conditions (Chen et al., 2019), or for heterogeneous canopies (van der 
Tol et al., 2009; Gu et al., 2019). These examples illustrate the limits of 
using this approach across spatial scales and climate conditions. 

A model must consider two aspects to estimate GPP from SIF with a 
mechanistic approach. First, the relationship between fluorescence and 
photochemistry must be characterized at the photosystem level. Second, 
the scattering and absorption effects of overlying leaves should be 
considered when the fluorescence photons travel through the canopy 
(Yang et al., 2019). The soil canopy observation photosynthesis energy 
(SCOPE; van der Tol et al., 2009) model integrates both the physiolog
ical and the canopy structural aspects of the SIF emission in separate 
sub-models. These aspects are highly dynamic and change in function of 
the plant water status (De Cannière et al., 2022; Wang et al., 2022). 
Although the SCOPE model is often used in a reduced form when 
coupled to other models, it is computationally intensive and requires 
numerous parameters, forcing the user to make a series of assumptions 
(e.g., Lee et al., 2015; De Cannière et al., 2021). 

An alternative approach to link SIF and GPP is the mechanistic light 
response model (MLR; Gu et al., 2019). While the SCOPE model uses 
sub-models to integrate the physiological and structural aspects of SIF 
emission, the MLR model only considers few parameters which describe 
the energy partitioning at the PSII level (e.g., the fraction of open PSII 
center qL and the maximum photochemical quantum yield ϕPSII,max) and 
leaf-to-canopy radiative transfer processes (i.e., the escape probability 
factor fesc) to determine the actual electron transport rate between the 
two photosystems (PSII and PSI). This mechanistic representation of the 
light reactions contrasts with the Farquhar-von Caemmerer-Berry 
(FvCB) model of photosynthesis (Farquhar et al., 1980) where the po
tential electron transport rate is determined from PAR by an empirical 

relationship. The FvCB model requires numerous parameters that are 
highly variable across plant functional types (PFT) and environmental 
conditions. Such uncertainties cause important disagreements in LSMs 
which use the FvCB model to estimate carbon assimilation (Rogers et al., 
2017; Walker et al., 2021). By taking advantage of the physiological 
information carried by SIF, MLR model equations mechanistically 
describe photosynthetic processes while reducing the impact of 
parameter uncertainty (Han et al., 2022a, 2022b; Gu et al., 2019). With 
this approach, GPP can be estimated from electron requirements for 
carboxylation and oxygenation regardless of carboxylation limiting 
stages (Gu et al., 2019). 

Stomatal opening controls both water and carbon exchanges at the 
leaf surface. Through stomatal regulation, plants balance water loss and 
carbon uptake (Cowan and Farquhar, 1977), leading to a close coupling 
between GPP and transpiration (Tr). Recent models simulating stomatal 
behavior such as the unified stomatal optimality model (USO; Medlyn 
et al., 2011) are based on the optimization of the ratio between benefit 
(i.e., carbon gain) and cost (i.e., water loss) of stomatal opening and on 
environmental variables such as vapor pressure deficit (VPD), GPP and 
CO2 concentration at the leaf surface. Coupling the MLR and USO 
models (MLR-USO) provides a new, process-based approach for the 
modeling of carbon and water fluxes from SIF. 

SIF can be retrieved by high-resolution measurements of vegetation 
spectral proprieties from sensors on masts, aircrafts or satellites 
(Mohammed et al., 2019; Jonard et al., 2020). For instance, spaceborne 
spectrometers such as the TROPOspheric Monitoring Instrument 
(TROPOMI) or the NASA’s Orbiting Carbon Observatory (OCO-2, OCO- 
3) measure SIF emission at a specific wavelength (e.g., 740 nm for 
TROPOMI) from kilometer-scale footprints. These data have been used 
for training machine learning algorithms linking SIF and GPP with 
empirical linear regressions (Jung et al., 2020) or for investigating water 
and light limiting conditions on photosynthesis at large scales (Jonard 
et al., 2022). The upcoming FLuorescence EXplorer (FLEX) tandem 
mission with Sentinel-3 will enable the quantification of unique prod
ucts related to SIF and surface temperature at a high spatial resolution 
(300 × 300 m; Drusch et al., 2017). Such improvement will reduce the 
current mismatch between flux tower footprint and RS products. 
Moreover, many studies have been designed to validate future FLEX 
products by measuring SIF with top-of-canopy (TOC) sensors such as the 
Fluorescence boX (FloX; JB Hyperspectral, Düsseldorf, Germany), whose 
development has been supported by the European Space Agency (ESA - 
Schuttemeyer et al., 2018). The MLR-USO model must be first evaluated 
at the ecosystem scale using TOC SIF measurements before future ap
plications with remotely sensed SIF data at larger scales. 

The MLR-USO model relies on a straightforward methodology for 
improving our understanding of the photosynthetic and transpiration 
processes by exploiting the physiological message carried by the SIF 
signal. To date, no studies have tested such a model. In this perspective, 
we used the MLR-USO model to estimate GPP and Tr from TOC SIF. This 
study focused on wheat, which is the most widely planted crop (Eren
stein et al., 2022) and an important crop functional type in climate 
models (Lu et al., 2017; Boas et al., 2021). Our approach aimed at: (1) 
characterizing the relationship between SIF and GPP at the ecosystem 
scale for winter wheat, (2) measuring MLR-USO model parameters and 
assessing their dependence on meteorological variables and (3) vali
dating MLR-USO model outputs with EC data. 

2. Material and methods 

2.1. Study site 

All the measurements presented in this study were performed at the 
Integrated Carbon Observatory System (ICOS) station of Lonzée (BE- 
Lon, Level 2 ICOS station), located in the Wallonia region in Central 
Belgium (50◦33′ N, 4◦44′ E, 167 m asl). The Lonzée experimental site has 
been cultivated for more than 80 years based on a typical 4-year 
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rotation: winter wheat / sugar beet (Beta vulgaris) / winter wheat 
(Tritcum aestivum) / seed potato (Solanum tuberosum). The climate is 
temperate oceanic, with mean annual air temperature and cumulative 
precipitation of about 10.2 ◦C and 743 mm respectively. The soil is silty 
clay, with two main horizons: a ploughed layer from 0 to 35 cm (FAO 
classification Ap) and a layer enriched in clays (FAO classification Bt) 
from 35 to 100 cm depth (Table S1). This study exclusively focused on 
the 2022 growing season dedicated to winter wheat (Triticum aestivum 
cv. Skyscraper), which was sown on October 28, 2021 and harvested on 
July 24, 2022. No irrigation was applied during the growing season. 
Farming activities are summarized in Table S2. 

2.2. Eddy covariance fluxes and meteorological measurements 

The contribution of the target cropland to the EC fluxes was large 
regardless of the atmospheric conditions (>90% on average during the 
last 13 years, data not shown). The prevailing winds are SW and NE with 
a cropland fetch of respectively 240 m and 200 m. The sonic anemom
eter (Solent Research R3, Gill Instruments Lymington, UK) and gas 
analyzer (LI-7200, LI-COR, Lincoln, NE, US) of the EC station were 
selected following ICOS guidelines (Rebmann et al., 2018). Half-hourly 
fluxes of net CO2 and latent heat (LE, from which Tr is thereafter 
determined) were computed from high frequency measurements (20 Hz) 
of vertical wind speed, CO2 and H2O concentrations at 2.93 m above the 
ground. These raw data were processed by the ICOS Ecosystem Thematic 
Center (ETC) using the ONEFlux pipeline (Pastorello et al., 2020) and 
are available in the ICOS Carbon Portal (Dumont et al., 2023). RECO and 
GPP were determined from NEE by using the nighttime partitioning 
method (Reichstein et al., 2005). Storage CO2 fluxes were neglected 
owing to the short measurement height. Flux data corresponding to low 
turbulence conditions (with low friction velocity (u*) were discarded 
from the analysis using the variable u* threshold method (VUT; Pas
torello et al., 2020), which is preferred when canopy cover changes 
throughout the years such as crops. Moreover, no gap-filled fluxes were 
selected (i.e., quality flag of 0). The variables GPP_NT_VUT_REF for GPP 
and LE_F_MDS for LE were selected from the dataset. These fluxes are 
referred to in this paper as GPPEC and LEEC. 

