Agricultural and Forest Meteorology 388 (2026) 111370

. . . . L Agricultural
Contents lists available at ScienceDirect =

an
Forest Meteorology

Agricultural and Forest Meteorology

journal homepage: www.elsevier.com/locate/agrformet

ELSEVIER

Mechanistic estimation of Cs photosynthetic capacity in Chinese
ecosystems using satellite SIF observations

a,*

Jingjing Yang ™', Zhunqgiao Liu®', Chenhui Guo”, Qiang Yu®, Shiwen Wang?, Xiaoliang Lu

2 State Key Laboratory of Soil and Water Conservation and Desertification Control, College of soil and Water Conservation Science and Engineering (Institute of Soil and
Water Conservation), Northwest A&F University, Yangling, Shaanxi, 712100, China
® College of Natural Resources and Environment, Northwest A&F University, Yangling, Shaanxi, 712100, China

ARTICLE INFO ABSTRACT

Keywords:

Maximum carboxylation rate (Vemax)
Solar-Induced chlorophyll fluorescence (SIF)
Rubisco-limited photosynthesis

The fraction of open PSII reactions (g)

Most terrestrial biosphere models utilize the Farquhar, von Caemmerer, and Berry (FvCB) model to estimate
photosynthetic CO; assimilation. The maximum Ribulose-1,5-bisphosphate carboxylase/oxygenase (Rubisco)
carboxylation rate at 25 °C (Vemaxos) is an essential parameter in the FvCB model. Vimax2s not only varies
significantly across different plant functional types (PFTs), but also exhibits large variations even within the same

PFT. Sun-induced chlorophyll fluorescence (SIF), an effective proxy for plant photosynthesis, has demonstrated
strong potential for estimating Vemax2s. Specifically, when photosynthesis is Rubisco-limited, there is a mecha-
nistic relationship between SIF and Vmax2s, with the fraction of open PSII reaction centers (qi) being the key
factor linking SIF to Vemax2s. Based on this relationship, we propose a mechanistic model for estimating Vemax2s at
large scale. The canopy is first divided into two parts: sunlit and shaded leaves, and we find that photosynthesis
in sunlit leaves is primarily Rubisco-limited. Building on the previous work, g;, can be effectively estimated from
SIF and air temperature. Here, we employed a leaf-level concurrent measurement system to estimate key pa-
rameters in the SIF-based q;, estimation model for 45 plant species across 12 main PFTs in China. We applied the
SIF-based model to derive V¢max2s across China at a 0.05-degree resolution at a daily scale from 2019 to 2022.
The ecosystem-level Vemaxos in China showed significant variation among different vegetation types: cropland
exhibited the highest mean annual Vepaxes (113.72 ymol m2 s, while boreal evergreen needleleaf forests had
the lowest values (52.67 ymol m?s1). A comparison of our SIF-based Vemax (Vemax sip) values at the canopy level
with Vemax values derived from eddy covariance (Vemax gc), reveals that Vemax sip explains approximately 86% of
the variability in daily Vemax2s gc at nine EC sites. Thus, we conclude that the method presented here offers an

Leaf-level concurrent measurement system

effective solution for the large-scale mechanistic estimation of Vemax-

1. Introduction

The Farquhar, von Caemmerer, and Berry (FvCB) model is exten-
sively employed to estimate the photosynthetic rates of Cg plants
(Farquhar et al., 1980). It predicts the rate of CO2 assimilation in plant
leaves as the smaller of two values: one governed by Rubisco carbox-
ylation reactions, and the other by Ribulose-1,5-bisphosphate (RuBP)
regeneration linked to the chloroplast electron transport rate. Within
this framework, the maximum carboxylation rate (Vcmax) at a standard
temperature (often 25°C; Vemax2s) is a key parameter that determines the
photosynthetic capacity of plant leaves (Liu et al., 2024a).Vemaxos varies
greatly between species, and, even within the same plant functional
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types (PFTs, Alton, 2018; Smith et al., 2019), it fluctuates significantly
depending on environmental conditions and growth seasons (Liu et al.,
2023).