Micrometeorological measurements were collected on a half-hourly 
basis, including incoming photosynthetic photon flux density in the 
photosynthetic active radiation (photodiode-based sensor - PAR Quan
tum sensor SKP 215, Skye Instruments Limited, Llandrindod Wells, UK), 
precipitation (weighing rain gauge - TRwS415, MPS system sro, Bra
tislava, SK), air temperature and relative humidity (resistive platinum 
thermometer and electrical capacitive hygrometer - HMP155, Vaisala 
Oyj, Helsinki, FI), soil heat flux (self-calibrating soil heat flux plate- 
HFP01SC, Hukseflux Thermal Sensors B.V., Delft, NL), longwave 
downward and outgoing fluxes, net radiation (pyradiometer – CNR 4, 
Kipp and Zonen, Delft, NL) and soil water content (SWC) at three 
different locations and at five different depths (5, 15, 25, 55 and 85 cm) 
using silicon bandgap temperature and capacitance sensors (Envir
oSCAN Probe, Sentek Sensor Technologies, Stepney, SA, AU). 

2.3. Spectral measurements of SIF 

Solar irradiance and reflected radiance from the canopy were 
measured by the Fluorescence boX (FloX - JB Hyperspectral, Düsseldorf, 
Germany), which consists of two spectrometers: a QE Pro and a FLAME- 
S spectrometer (Ocean Optics, Inc., USA). QE Pro measures downwelling 
irradiance and upwelling radiance covering the range between 650 and 
800 nm to observe the SIF signal in the O2-A (760 nm) and O2-B (687 
nm) absorption bands while FLAME-S covers a wider range from 400 to 
1000 nm including both visible and near-infrared (NIR) wavelengths. 
The QE Pro and FLAME-S spectrometers have a spectral sampling in
terval and spectral resolution of respectively 0.17 nm, 0.3 nm and 0.65 
nm, 1.5 nm. The spectrometers are housed in a thermally regulated box 
which keeps temperature below 25 ◦C to avoid spectral shifts and dark 

current drifts. The optical fibers were installed on a mast at 2 m height, 
at approximately 20 m from the center of the plot, and 5 m from the 
location where one of the three soil water content sensor profiles was 
installed. The downward looking bare fibers have an opening angle of 
23◦ which allows to measure the canopy reflectance and SIF emission 
over a footprint of approximately 1.5 m2. The receptor of the upward 
looking fiber measuring the downwelling irradiance has a hemispherical 
field of view of 180◦. The FloX was installed on February 24, 2022 and 
removed on July 18, 2022, few days before the harvest of winter wheat. 

SIF was retrieved using the spectral fitting method (SFM) from the 
canopy reflectance spectrum in the O2-A band which provides the most 
reliable SIF measurements (Cendrero-Mateo et al., 2019; Chang et al., 
2020). The O2-A band was preferred over the O2-B band as it enables to 
track photosynthesis dynamics and limits the reabsorption effects within 
the canopy structure (Cendrero-Mateo et al., 2019; Martini et al., 2022). 
Moreover, dense cloud cover may complicate the retrieval of SIF. 
Therefore, days with a clearness index (i.e., the ratio between net ra
diation at the top of the canopy and extraterrestrial net radiation, Chang 
et al., 2020) lower than 0.3 were discarded from the analysis (Chen 
et al., 2020; Yang et al., 2021), as well as data measured when solar 
radiation is too low (before 9 am and after 3 pm; UTC + 1). Nonlinearity 
and spectral shift corrections on raw FloX measurements were applied. A 
threshold of solar zenithal angle of 70◦ was set to avoid detector satu
ration (Chang et al., 2021). TOC SIF retrieved with the SFM method 
within the O2-A band is further referred to as SIFTOC,760. 

2.4. Downscaling of SIF from TOC to photosystem level 

As SIF is affected by re-absorption and scattering effects of the can
opy, SIFTOC,760 is indirectly related to the SIF emitted by leaves. Esti
mating GPP with the MLR model requires the determination of the SIF 
signal emitted only from PSII at the leaf level over the broadband 
spectrum emission of fluorescence (Gu et al., 2019). Therefore, 
SIFTOC,760 must be multiplied by three conversion factors representing (i) 
the fraction of PSII fluorescence emission contributing to the total SIF 
emission of the leaf (fPSII), (ii) the integration of the SIF signal at 760 nm 
over the broadband spectrum emission of fluorescence (fλ), and (iii) the 
effects of absorption and re-scattering by the canopy structure (fesc − 1). 
Total SIF (SIFTOT) was therefore calculated from SIFTOC,760 by (Liu et al., 
2022b): 

SIFTOT =
SIFTOC,760⋅fPSII ⋅fλ

fesc
(1) 

The calculation steps of the three factors are detailed below. 

2.4.1. Separating the contribution of PSII to SIF measurement 
Both PSI and PSII contribute to the emission of SIF in the NIR. 

Therefore, the influence of PSI on SIFTOC,760 must be considered before 
applying the MLR model which is valid only for PSII SIF emission. fPSII 
was calculated as the ratio of chlorophyll fluorescence quantum yields at 
the leaf level, while accounting for the contribution of PSI (Jia et al., 
2023). The detailed procedure of leaf-level measurements is given in 
section 2.9. 

2.4.2. From top-of-canopy to leaf surface 
fesc is the escape probability that SIF photons emitted by PSII reach 

the top of the canopy. fesc was determined as the ratio of NIR light 
originating from vegetation (NIRv) to the fraction of incident PAR 
absorbed by the canopy (fAPAR) under the assumption of high leaf area 
index and low contribution of soil reflectance (Zeng et al., 2019): 

fesc =
NIRv

fAPAR
(2) 

NIRv was calculated from the normalized difference vegetation index 
(NDVI) and the canopy reflectance in the NIR (RNIR; Badgley et al., 
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2017): 

NIRv = (NDVI − NDVI0)⋅RNIR =

(
RNIR − RRED

RNIR + RRED
− NDVI0

)

⋅RNIR (3) 

Where RRED is the canopy reflectance in the red and NDVI0 is the 
minimum NDVI and accounts for the effects of bare soil on NIRv (Badgley 
et al., 2017). RNIR and RRED were measured by the FloX at respectively 
760 nm and 680 nm. fAPAR was determined from NDVI by using a linear 
model which has already been used to estimate wheat crop yields 
(Moriondo et al., 2007; Myneni and Williams, 1994): 

fAPAR = 1.16⋅NDVI − 0.14 (4) 

NDVI0 was set to 0.12, which is the NDVI value when fAPAR (Eq. 4) 
equals 0 (Myneni and Williams, 1994). 

2.4.3. Integration of the SIF signal over the broadband fluorescence 
emission spectrum 

The final step of the conversion of SIFTOC,760 into SIFTOT consists in 
integrating the SIF signal emitted by PSII at 760 nm over the broadband 
chlorophyll fluorescence emission spectrum, which requires broadband 
theoretical fluorescence emission spectrum of PSII. The SCOPE model 
(version 1.73; van der Tol et al., 2009) was used to simulate a total of 
6720 chlorophyll fluorescence spectra between 650 and 840 nm from a 
canopy with different leaf biochemical and structural proprieties, sun- 
canopy sensor geometry and structure. The fluorescence spectrum that 
provided the most meaningful representation of the dataset was 
retrieved by the singular vector decomposition (SVD) technique (Liu 
et al., 2022b; Zhao et al., 2014). The first principal component explained 
more than 99% of the variance of the dataset (data not shown), which 
allowed to estimate the broadband SIF emitted from PSII at all wave
lengths (SIFTOT,λ) by: 

SIFTOT,λ =
SIFTOC,760⋅fPSII

fesc
⋅

v1(λ)
v1(760)

=
SIFTOC,760⋅fPSII ⋅fλ

fesc
, λ ∈ [650, 840 nm]

(5)  

with λ the wavelength, v1(λ) the first right singular vector from the SVD 
technique and fλ =

v1(λ)
v1(760). Eq. 5 becomes, after integration over the 

broadband range of SIF emission and unit conversion: 

SIFTOT = π
∑850

640
SIFTOT,λ⋅

106⋅10− 9⋅10− 3

h⋅c⋅Na
(6)  

with h the Planck constant, c the light velocity, Na the number of Avo
gadro, SIFTOT,λ in mW m− 2 nm− 1 sr-1, and SIFTOT in μmol m− 2 s− 1. The 
factor 10− 3 converts from milliwatt to watt, 10− 9 from nanometers to 
meters, 106 from moles to μmol, and π integrates the signal over the 
hemispherical space. 