A variety of satellite-based remote sensing methods have been pro-
posed for large-scale estimation of Vemax2s. These approaches generally
fall into three main categories. The first approach involves establishing
statistical relationships between V.maxos and various proxies, such as
leaf chlorophyll content (LCC, Croft et al., 2017; Luo et al., 2019).
However, it is important to note that challenges persist in establishing
explicit mechanistic links between proxies like LCC to Vcpmax2s. Relying
solely on statistical relationships to estimate Vemax25 across large spatial
scales may introduce uncertainties. In particular, these approaches rely
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on PFT-specific empirical coefficients—for example, the regression pa-
rameters used to derive V¢maxos from leaf chlorophyll—that are tied to
predefined plant functional types and often calibrated on limited data-
sets, thereby constraining their ability to capture the spatiotemporal
variations of V¢maxos (Chen et al., 2022).

The second category involves data assimilation approaches. Recent
studies have highlighted the potential of solar-induced chlorophyll
fluorescence (SIF) as a reliable indicator of plant photosynthetic rates
(Yang et al., 2015) for estimating Vcmax2s. For instance, He et al. (2019)
proposed a data assimilation framework to constrain the Boreal
Ecosystem Productivity Simulator (BEPS, Chen et al., 1999) by inte-
grating SIF observations, thus optimizing Vimaxps within the FvCB
model. Importantly, data assimilation represents a class of model-based
inversion approaches whose performance is strongly conditioned by the
underlying process model, the observation operator, and the assump-
tions made about prior information and error statistics. When the
observation operator relies on empirical SIF-GPP relationships, seasonal
variability can be underrepresented and application across broad spatial
domains may lead to unrealistic adjustments in Vemaxos (He et al., 2019;
Yu et al.,, 2024), and the computational cost can be substantial for
multi-year runs.

The third approach establishes a mechanistic relationship between
Vemax2s and SIF emission. Under Rubisco-limited conditions, SIF emitted
by photosystem II (PSII), together with the fraction of open PSII reaction
centers (qp), provides a biophysically grounded constraint on Vimaxos
(Han et al., 2022; Gu et al., 2019), offering a promising new approach
for rapid estimation of Vimaxos at large scales. Although this method
explicitly demonstrates the connection between SIF and V¢pax2s, it re-
mains constrained primarily to leaf-scale applications, posing challenges
for large-scale implementation. To successfully estimate Vimaxos from
SIF using this mechanistic framework, two critical aspects need to be
addressed: (1) determining whether photosynthesis is Rubisco-limited,
and (2) accurately estimating q..

In this study, we used a leaf-level measurement system (Liu et al.,
2022) to estimate the necessary parameters for the SIF-based g, esti-
mation model for 45 different plant species across the 12 main PFTs in
China. We also developed a method to determine whether photosyn-
thesis is under the Rubisco-limited state. Using this framework, we ob-
tained the spatially explicit Vemaxos for China with a 0.05° resolution at a
daily time step from 2019 to 2022, and analyze the spatial and seasonal
patterns of Vemaxes for the main PFTs. To evaluate the effectiveness of
the proposed model, we used Vipmaxos derived from eddy covariance
measurements at nine study sites, representing four PFTs, as validation
data. Finally, we compared the SIF-based V.pmax With two existing Vemax
products.

2. Methods and measurements
2.1. Model description

2.1.1. The mechanistic relationship between sunlit leaves Vpmqgx25 and SIF

We invoked the temperature response function (f(T)) to obtain
Vemax2s (Eq. 1a). According to Medlyn et al. (2002), fy(T) can be
expressed with an Arrhenius function:

chax = chaxZS X fV(T) (la)
Fo(T) = (Tair—=25) % Evemas  [298Rgas x (Tair +273)| (1b)

where T, (°C) is air temperature; Eyemax (J mol!) is the activation en-
ergy, defining the responsiveness of the relevant parameter to temper-
ature, assumed to be 65,330 J mol ! (Bernacchi et al., 2001); Rgas is the
molar gas constant (8.3143 m3 Pamol ! K1),

At the canopy scale, under well-watered conditions and when the
rate of photosynthesis is Rubisco-limited, according to Han et al. (2022),
the mechanistic link between V pax25 and SIF is obtained by constraining

Agricultural and Forest Meteorology 388 (2026) 111370

the electron-transport term of the FvCB model with the actual electron
transport rate (J,) inferred from PSII SIF and the fraction of open PSII
reaction centers qp, using the SIF-based MLR-SIF approach (Gu et al.,
2019). Equating the SIF-diagnosed J, with the FvCB expression and
rearranging yields an explicit expression for Vemaxos as a function of g,
SIF and gas-exchange variables:

Ci + KCO OPSIImax
- 1+ KDF) x qL
Vemax = 7 8 T opsiimax (L TKDF) x4
x SIFTOT_FULL_PSII (2a)
1 i ®PSIIL
Vemax25 = ¢i + KCO SIMaX_ 1 | KDF) x gL

7(T)  (aci - 81) * T— oPSiimax ~ ¢
« SIFTOT_FULL_PSII
(2b)

where C; (ubar) denotes the intercellular CO5 concentration; Kco (ubar)
is an integrated factor for the Michaelis—-Menten coefficients for RuBP
carboxylation and oxygenation (Yin and Struik, 2009); I'* (ubar) is the
chloroplastic compensation point of COy; gy, represents the proportion of
open PSII reactions, and ®pgjjmax refers to the maximum photochemical
yield of the dark-acclimated leaves, generally assumed to be 0.80 (van
der Tol et al., 2014); Kpg is defined as the ratio of the rate coefficients
for inherent thermal dissipation and fluorescence, which is typically
estimated to be 9.0 (Liu et al., 2022), SIFTOT_FULL_PSII (/ll’l’lOl Il‘l-2 S_l) is the
total SIF emission from Photosystem II in the range of 640-850 nm.

In the canopy, photosynthesis for all leaves is not universally
Rubisco-limited, typically, it's the sunlit leaves that are more likely
limited by Rubisco (Zheng et al., 2017). This study introduces a revised
Vemax2s Mmechanistic estimation model, which enhances the calculation
in two ways. First, by specifically differentiating between sunlit and
shaded leaves, concentrating on calculating Vimaxos for sunlit leaves
and, second, by incorporating the impact of soil water stress (Beauclaire
et al., 2024; Cui et al., 2020), a factor not considered in the original
model. Thus, the mechanistic model for estimating Vemax (Vemax2s) of
sunlit leaves at the canopy scale, accounting for water stress, becomes:

Ci+ KCO o OPSIImax
(4Ci+8'+) 1 — ®PSIImax
x SIFSUN_FULL_PSII

Vemax = fyy X x (1+KDF) x gL_.SUN

(33)
1 Ci+KCO  @PSlmax
25 = fi, : 1+ KDF
Vemax25 = fu X £ X Ggi+ 80 +) < 1— opSiimax T KPF)
» qL_SUN x SIFSUN_FULL_PSII
(3b)

where f;, is an empirical function of soil moisture variation and can be
expressed as a function of soil water content (SWC), SWC at field ca-
pacity (0) and at the wilting point (fw) (Bu et al., 2024); gy, sun is g1, for
sunlit leaves; SIFsyn puL_psi (#mol m?2s7) is the total PSII SIF emission
from sunlit leaves. The methods for calculating f.,, Ci, ['*, and K¢o have
been described in the previous study (Liu et al., 2022); for detailed steps,
please refer to Text S1.

2.1.2. Estimation of qi_sun
Liu et al. (2024b) proposed a SIF-based, semi-empirical model to
estimate qi, syn:
m

gL_SUN = ; (4a)
& x SIFSUN_FULL_PSII'/™ + m

Ha x (Tlcaf*Tom)
Hq > exp ( Tieaf X Rgas * Topt

Hg x (Tleaf*Topt)
Hq —H, X <1 —exp ( Tieaf X Rgas % Topt

(4b)

m = Mgy X
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where § is a fixed value of 1 in units of umol™? m? s. To consider for the
temperature sensitivity of i, sun, a peaked function is used to describe m
(Medlyn et al., 2002). Tieaf (K) is leaf temperature; Top; (K) refers to the
optimal temperature for Tpeas, and mgyp, is the value of m at Topy; Hq (kJ
mol ™) represents the rate at which the peak function decreases above
Topt, While H, (kJ mol™) signifies the rate at which it increases below
Topt-

It should be noted that Eqs. (4a) & (4b) can be applied at both leaf
and canopy scale. For canopy scale applications, one should use Ty,
instead of Tyeaf. This substitution is advised because of the challenges in
precisely estimating Tjeof distribution across the canopy.