2.5. Relationship between SIF and GPP 

The relationship between measured GPP and total SIF (i.e., GPPEC 
and SIFTOT) was characterized by fitting a linear and a linear-plateau 
segmented model (Jonard et al., 2022). This latter allows to identify a 
breakpoint in the relationship between two variables. Above the 
threshold, GPP is constant while SIF increases. Below the threshold, GPP 
and SIF are positively related. The most significant model was selected 
by using the lowest Akaike information criterion (AIC), which avoids 
overfitting (Burnham et al., 2002). Moreover, the SIF yield 

(
SIFy =

SIFTOT
APAR

)
and the light-use efficiency of GPP (LUE = GPPEC

APAR, where APAR =

fAPAR⋅PAR is the absorbed irradiance), were calculated to reduce the 
effect of canopy structure and to provide a more physiological inter
pretation of the variability of SIFTOT and GPPEC throughout the growing 
season (Martini et al., 2022). 

2.6. GPP modeling 

The MLR model calculates the actual electron transport rate (JSIF) 
from SIFTOT by (Gu et al., 2019): 

JSIF = qL⋅
ϕPSII,max⋅(1 + kDF)⋅SIFTOT

(
1 − ϕPSII,max

) (7)  

with qL the fraction of open PSII centers, ϕPSII,max the maximum photo
chemical quantum yield, and kDF the ratio between kD (representing the 
rate of constitutive heat thermal dissipation) and kF (representing the 
rate of fluorescence emission), set to 19 as in Gu et al. (2019). qL and 
ϕPSII,max were calculated from leaf-level measurements (see section 2.9). 

Modeled GPP (GPPSIF) was determined from JSIF based on the elec
tron requirements for carboxylation and oxygenation processes (Far
quhar et al., 1980; Gu et al., 2019): 

GPPSIF = qL⋅
ϕPSII,max⋅(1 + kDF)⋅SIFTOT

(
1 − ϕPSII,max

) ⋅
(Ci − Γ*)

(4Ci + 8Γ*)
(8)  

with Ci the CO2 concentration in substomatal cavities, directly measured 
at the leaf level (details in section 2.9) and Γ* the CO2 compensation 
point. Γ* was estimated from the canopy surface temperature (Tcan; 
Bernacchi et al., 2001): 

Γ* = 42.75⋅exp
(

37830⋅(Tcan − 278.15)
298.15⋅R⋅(Tcan + 273.15)

)

(9)  

where Tcan was determined from the longwave fluxes: 

Tcan =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
LWout − (1 − ε)⋅LWin

ε⋅σ
4

√

(10)  

with LWin and LWout the longwave downward and outgoing fluxes, ε the 
far-infrared emissivity set to 0.97 and σ the Stefan-Boltzmann constant. 

2.7. Transpiration modeling 

The most widely used equation to estimate LE at the ecosystem scale 
is the Penman-Monteith equation (Maes et al., 2019; Monteith, 1965). 
This equation models LE under the hypothesis that ecosystem fluxes 
originate from a single homogeneous plane (i.e., a single ‘big-leaf’, 
Knauer et al., 2018): 

LE =
Δ⋅(Rn − G) + ρa⋅cp⋅VPDcan⋅Gaw

Δ + γ⋅
(

1 + Gaw
Gsw

) (11)  

with Δ the slope of the saturated pressure curve, Rn the net radiation, G 
the ground heat flux, ρa the air density, cp the heat capacity of dry air, 
VPDcan the vapor pressure deficit at the canopy surface and γ the psy
chrometric constant. Gaw is the aerodynamic conductance for water 
vapor transport and Gsw refers to the canopy surface conductance to 
water vapor, which includes evaporation from the soil and transpiration 
from wet vegetation surfaces. VPDcan was determined from Tcan and air 
relative humidity. The Thom equation (Thom, 1972) was used to 
determine Gaw from wind speed (u) and air friction velocity (u*): 

Gaw =

(
u
u2

*
+ 6u− 0.667

*

)− 1

(12) 

Gsw (Eq. 11) was determined by using the USO model while 
neglecting the minimum stomatal conductance (Medlyn et al., 2011, 
2017): 

Gsw ≅ gsw = 1.6

(

1+
g1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
VPDleaf

√

)

⋅
An

Cs
(13)  

with g1 the slope parameter also related to the marginal water cost of 
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carbon gain (Medlyn et al., 2011), gsw the stomatal conductance to water 
vapor and An the net photosynthesis. VPDleaf and Cs are respectively the 
VPD and CO2 concentration at the leaf surface (i.e., within the boundary 
layer). All variables in Eq. 13 were measured at the leaf level. g1 was 
determined by adjusting a nonlinear regression on leaf-level measure
ments of An, Cs, VPDleaf and gsw (see section 2.9), giving g1 = 2.28 ±
0.09 kPa0.5 (Fig. S1). The combination of Eq. 11 - Eq. 13 with An 
replaced by GPPSIF from Eq. 8 and VPDleaf replaced by VPDcan, gives Gsw 

and Tr (TrSIF) from SIF measurements, under the assumption of dry 
canopy surface. Therefore, days when precipitation was measured and 
the subsequent 48 h were discarded from the analysis (Knauer et al., 
2018). In these conditions, it is assumed that the evaporation is negli
gible and that LE only corresponds to Tr. TrSIF was converted from W 
m− 2 to mmol m− 2 s− 1 using the latent heat of vaporization and the molar 
mass of H2O. 

2.8. Assessment of edaphic water stress 

2.8.1. Relative extractable water 
SWC was used to calculate the relative extractable water (REW) 

which represents the amount of water available for plant uptake in the 
root zone (Granier et al., 1999). The original equation of Granier et al. 
(1999) has been modified to weight the amount of available water by the 
rooting depth within each soil layer, therefore providing a more realistic 
estimation of the soil water availability in the root zone. The detail of the 
calculation of REW can be found in the supplementary materials (Text 
S1). 

2.8.2. Relationship with ecosystem physiology 
Physiological processes such as carbon assimilation, stomatal closure 

or SIF emission often show a two steps response to the decrease in soil 
water availability with a clear transition from non-limiting to limiting 
soil water conditions from a threshold (Beauclaire et al., 2023; Gourlez 
de la Motte et al., 2020; Jonard et al., 2022). In this study, soil water- 
limiting conditions were defined by using the REW threshold from 
which a decrease in LUE was observed (Reitz et al., 2023). As any other 
response ration, LUE is strongly affected by changes in the denominator 
(APAR) especially when it is small. Therefore, a logarithmic trans
formation was used to avoid skewness in the sampling distribution and 
to linearize the ratio so that LUE is affected equally by changes in APAR 
or GPPEC (Hedges et al., 1999). A linear and a linear-plateau segmented 
model were fitted to the log10-transformed daily means of LUE and daily 
means of REW, and statistical selection was made according to the 
lowest AIC similarly to the SIFTOT–GPPEC relationship (Jonard et al., 
2022; Reitz et al., 2023; Stocker et al., 2018). The linear-plateau 
segmented model had the lowest AIC and the REW threshold (REWth) 
was determined as the corresponding REW below which a decrease in 
REW induced a decrease in LUE. A threshold of 0.57 ± 0.06 was found 
(Fig. S2). This lower limit of this threshold (i.e., REWth = 0.51) was used 
to discuss the impact of non-limiting (i.e., REW > REWth) or limiting (i. 
e., REW < REWth) soil water conditions on MLR-USO model robustness 
and on the SIFTOT– GPPEC relationship. 