2.1.3. Estimation of SIFsyn rurr_psit
SIFsyn FuLL psit can be expressed as:

SIFTOT,FULL,PSII = SIFSUN,FULL,PSII X LAISUN + SIFSHA,FULL,PSII X LAISHA

(5a)
SIFsun_rutL_pst = APARsyn X f; X ®syn_sir_psi (5b)
SIFsua_rurr_pst = APARsua X By X ®spa_sir_psi (5¢0)

where APARgyyn (umol m™2 s1) represents the absorbed photosyntheti-
cally active radiation (PAR) for sunlit leaves; APARgya (#mol m2 s’l)
represents the absorbed PAR for shaded leaves; LAIgyn (m? m~2) is the
leaf area index (LAI, m? m~2) for all sunlit leaves; LAIgya (m? m~?) is the
LAI for shaded leaves; ®syn sir psit and ®spa sk psi represent the quan-
tum yields of PSII SIF emission of sunlit and shaded leaves, respectively;
SIFsyA ruLs_psn (#mol m?s?h represent the total PSII SIF emission from
shaded leaves; f3; is the fraction of APAR that is received by PSII,
generally considered to be 0.5 (Galmés et al., 2007). Here, the ratio of
Dgyn sir psi and Dspa sik psir remains largely constant, being set at 1.1
(Guo et al., 2024), based on simulations conducted with the Soil Canopy
Observation of Photosynthesis and Energy (SCOPE) model (version
1.73, van der Tol et al., 2009).
APARgyn and APARgya can be estimated as (He et al., 2013):

APARSUN = (1 — (IL) X PARSUN

cos(a) PARpy x P (6a)
=(1- PA ZOTDIE 7 T
( o) x < Rom X cos(6) LAlsun + C)
APAARSHA = (1 — (lL) X PARSHA
—(1-a)x (PARDIFX (1—P) — PARow_onom C) (6b)
LATIsua

where qy, is the albedo related to vegetation types (Table S1) (He et al.,
2013); PARgyy (umol m?2s) is PAR for sunlit leaves; PARgya (umol m’?
s'1) is PAR for shaded leaves; PARpg (mol m?2s1) represents the direct
component of PAR; 6 (°) represents the solar zenith angle; a (°) is the
mean leaf-sun angle, which was assumed to be 60°-found to be a valid
approximation when @ is within the range 30 to 60° (Chen et al., 1999);
PARpr (umol m™2 s1) represents the diffuse component of PAR; PAR-
pIF UNDER (#mol m?sh represents the portion of diffuse PAR beneath
the plant canopy; P represents the probability of PARpr being absorbed
by sunlit leaves within the canopy; C (umol m™? s) represents the
multiple scattering of direct radiation. For the estimation of the above
parameters PARpir, PARpir, PARpir unDER, P, and C, please refer to Text
S2.
LAIgyn and LAIgya can be estimated as:

—0.5 x CI x LAI))

cos(0) (72)

LAIgyy = 2 X cos(6) x <1 - exp(

LAISHA = LAI - LAISUN (7b)

where CI is the clumping index.
According to Yang et al. (2024), SIFror ruLL _psi can be approximated
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as:
850
Sosn (A) X SIFr0c.; Ax108
IF — PSII
SIFrot puLL psit 4;0 (ﬁ' X — X fc(4) x Bxcx Ny x10% x 10°
®

where A (nm) is the wavelength; fpsii(A) denotes the proportion of PSII
SIF in relation to overall SIF emission at A nm, which is determined in the
leaf-level experiment (Table 1 and Text S3); SIFtoc ) (mW m2nm?srl)
is the top-of-canopy (TOC) SIF at a given wavelength A nm; fesc p-c rep-
resents the likelihood that a SIF photon escapes from the PSII reactions
within the leaves and reaches the canopy surface, and can be estimated
from the vegetation far-red reflectance at the same wavelength as
SIFToc.) (Rveg), solar zenith angle (SZA, °), CI and LAI (see Supplemen-
tary Materials (Text S4) for details); h denotes the Planck constant; c is
the speed of light; N, is the Avogadro constant; 103, 109, and 10° are the
conversion factors for physical units of milliwatts, nanometers, and
micromoles, respectively; fc()A) represents the proportion of SIF radiance
at a specific wavelength, A nm, relative to the total SIF emission inte-
grated across the complete SIF range (640-850 nm). We used the SCOPE
model to estimate fc(A) (Liu et al., 2022).