2.9. Gas exchange and fluorescence measurements at the leaf level 

qL, ϕPSII,max , Ci and fPSII used in Eq. 1 and Eq. 8, as well as An, Cs, and 
VPDleaf in Eq. 13 were determined from active fluorescence and gas 
exchange measurements at the leaf level by using a LICOR LI-6400 de
vice and a LI-6400-40 fluorescence chamber (LI-COR Inc., Lincoln, NE, 
USA). The following procedure was applied to each measurement. Only 
the youngest and most exposed leaves on the upper part of the canopy 
were selected, considering that they mostly contributed to the total 
emitted SIF signal due to their very large role in PAR interception, and 
their high content in chlorophyll and nitrogen (Li et al., 2015). In the 
chamber, the CO2 concentration was set to 400 ppm, and the air 

humidity and temperature were maintained at ambient level. For the 
measurements on dark-adapted materials, the actinic light was turned 
off for at least 20 min. A multiphase fluorescence flash of 9000 μmol 
m− 2 s− 1 was then applied to measure the maximum and minimum 
fluorescence intensities in the dark (Fm and F0). After this, the actinic 
light was turned on and the PAR in the chamber (PARleaf ) was set to 
ambient level. After stabilization of the fluorescence and gas exchange 
signal, the steady state fluorescence intensity (Fs) was measured before 
the application of the same multiphase fluorescence flash to measure the 
maximum fluorescence intensity under the light (Fm

′). The minimum 
fluorescence of a light-adapted sample (F0

′) was measured after the 
application of a far-red pulse to excite PSI and draw the electrons from 
PSII to ensure that reaction centers remain fully oxidized. In addition, 
An, leaf transpiration, leaf temperature (Tleaf ) and Cs were measured. 
These variables were used to calculate gsw, Ci and VPDleaf . Leaf-level 
measurements were performed at different locations within the FloX 
footprint between 7am and 5pm. A total of 387 measurements were 
collected between April 14 and June 30, 2022 (Fig. 2). These fluores
cence intensities should correspond only to PSII emission. This has been 
considered by hypothesizing that steady-state PSI fluorescence repre
sents 24% of Fs (i.e., Fs,PSI = 0.24 Fs) when performing active fluores
cence measurements at the leaf level (Pfündel et al., 2013). This 
contribution reaches 45% in the NIR for SIF in the O2-A band (i.e., 
Fs,PSI,NIR = 0.45 Fs; Pfündel, 2021). Therefore, qL , ϕPSII,max and fPSII 

were calculated as following (Kramer et al., 2004; Jia et al., 2023): 

qL =

(
F′

m − Fs
)
⋅
(
F′

0 − Fs,PSI
)

(
F′

m − F′
0
)
⋅
(
Fs − Fs,PSI

) (14)  

ϕPSII,max =
(Fm − F0)

Fm − Fs,PSI
(15)  

fPSII =
Fs − Fs,PSI,NIR

Fs
= 1 −

Fs,PSI,NIR

Fs
(16) 

It is necessary to interpolate MLR model parameters determined by 
leaf-level measurements campaigns (qL, ϕPSII,max , Ci and fPSII) to calculate 
GPPSIF (Eq. 8) and TrSIF (Eq. 11) at a half-hourly timescale before vali
dation. This temporal interpolation has been carried out using the 
relationship between model parameters and potential environmental 
drivers (VPDleaf , Tleaf , PARleaf , REW). An exponential model was used to 
represent the relationship between qL and PARleaf (Chang et al., 2021). 
As Ci is sensitive to leaf temperature with a peak between 20 ◦C and 30 
◦C for wheat (Huang et al., 2021), a second-order polynomial model was 
used to interpolate Ci with Tleaf . fPSII was linearly related to PARleaf by a 
first-order polynomial model. The equations are: 

qL = aqL⋅exp− bqL ⋅PARleaf + cqL (17)  

fPSII = afPSII ⋅PARleaf + bfPSII (18)  

Ci = aCi⋅T2
leaf + bCi⋅Tleaf + cCi (19) 

qL, fPSII and Ci were grouped in PARleaf , Tleaf and VPDleaf classes with 
an interval of respectively 50 μmolm− 2 s− 1, 2 ◦C and 0.1 kPa before 
fitting the exponential and polynomial models. Statistical significance of 
models was evaluated by comparing the AIC of the exponential (Eq. 17) 
and polynomial (Eq. 18, Eq. 19) models with the AIC of a linear (for Eq. 
17, Eq. 19) and a zero-slope model (for Eq. 18). Only models with the 
lowest AIC are presented. The relationship between model parameters 
and other potential drivers (i.e., REW, PARleaf , Tleaf and VPDleaf ) was also 
tested (Fig. S3, Table S3). 

2.10. Energy partitioning at the leaf level 

As mentioned in the introduction, NPQ, SIF and PQ are in competi
tion for solar irradiance. Therefore, the sum of the corresponding 
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quantum yields (ϕNPQ, ϕSIF and ϕPQ) equals 1 (Porcar-Castell et al., 
2014), and the relationship between carbon assimilation and fluores
cence at the leaf level is tightly coupled to the dissipation of excessive 
energy by heat. It is then expected that the partitioning between ϕNPQ, 
ϕSIF and ϕPQ directly impacts the relationship between SIFTOT and 
GPPEC. The quantum yields were calculated following (Gu et al., 2019; 
Jia et al., 2023; Kramer et al., 2004): 

ϕPQ =
F′

m − Fs

F′
m − Fs,PSI

(20)  

ϕNPQ =
Fs − Fs,PSI

F′
m − Fs,PSI

−
Fs − Fs,PSI

Fm − Fs,PSI
(21)  

ϕSIF =
1 − ϕPSII,max

(1 + kDF)
(
(1 + NPQ)

(
1 − ϕPSII,max

)
+ qLϕPSII,max

) (22)  

where NPQ =
Fm − F’

m
F’

m − Fs,PSI 
is the NPQ parameter. Note that ϕPQ and ϕNPQ were 

corrected for PSI emission and that ϕSIF corresponds to the SIF quantum 
yield of PSII (Gu et al., 2019). The relationship between ϕPQ, ϕNPQ, ϕSIF 

and environmental drivers was evaluated using the correlation co
efficients, and their corresponding p-values. 

2.11. Statistical analysis 

The performance of the MLR-USO model was evaluated by calcu
lating the R2 and the relative root mean square error (rRMSE) between 
GPPSIF–GPPEC and between TrSIF–TrEC, at both daily and half-hourly 
timescales. The rRMSE was calculated by dividing the root mean 
square error by the amplitude of EC data (i.e., the difference between the 
maximum and minimum value). The heteroskedasticity was assessed by 
calculating the p-value of the Breusch-Pagan test (Breusch and Pagan, 
1979) to characterize a potential trend in residuals variability with 
GPPSIF or TrSIF. Finally, the relationship between model residuals and 
potential drivers (REW, VPDcan, Tcan, fesc) was evaluated using the cor
relation coefficients, and their corresponding p-values. 

Fig. 1. Temporal evolution in 2022 of daily cumulative precipitation (panel a), canopy vapor pressure deficit (VPDcan – panel b), solar irradiance (PAR – panel c) and 
canopy temperature (Tcan – panel d) compared to previous winter wheat growing seasons (2005–2019). Shaded areas correspond to the standard deviation around 
the daily means. 
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3. Results 

3.1. Meteorological conditions and EC fluxes 

CO2, H2O fluxes and meteorological variables in 2022 were 
compared to the previous winter wheat growing seasons at BE-Lon by 
combining the FLUXNET2015 and the ICOS Carbon Portal datasets over 
the years 2005, 2007, 2009, 2011, 2013 and 2019 (Dumont et al., 2023; 
Pastorello et al., 2020). The temporal evolution of cumulative precipi
tation, VPDcan, PAR and Tcan in 2022 is presented in Fig. 1 and was 
compared to the average values over the reference period 2005–2019. In 
2022, several episodes with very low precipitation can be observed, as 
highlighted by numerous horizontal lines on the cumulative precipita
tion curve (Fig. 1-a). At the harvest, the total cumulative precipitation in 
2022 was about 251 mm, which is not significantly lower than the 
average cumulative precipitation for the reference period 2005–2019 
(361 ± 153 mm). 

Four peaks of VPDcan were observed in 2022 around DOY 83, 135, 
169, 194, clearly above the average values of the reference period 
(Fig. 1-b). These sharp increases in VPDcan also corresponds to an in
crease in Tcan and PAR (Fig. 1-c,d). The lack of precipitation during 
spring and summer 2022 caused a decrease in REW between DOY 55 to 
85, DOY 98 to 139, and DOY 160 to 173 (Fig. 2-c). The most severe 
precipitation shortage episode was between DOY 98 to 139, which 
corresponds to more than 40 days without precipitation. During this 
period, REW decreased to a minimum value of 0.24. The lowest REW 
value was 0.14 at DOY 197 (Fig. 2-c). GPPEC and LEEC showed a strong 
seasonal pattern with a typical bell-shape curves in parallel with canopy 
cover development and NDVI dynamics (Fig. 2-a,b; Fig. 3-a). Maximum 
values of 55.0 μmol m− 2 s− 1 for GPPEC and 419 W m− 2 for LEEC were 
observed at DOY 133 (Fig. 2-a,b). 

Fig. 2. Temporal evolution in 2022 of gross primary production (GPPEC – panel a), latent heat flux (LEEC – panel b) and relative extractable water (REW – panel c). 
Subplot c) also displays maximum rooting depth measurements (αmeas) and extrapolated values (α), as well as daily cumulative precipitation (P) and days when leaf- 
level measurements were performed (*). Panels a) and b) also display GPPEC and LEEC over the previous winter wheat growing seasons (2005–2019). Shaded areas 
correspond to the standard deviation around the daily means. The details of the calculation of REW are given in Text S1. 
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3.2. Temporal evolution of proximal sensing data and relationship 
between SIF and GPP 

Due to a malfunction of the QEPro spectrometer after DOY 175, only 
SIF data from DOY 55 to DOY 175 were analyzed. Moreover, data gaps 
between DOY 141–152 and 159–166 were caused by sensor mainte
nance (Fig. 3), and errant NDVI data between DOY 98 and 110 were 
replaced by data from the NDVI sensor installed on the EC station 
(laboratory-made sensor, see Soudani et al. (2012) for references). 
NDVI, NIRv and fAPAR followed vegetation development with a gradual 
increase from DOY 55 to DOY 130 and a maximum value of respectively 
0.89, 0.50 and 0.89 (Fig. 3-a,b), which characterizes the full develop
ment of the canopy. A progressive decrease due to senescence and yel
lowing can be observed from DOY 182 to DOY 198. The variability of fesc 
was high before DOY 80, corresponding to the beginning of the growing 
season. Indeed, fesc is very sensitive to short scale variations of NDVI (Eq. 
2, Eq. 3). This latter showed a strong variability in the early stage of 

vegetation growth, which can be explained by the impact of soil 
reflectance and canopy scattering on the NDVI measurements. There
fore, NDVI measurements are very sensitive to changes in canopy 
structural proprieties (i.e., such as leaf angle inclination) when vegeta
tion cover is low (Atherton et al., 2022). This might explain the erratic 
pattern of fesc before DOY 80. From DOY 80, fesc followed crop phenology 
as NDVI and NIRv increased, with values stabilizing between 0.50 and 
0.39 (Fig. 3-b), which has already been observed in similar crops 
(Dechant et al., 2020). SIFTOT was impacted by both canopy cover 
development and half-hourly variations of meteorological conditions 
(Fig. 3-c). In particular, SIFTOT gradually increased from DOY 55 to a 
maximum value of 9.34 μmol m− 2 s− 1 observed at DOY 123 (Fig. 3-c). 

The relationship between GPPEC and SIFTOT was characterized by an 
increase in GPPEC for SIFTOT < 6.90 μmol m− 2 s− 1 before a progressive 
stabilization of GPPEC at ~45.6 μmol m− 2 s− 1 for SIFTOT > 6.90 μmol 
m− 2 s− 1 (Fig. 4-a). The nonlinearity was observed at very high APAR 
(~1500 μmol m− 2 s− 1, corresponding to 3.6% of the APAR dataset) 

Fig. 3. Temporal evolution in 2022 of daily means of normalized difference vegetation index (NDVI) and near-infrared reflectance of vegetation (NIRv – panel a), 
fraction of absorbed irradiance (fAPAR), escape probability (fesc – panel b), and total sun-induced chlorophyll fluorescence (SIFTOT – panel c). Shaded areas correspond 
to the standard deviation around the daily means. 
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which may suggest a decoupling between GPPEC and SIFTOT induced by 
light absorption and/or canopy structure effects on the GPPEC–SIFTOT 
relationship. The relationship between LUE and SIFy was linear (Fig. 4- 
b), which highlights that the saturating shape was explained by light 
absorption rather than structural changes (Fig. 4-b). Finally, soil water- 
limiting conditions (i.e., REW<REWth) did not induce a nonlinear 
pattern between SIFy and LUE (Fig. 5). 

3.3. Leaf-level measurements 

Tleaf explained a larger part of the variability of Ci compared to 
VPDleaf and PARleaf (i.e., highest R2, Fig. 6, Fig. S3, Table S3). ϕPSII,max 

remained constant and was not affected by any environmental variables 
( ¯ϕPSII,max = 0.81, Fig. S3). qL exponentially decreased from 0.63 before 

stabilizing to 0.38 when PAR exceeded ~500 μmol m− 2 s− 1 (Fig. 6-a), 
and fPSII linearly decreased between 0.71 and 0.60 (Fig. 6-b). Ci 
decreased with increasing Tleaf up to ~20 ◦C before stabilizing above 
~20 ◦C (Fig. 6-c). Fitted coefficients and R2 (Eq. 17,18 and 19) are given 
in Table S3. No significant relationship between qL, fPSII and other 
environmental drivers was observed (Fig. S3). These equations were 
used to calculate qL, Ci and fPSII at the half-hourly timescale using Tcan 
(Eq. 10) and PAR for estimating GPPSIF from SIFTOT (Eq. 8). Time series 
of measurements of model parameters are shown in Fig. S4. 

A positive correlation between PAR and ϕNPQ was observed (Fig. 7), 
where ϕNPQ increased with PAR from ~0 to ~0.6. On the other hand, 
ϕPQ decreased with increasing PAR from ~0.8 to ~0.3, which resulted in 
a negative correlation (Fig. 7). A weaker negative correlation between 
ϕSIF and PAR was also evidenced (Fig. 7). A significant correlation was 
also observed between leaf-level quantum yields and Tleaf and VPDleaf 

(Fig. S5). In particular, the decrease in ϕSIF and ϕPQ with Tleaf and 
VPDleaf was associated to the corresponding increase in ϕNPQ. Moreover, 
the decrease in REW did not affect leaf-level quantum yields (Fig. S5). 

3.4. MLR-USO model performances for estimating GPP and transpiration 

The MLR-USO model reproduced a large proportion of the temporal 
variability of GPPEC and TrEC throughout the growing season and under 
various meteorological conditions (Fig. 8). These results are confirmed 
by the direct comparison between modeled GPP and Tr (GPPSIF and 
TrSIF) and EC measurements (Fig. 9 and Fig. 10). The MLR-USO model 
explained 95% of the variance of GPPEC at the half-hourly timescale (R2 

= 0.95) with a rRMSE of 13.7% and a slope of the linear regression 
between GPPEC and GPPSIF close to 1 (Fig. 9-a). At the daily timescale, 
the rRMSE was slightly lower, while the other statistics remained very 
similar (R2 = 0.95, rRMSE = 11.5%, slope = 0.97 ± 0.04) (Fig. 9-b). At 
the half-hourly timescale, 95% of the variance of TrEC was explained by 
the model (R2 = 0.95) with a rRMSE of 9.1% and a slope of 0.89 ± 0.02 
(Fig. 10-a). Similar statistics were observed at the daily timescale 
(Fig. 10-b). Low REW induced an underestimation of TrSIF compared to 
TrEC, which was more pronounced at the half-hourly timescale (Fig. 10). 
No deviation from the 1:1 line as APAR increased can be observed for 
both GPP and Tr (Fig. 9 and Fig. 10). The mean of residuals was very 

Fig. 4. Relationship between gross primary production (GPPEC) and total sun-induced fluorescence (SIFTOT – panel a), and between light-use efficiency of GPP (LUE) 
and SIF yield (SIFy – panel b). The color map indicates the range of absorbed PAR (APAR). R2 is the coefficient of determination of the linear or linear-plateau 
segmented model. The selected model was the one with the lowest Akaike information criterion (AIC). 