2.2. Concurrent measurements of passive and active fluorescence and gas
exchanges

At the leaf scale, we parameterized the SIF-based qy, predictive model
by obtaining the overall broadband fluorescence emission from PSII
(SIFgyLL psi 1, #mol m?2 s, Tieat, and gy, across a range of light and
temperature environments, thereby determining key parameters such as
Mopt, Topt, Ha, and H, (Egs. (4a) & (4b)). To enable the simultaneous
measurement of pulse-amplitude modulation (PAM) fluorescence, pas-
sive fluorescence spectra, and leaf gas exchange, we developed an
enhanced portable photosynthesis instrument (Fig. 1, LI-6800, LI-COR
Inc.). We engineered two openings in the base plate of the leaf chamber
and equipped them both with a fiber-optic cable, which are each con-
nected to a separate QE-Pro spectrometer. These spectrometers both
have a spectral resolution of approximately 0.2 nm, and cover the ranges
635.0-863.8 nm and 640.2-870.2 nm, respectively. Both spectrometers
were radiometrically calibrated using an integrating sphere paired with
a halogen light source and a spectroradiometer (QE-Pro, Ocean Optics
Inc.), with the spectroradiometer also calibrated against a certified light
source traceable to the National Institute of Standards and Technology
(NIST). Upwelling and downwelling radiation were observed through an
inclined fiber optic attached to the side-mounted lens (FX-SV1, Pana-
sonic Inc.), featuring a 30° field of view (FOV) and a 45° viewing angle
relative to the zenith, and an upward-facing bare fiber optic with a
25°FOV, respectively. The total leaf-scale fluorescence flux was calcu-
lated by summing the upward and downward fluorescence radiation
(SIFyp ) and SIFqown 3, mW m?nm?! srh).

Using the previously described leaf-level concurrent measurement
system (Fig. 1), we measured the light, CO,, and temperature response
curves of healthy mature leaves from 45 different plant species across 12
main PFTs at the Northwest A&F University Museum Garden. Notably,
although the measurements were conducted in Yangling, the Garden’s
climate-controlled facilities provide water-thermal regimes aligned with
species’ ecological requirements, allowing expression of functional traits
closer to those in native habitats and thereby offering a reasonably
representative setting for sampling. After a one-hour dark adaptation,
each chosen leaf was positioned in the chamber to measure dark respi-
ration (Rq4, pmol m2 s’1), as well as minimal and maximal fluorescence
yields (F, and Fp). Subsequently, we conducted the following mea-
surements: (1) Light response curve: under a CO; level of 420 ppm, a
TLear at 25 °C, a stable relative humidity of 50%, and a consistent flow
rate of 500 ymol s, the light intensity was incrementally raised from
0 to 2100 ymol m2 s! at the following values: 0, 30, 50, 100, 200, 400,
600, 900, 1200, 1500, 1800, and 2100 ymol m%s%; (2) On the same leaf,



J. Yang et al.

Table 1
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Plant species, abbreviations, corresponding plant functional types (PFTs), and fitted parameters for the proposed SIF-based Vcmax estimation model. Tope (°C): the
optimal temperature for Tieaf; Mope: the value of m at Topi Hy (kJ mol™): the rate at which the peak function decreases above Tops Ha (kJ mol™): the rate at which it
increases below Top; fpsi(743): the proportion of PSII SIF in relation to overall SIF emission at A nm, which was determined in the leaf-level experiment (see Text S3).
(BoC3GRA: boreal C3 grass; BoDBF: boreal deciduous broadleaf forest; BODBSH: boreal deciduous broadleaf shrub; BoDNF: boreal deciduous needleleaf forest; BOENF:
boreal evergreen needleleaf forest; C3GRA: Cg grass; CRO: crops; TeDBF: temperate deciduous broadleaf forest; TeDBSH: temperate deciduous broadleaf shrub; TeEBF:
temperate evergreen broadleaf forest; TeENF: temperate evergreen needleleaf forest; TrEBF: tropical evergreen broadleaf forest).