Fig. 5. Relationship between light-use efficiency of photosynthesis (LUE) and 
SIF yield (SIFy) with relative extractable water (REW). R2 is the coefficient of 
determination of the linear model. The color map indicates the range of REW 
and is defined according to the REW threshold characterizing soil water- 
limiting conditions (REWth). 
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close to 0 for GPP (0.36 μmol m− 2 s− 1 half-hourly / 0.63 μmol m− 2 s− 1 

daily) and Tr (− 0.11 mmol m− 2 s− 1 half-hourly / -0.15 mmol m− 2 s− 1 

daily). An increase in residuals variability as GPPSIF and TrSIF increased 
was observed, but only at the half-hourly timescale for GPP (i.e., p <
0.05, Fig. 9 and Fig. 10). GPP residuals were significantly correlated 
with REW, Tcan and VPDcan but not with fesc (Fig. 11-a,b,c,d). Similar 
correlations are observed for Tr residuals (Fig. 11-e,f,g,h). More spe
cifically, the correlation was positive between model residuals and REW, 
and negative for Tcan and VPDcan. A more important trend towards 
negative residuals for Tr was observed when REW was lower than 
REWth, which can explain the slight underestimation of TrSIF compared 
to TrEC (Fig. 10). No correlation was observed at the daily timescale for 
any GPP or Tr residuals. 

4. Discussion 

4.1. Relationship between MLR-USO model parameters and 
environmental drivers 

A key step for applying the MLR model is the determination of the 
factors for estimating SIFTOT from SIFTOC,760. This step includes the 
conversion of photosystem-level SIF emission to canopy level, the con
version of narrowband SIF to broadband SIF considering a physiological 
and structural component, and finally the exclusion of PSI fluorescence. 
fλ is constant and does not vary with meteorological variables while fesc 
integrates the structural changes in the canopy and was retrieved from 
NIRv and fAPAR, which are both reflectance-based measurements avail
able at local and large scales (Zeng et al., 2019; Dechant et al., 2022). As 
the SIF signal includes the contribution of both photosystems in the O2-A 
band, the effects of PSI cannot be neglected. fPSII was estimated by 
excluding the contribution of PSI to leaf-level fluorescence intensities 
which was set to 45% of Fs (Pfündel, 2021). Although this value is higher 
than previous observations (e.g., Franck et al., 2002; Genty et al., 1990; 
Pfündel et al., 2013), it can be used to consider PSI contribution in the 
O2-A band as it was calculated from selective fluorescence measure
ments above 700 nm (Pfündel, 2021; Jia et al., 2023). fPSII moderately 
decreased with PAR, while being not affected by the increase in VPDleaf , 
Tleaf or REW (Fig. 6, Fig. S3). This dynamic is similar to the PAR - ϕSIF 
relationship which showed a week negative correlation (Fig. 7) and can 
be explained by a strong coupling between Fs and PQ quantum yield 
under high irradiance when NPQ is limiting (Maguire et al., 2020; Liu 
et al., 2022a, 2022b). This contrasts with other studies which modeled 
the fluorescence quantum yields ratio (Eq. 16) with temperature, PAR 
and CO2 availability, making fPSII highly sensitive to other environ
mental conditions (Liu et al., 2022a, 2022b; Bacour et al., 2019; van der 
Tol et al., 2014). Disentangling the importance of PSI contribution in the 
total SIF signal is one important issue to be considered in future studies 
(Porcar-Castell et al., 2021), as it directly influences the magnitude of 
SIFTOT especially in the O2-A band. 

Given the wide diversity in physiological mechanisms across eco
systems, it is expected that the parameters of the MLR-USO model (i.e., 
φPSII,max, qL, Ci and g1) are to be determined from a PFT-based calibra
tion. We tackled this problem by taking in-situ measurements at the leaf 
level. Tleaf explained the most important part of Ci variability (highest 
R2, Fig. 6, Table S3) which is explained by the temperature response of 
stomata and Rubisco (Warren, 2006). This combined effect leads to a 

Fig. 6. Relationship between the fraction of open PSII centers (qL) and the 
fraction of PSII fluorescence emission (fPSII) with solar irradiance at the leaf 
level (PARleaf – panels a and b). Panel c) displays the relationship between CO2 

concentration in substomatal cavities (Ci) and leaf temperature (Tleaf ). Mea
surements are grouped into PARleaf or Tleaf classes with an interval of respec
tively 50 μmolm− 2 s− 1 and 2 ◦C. The error bars show the standard deviation 
around the mean for each class. R2 is the coefficient of determination of the 
exponential or polynomial models. 

Fig. 7. Relationship between quantum yields of fluorescence (ϕSIF), non- 
photochemical quenching (ϕNPQ) and photochemical quenching (ϕPQ) with 
solar irradiance at the leaf level (PARleaf ). r is the correlation coefficient and p is 
the corresponding p-value. 
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temperature optimum for photosynthesis, typically around 25 ◦C (Crous 
et al., 2022), with some variability between species (Marchin et al., 
2022). Such relationship was also observed in other studies conducted 
on winter wheat (Urban et al., 2018; Huang et al., 2021). 

The exponential decrease in qL with PAR illustrates the closure of 
PSII reaction centers when solar irradiance increases (Cendrero-Mateo 
et al., 2015; Zivcak et al., 2014; Flexas et al., 2002; Broddrick et al., 
2022; Ouzounis et al., 2015). We did not observe an effect of other 
environmental variables on qL besides PAR (Fig. S3), in contrast with 

previous studies which showed a significant effect of heat and atmo
spheric dryness on this parameter (Han et al., 2022b; Shin et al., 2021; 
Zhou et al., 2019; Cano et al., 2013). However, it might be possible that 
our experimental set-up didn’t allow the identification of such effects as 
chlorophyll fluorescence measurements were carried out along with gas 
exchanges, which limited the number of measurements throughout the 
day and the growing season. Expanding the range of environmental 
variables under controlled conditions could uncover such additional 
effects (e.g., Han et al., 2022b). 

Fig. 8. Temporal evolution in 2022 of gross primary production from eddy covariance (GPPEC) and estimated by the MLR-USO model (GPPSIF – panel a). Panel b) 
shows the temporal evolution of daily transpiration from eddy covariance (TrEC) and estimated by the MLR-USO model (TrSIF), as well as the daily cumulative 
precipitation (P). Shaded areas correspond to the standard deviation around the daily means. 

Fig. 9. Scatterplot between gross primary production from eddy covariance (GPPEC) and gross primary production estimated by the MLR-USO model (GPPSIF) at the 
half-hourly (panel a) and daily (panel b) timescales. Dot size is proportional to the absorbed photosynthetic active radiation (APAR). The color map indicates the 
range of relative extractable water (REW) and is defined according to the REW threshold characterizing soil water-limiting conditions (REWth). R2

MLR-USO and 
rRMSEMLR-USO are respectively the coefficient of determination and the relative root mean squared error calculated from GPPSIF and GPPEC. slopelin is the slope of the 
linear relationship between GPPSIF and GPPEC. p is the p-value of the Breusch-Pagan test for heteroskedasticity. 
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4.2. SIF-GPP relationship 

The saturation of GPPEC at high SIFTOT (Fig. 4-a) and the linearity 
between LUE and SIFy (Fig. 4-b) indicates that APAR is an important 
driver of the dynamics of GPPEC and SIFTOT . Such relationship has also 
been observed for croplands, savannas (Yao et al., 2022) or needleleaf 
forests (Kim et al., 2021; Yao et al., 2022). This nonlinearity can be 
explained by the competitive mechanism between ϕNPQ, ϕPQ and ϕSIF at 
the leaf level for the incoming irradiance. We found an asymmetric 
pattern of ϕPQ and ϕNPQ dynamics with PAR (Fig. 7) as highlighted by 
numerous studies (Baker, 2008; van der Tol et al., 2014; Chen et al., 
2019; Gu et al., 2019). In light-limiting conditions, most of the incoming 
PAR is used for fueling the dark reactions of photosynthesis by carrying 
the energy through the electron transport chain to produce ATP and 
NADPH, resulting in a high PQ at low PAR. As more energy is received 
by chlorophyll molecules, PSII reaction centers close (decrease in qL) 
and the rate of absorbed photons decreases (decrease in ϕPQ). In these 
conditions, numerous regulatory mechanisms are used to dissipate the 
excess energy as heat to prevent the formation of reactive oxygen species 
(see Demmig-Adams and Adams (2006) for a review), resulting in an 
increase in ϕNPQ with increasing PAR. As ϕSIF depends on NPQ and qL 

(Eq. 22), the opposite behavior of these two parameters with PAR ex
plains the weaker sensitivity of ϕSIF to PAR (Fig. 7), and by extension the 
nonlinearity between SIFTOT and GPPEC at high APAR (Fig. 4-a, Gu et al., 
2019). 

The linearity between SIFy and LUE was also observed under soil 
water-limiting conditions (i.e., REW < REWth, Fig. 5). Similar results 
were shown in deciduous forests (He et al., 2020; Yang et al., 2015), 
winter wheat crop (Shen et al., 2022) or natural grassland (Verma et al., 
2017). A key factor impacting SIFy and LUE is the maximum carboxyl
ation rate of Rubisco (Vcmax). A decrease in Vcmax is often observed in 
crops during drought (e.g., Beauclaire et al., 2023; Zhou et al., 2013), 
which could explain the decrease in LUE with REW as highlighted in this 
study (Fig. S2). Moreover, numerous studies using the SCOPE model 
(van der Tol et al., 2009) have shown that SIF is sensitive to Vcmax 
(Camino et al., 2019; Koffi et al., 2015; Wang and Xiao, 2021; Zhang 

et al., 2014, 2016, 2018), suggesting that SIFy may decrease as well 
when soil water availability is reduced. Therefore, the linearity between 
SIFy and LUE could be explained by a similar sensitivity of LUE and SIFy 

to Vcmax during water stress. 
Unlike the saturation of GPPEC at high APAR and SIFTOT (Fig. 4-a), a 

linear relationship between GPPSIF and SIFTOT was observed (Fig. S6-d). 
This suggests that the model did not capture the saturation of GPPEC at 
high APAR. However, the corresponding impact on model performance 
was limited as only 3.6% of the APAR data was above the saturation 
point of ~1500 μmol m− 2 s− 1 (section 3.2; Fig. 4-a). In the MLR model, 
the influence of PAR on GPPSIF is implemented through the effects of qL 
on JSIF (Eq. 7, Eq. 17). This sensitivity is explained by the coupling be
tween the dark and light reactions of photosynthesis. In particular, the 
production of energy-carrier molecules (i.e., ATP and NADPH) by the 
electron transport chain (which depends on qL) must balance carbon 
uptake, itself regulated by the stomatal dynamics (Gu et al., 2019). As 
SIFTOT is the product of ϕSIF, fesc, and APAR (Gu et al., 2019), it is ex
pected that SIFTOT increases with PAR. On the other hand, the decrease 
in qL (Eq. 17, Fig. 6-a) compensates for the corresponding increase in 
SIFTOT in the MLR model (i.e., GPPSIF ≈ qL⋅SIFTOT , Eq. 8). As a result, the 
shape of the PAR–qL relationship modulates the sensitivity of GPPSIF to 
SIFTOT (Gu et al., 2019). 

The importance of the PAR–qL relationship on GPPSIF can be 
assessed by simulating qL light-response curves based on the 95% con
fidence intervals of the fitted parameters (Eq. 17, Table S3, Fig. S6-a). 
These data are then fed into the MLR model (Eq. 8), which gives a 
modeled GPP (GPPSIF,mod) using modeled SIF determined from the light- 
use efficiency model (i.e., SIFTOT,mod = ϕSIF⋅fesc⋅fAPAR⋅PAR, where fesc and 
fAPAR are set to constant, and ϕSIF is estimated from a linear relationship 
between ϕSIF and PAR at the leaf level - Fig. 7, Fig. S6). This sensitivity 
analysis showed that the variability of the PAR–qL model did not change 
the pattern of the light response curve of GPPSIF,mod, which remained 
very similar to the PAR–SIFTOT,mod relationship (Fig. S6-b). This similar 
sensitivity to PAR explained the strong linearity between the two vari
ables regardless of the PAR–qL response curves (Fig. S6-c). This suggests 
that the nonlinearity between SIFTOT and GPPSIF is not likely to be 

Fig. 10. Scatterplot between transpiration from eddy covariance (TrEC) and transpiration estimated by the MLR-USO model (TrSIF) at the half-hourly (panel a) and 
daily (panel b) timescales. Dot size is proportional to the absorbed photosynthetic active radiation (APAR). The color map indicates the range of relative extractable 
water (REW) and is defined according to the REW threshold characterizing soil water-limiting conditions (REWth). R2

MLR- USO and rRMSEMLR-USO are respectively the 
coefficient of determination and the relative root mean squared error calculated from TrSIF and TrEC. slopelin is the slope of the linear relationship between TrSIF and 
TrEC. p is the p-value of the Breusch-Pagan test for heteroskedasticity. 
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related to the measurements and parameterization of qL as performed in 
this study. 

One possible explanation of such discrepancy lies in the location of 
leaf-level measurements within the canopy. In particular, only sunlit 
leaves at the top of the canopy were selected for active chlorophyll 
fluorescence measurements, thus implicitly neglecting the contribution 
of the lower parts of the canopy to the SIF signal. However, wheat 
canopies can be characterized by leaves with various nitrogen content 
and structure (Furbank et al., 2015; Chang et al., 2022), and can have an 
uneven contribution to the observed SIF signal. For instance, while 
sunlit leaves receive both diffuse and direct light, the proportion of 
absorbed diffuse light is higher for shaded leaves, which impacts their 
light absorption proprieties. In-situ measurements have shown that the 
sensitivity of qL to PAR changes with the sunlit-shaded status of the leaf 
(Zivcak et al., 2014; Chang et al., 2021), which is also supported by 
model simulations on evergreen needleleaf forests (Chen et al., 2024). 
Such variability could explain the observed saturation of GPPSIF at high 

PAR at the ecosystem scale. This hypothesis is supported by the sensi
tivity analysis on qL conducted beyond the 95% confidence interval of 
PAR–qL model parameters (Fig. S7), which shows that qL is a key 
parameter for reproducing the SIF-GPP relationship. Neglecting such 
complexity in the response of a canopy-scale qL to irradiance may 
explain the linearity between SIFTOT and GPPSIF at high APAR. This is 
even more relevant for dense canopies where the performances of the 
MLR-USO model might be significantly affected under non-limiting light 
conditions. Future examination of the dependence of qL on environ
mental conditions while differentiating light distribution through the 
canopy is needed (Chen et al., 2024; Chang et al., 2021). 

4.3. Performance of the MLR-USO model 

4.3.1. Overall performances 
The MLR model was used to determine GPP from TOC SIF mea

surement over a winter wheat crop. For the first time, this model has 

Fig. 11. Scatterplot of MLR-USO model residuals of gross primary production (GPPSIF − GPPEC) and transpiration (TrSIF − TrEC) compared to relative extractable 
water (REW- panels a, e), canopy vapor pressure deficit (VPDcan – panels b, f), canopy temperature (Tcan – panels c, g) and escape probability (fesc – panels d, h). 
Dark dots correspond to half-hourly data and red dots to daily data. r is the correlation coefficient and p is the corresponding p-value. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.) 
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been coupled with the USO model for stomatal conductance (Medlyn 
et al., 2011) to use both stomatal optimality theory and the MLR 
approach to estimate carbon and water fluxes with a single SIF mea
surement above the canopy. These findings should be considered in the 
light of previous studies, which already highlighted the promising ca
pacities of the MLR model for predicting GPP at the canopy scale of an 
irrigated winter wheat crop (Liu et al., 2022b), at the leaf scale for a 
grass and two tree species (Shi et al., 2022), or for winter wheat grown 
under controlled conditions (Jia et al., 2023). Another recent study of 
Han et al. (2022a) evaluated the robustness of the MLR model at the leaf 
level for 29 C3 and C4 plant species (not including winter wheat) 
representative of the major PFT across the globe and demonstrated that 
the MLR model was also capable of estimating net assimilation rate 
under diverse light and temperature conditions. The direct use of SIF to 
model Tr was also tested by Feng et al. (2021) who coupled the MLR 
model with the Ball-Woodrow-Berry (BWB) parameterization for sto
matal conductance (Ball et al., 1987). Although Tr estimated from the 
MLR-BWB model was in a good agreement with EC data for one maize 
site and two forest sites, the results might have been impacted by 
neglecting the effects of changes in canopy structure (i.e., setting fesc to 
constant, Feng et al., 2021). Our study shows that accounting for canopy 
structural changes and model parameters dependence on environmental 
variables is critical for estimating GPP and Tr from SIF. 

4.3.2. MLR-USO model robustness during dry conditions 
The decrease in LUE from REWth (Fig. S2) highlights that winter 

wheat photosynthesis is sensitive to the decrease in soil water avail
ability (Li et al., 2023; Yang et al., 2023), which can lead to yield losses 
(Riedesel et al., 2023). Statistical metrics indicated that the MLR-USO 
model performed well even when soil water was limiting (i.e., REW <
REWth), or when Tcan and VPDcan were high. The slopes of the linear 
regressions between MLR-USO model estimates (GPPSIF, TrSIF) and EC 
measurements (GPPEC, TrEC) were very close to one (Fig. 9, Fig. 10), 
which indicates that the influence of meteorological conditions and 
changes in canopy structure were reproduced by the model through: (i) 
the dependence of model parameters on PAR and Tcan, and (ii) the 
sensitivity of SIFTOT to VPDcan and REW. 

However, the correlation between model residuals and environ
mental drivers (Tcan, VPDcan and REW) suggests that soil water-limiting 
conditions and high Tcan and VPDcan increased the error term of the MLR- 
USO model. The cone-shaped scatterplot between model residuals and 
REW (Fig. 11) can be explained by uncertainties in the partitioning of 
NEE between GPPEC and RECO. For instance, the partitioning of carbon 
fluxes from EC data relies on the accuracy of the relationship between 
Tair and RECO (i.e., nighttime method), which can be affected by soil 
water availability, diffuse radiation, soil temperature (Wohlfahrt and 
Galvagno, 2017) or the inhibition of daytime respiration (Keenan et al., 
2019). Although GPPEC was retrieved using the ONEFlux pipeline which 
uses relatively short moving windows to establish the relationship be
tween Tair and RECO (Reichstein et al., 2005; Pastorello et al., 2020), 
rapid changes in climate conditions such as rewetting after precipitation 
shortage episodes may induce a strong variability in this relationship, 
therefore impacting the accuracy of NEE partitioning (Tramontana 
et al., 2020). This may explain the larger variability and the decreasing 
trend of the residuals for REW < REWth, as numerous rainfall events 
were observed around DOY 150 after a constant reduction of soil water 
availability during the 40-days precipitation shortage period. In addi
tion, MRL-USO parameters and VPDcan were determined using Tcan from 
far-infrared radiation measurements at the canopy surface. While this 
approach has the advantage of increasing the versatility of the MLR-USO 
model for a use at larger scales with RS of land surface temperature (Li 
et al., 2013; Hulley et al., 2019), the nighttime partitioning method uses 
Tair instead of Tcan to determine ecosystem respiration and GPPEC from 
NEE (Reichstein et al., 2005). This difference may increase model re
siduals, especially when drought affects the coupling between Tcan and 
Tair (Aprile et al., 2013; Pradhan et al., 2022). The choice of the driving 

temperature for RECO and the partitioning of NEE has been discussed in 
many studies and is still under debate in the scientific community 
(Lasslop et al., 2012; Wohlfahrt and Galvagno, 2017). A recent paper of 
Kira et al. (2021) has explored the possibility to use SIF to empirically 
model GPP to improve the partitioning of NEE. In this perspective, the 
MLR model also represents a promising perspective to improve the 
partitioning of NEE by modeling GPP independently from NEE. 

Finally, differences between TrSIF and TrEC may originate from the 
calibration of the USO model. g1 was estimated by using leaf-level 
measurements of gas exchanges, and the value of 2.28 kPa0.5 was in 
the range of the results of the study of Medlyn et al., 2017 for crops, who 
calibrated the USO model from EC and leaf-level measurements. In our 
study, leaf-level measurements were conducted on sunlit leaves at the 
top of the canopy, which do not integrate the whole canopy variability of 
plant functional traits and meteorological conditions. In particular, 
canopy architecture induces variability in sun exposure, resulting in 
within-canopy gradients of meteorological conditions (Coble et al., 
2017) or plant traits (Niinemets et al., 2015). Maximum stomatal 
conductance and stomatal sensitivity to PAR may be higher in the upper 
part of the canopy (Van Wittenberghe et al., 2012, Tarvainen et al., 
2013) whereas Ci is substantially lower in the deep canopy layers (Nii
nemets et al., 2004). Therefore, the stomatal sensitivity to photosyn
thesis (i.e., the paramter g1) can be influenced by within-canopy 
variations in environmental conditions (Miner et al., 2017), which ul
timately results in uncertainties when scaling from leaves to the canopy. 
Limiting leaf-level measurements to sunlit leaves in the upper layers of 
the canopy may not capture such variability and the potential effect of 
REW on g1. In particular, it has been shown that g1 may increase under 
soil water-limiting conditions at the canopy scale (e.g., Beauclaire et al., 
2023; Gourlez de la Motte et al., 2020), which could lead to an under
estimation of canopy conductance during soil water stress. Considering 
this within-canopy variability might be important to model 
biosphere-atmosphere fluxes for more dense and complex ecosystems 
such as forests (Bonan et al., 2021). Future efforts should be focused on 
elucidating the relationship between model parameters and environ
mental conditions in dense canopies before testing the MLR-USO model 
over a wider variety of ecosystems. 

Despite this uncertainty in the calibration, the MLR-USO model still 
reproduced a very high proportion of GPPEC and TrEC variability while 
no parameters were downregulated by REW. It indicates that SIFTOT was 
sensitive to the decrease in soil water availability either through changes 
in the physiological (i.e., SIFTOC,760) or structural (i.e., fesc) component of 
SIFTOT. Although SIFTOC,760 may decrease due to an increase in NPQ 
(Porcar-Castell et al., 2014; Xu et al., 2021), canopy structure through 
fesc can also be affected by changes in leaf angle distribution usually 
caused by leaf rolling (Lu et al., 2020; Dechant et al., 2020; Xu et al., 
2021) which is a common adaptative response of winter wheat for 
reducing transpiration and lowering leaf surface temperature during 
water stress (Ali et al., 2022; Blum and Tuberosa, 2018). Disentangling 
drought effects between structural or physiological changes would 
require additional measurements of morphological traits such as leaf 
angle distribution (Zou et al., 2014; Kattenborn et al., 2022). 

5. Conclusion 

This study provides a method which combines existing mechanistic 
modeling frameworks for estimating gross primary production (GPP) 
and transpiration (Tr) from sun-induced chlorophyll fluorescence (SIF) 
observations. The novelty of this approach lies in the joint representa
tion of stomatal optimality and light use partitioning processes in a small 
set of mechanistically-based equations. Our results show that model 
parameters can be retrieved from canopy temperature and solar irradi
ance, which are available at large scales from RS data. A high correlation 
between MLR-USO model estimates and eddy covariance measurements 
was observed, with more than 90% of variance in observed GPP and Tr 
explained by the model (R2 ≥ 0.91, rRMSE ≤ 13.7% for all timescales) 
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across a wide range of environmental conditions, including light- 
limiting and soil water-limiting conditions. We also showed that the 
sensitivity of the fraction of open PSII centers to PAR plays a key role in 
regulating the response of GPP to SIF. This study confirms that the MLR- 
USO model can be used for estimating carbon and water fluxes from TOC 
SIF. More ecosystem-scale studies are needed to fully assess the potential 
of such model before an application at larger scales with satellite data. 
This study contributes to paving the way towards an improvement of the 
modeling of carbon and water fluxes across scales. 
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