Abbreviation/PFTs Species Mopt Hy (kJ mol™) H, (kJ mol™) Topt °C) fosu(743)
LSL wild lettuce (Lactuca serriola L) 2.06 659.04 21.9409 41.76 0.38
OBL Ophiopogon bodinieri Levl. 1.08 165.17 18.2856 35.82 0.35
ABB Achyranthes bidentata Blume 1.23 171.52 14.8529 37.09 0.41
BoC3GRA Species Mean 1.46 331.91 18.36 38.22 0.38
XSB Yellowhorn (Xanthoceras sorbifolium Bunge) 1.56 143.29 20.3752 37.46 0.41
FMR Manchurian ash (Fraxinus mandshurica Rupr.) 1.11 177.52 12.0829 33.42 0.44
RPI Black locust (Robinia pseudoacacia cv. idaho) 2.49 332.94 24.6141 40.3 0.41
BoDBF Species Mean 1.72 217.92 19.02 37.06 0.42
ANL Box elder (Acer negundo L.) 1.16 157.42 17.9438 35.36 0.34
PSB Periploca sepium Bunge 1.3 115.44 16.7813 31.34 0.45
CAA Tatarian dogwood (Cornus alba Linnaeus) 2.42 301.33 23.7086 37.43 0.36
BoDBSH Species Mean 1.63 191.40 19.48 34.71 0.38
MGC Dawn redwood (Metasequoia glyptostroboides Hu & W. C. Cheng) 0.97 192.75 11.7421 36.78 0.45
PPZ Japanese white pine (Pinus parviflora Siebold et Zuccarini) 1.52 446.13 22.1218 39.4 0.42
PAR Golden larch (Pseudolarix amabilis (Nelson) Rehd.) 1.7 231.94 38.842 32.96 0.31
BoDNF Species Mean 1.40 290.27 24.24 36.38 0.39
PBZ Lacebark pine (Pinus bungeana Zucc.) 1.09 203.4 14.3203 35.18 0.45
PTP Japanese black pine (Pinus thunbergii Parl.) 1.05 146.16 13.8964 39.73 0.32
PSL Mongolian Scots pine (Pinus sylvestris var. mongholica Litv.) 1.72 2519.82 14.3165 43.65 0.42
AFC Abies fabri Craib 1.18 248.7 17.4665 36.05 0.4
BoENF Species Mean 1.26 779.52 15.00 38.65 0.40
SLT Solanum lyratum Thunb. 1.67 217.66 20.5513 36.28 0.43
PAL Pokeweed (Phytolacca americana L.) 2.17 192.28 23.0182 41.06 0.42
IT™ Roof iris (Iris tectorum Maxim.) 1 176.82 18.0262 34.55 0.34
FTB Ficus tikoua Bur. 2.23 258.1 22.884 37.17 0.4
CJG Cayratia japonica (Thunb.) Gagnep. 1.5 184.05 17.31 38.87 0.4
CIL Canna indica L. 1.74 112.58 21.82 30.99 0.4
C3GRA Species Mean 1.61 195.59 20.53 36.49 0.40
GMM Soybean (Glycine max (L.) Merr.) 1.63 212.66 12.256 35.01 0.44
TAL Common wheat (Triticum aestivum L.) 2.58 2800 14.5 43.08 0.45
BVL Beet (Beta vulgaris L.) 1.76 235.76 20.1987 40.3 0.4
CAL Pepper (Capsicum annuum L.) 1.35 91.03 29.8799 36.8 0.33
ZML Maize (Zea mays L.) 2.13 2472.76 19.7831 43.69 0.49
PIL Foxtail millet (Panicum italicum L.) 1.98 141.72 12.9134 37.32 0.43
SBM Sorghum (Sorghum bicolor Moench) 2.23 152.91 26.3072 38.81 0.46
OSL Rice (Oryza sativa L.) 2.69 2070 22.63 38.71 0.34
CRO Species Mean 2.04 1022.73 19.64 39.22 0.42
ACB Chinese horse chestnut (Aesculus chinensis Bunge) 1.13 191.02 10.4907 35.23 0.44
RPL Black locust (Robinia pseudoacacia L.) 1.53 195.59 15.7094 35.33 0.47
PRL Peach (Prunus persica L.) 2.55 519.82 25.9819 41.36 0.38
TeDBF Species Mean 1.74 302.14 17.39 37.31 0.43
PSA Tree peony (Paeonia suffruticosa Andrews) 1.85 230.03 23.626 37.68 0.36
VMH Viburnum melanocarpum Hsu 1.35 218.71 31.9224 34.68 0.29
AMS Armeniaca mume Sieb. 2.26 1973.77 17.6973 43.54 0.42
TeDBSH Species Mean 1.82 807.50 24.42 38.63 0.36
EJL Loquat (Eriobotrya japonica (Thunb.) LindL) 2.49 349.86 27.888 38.63 0.37
OFL Osmanthus fragrans (Thunb.) Lour. 0.98 157.43 12.2588 34.79 0.42
MGL Southern magnolia (Magnolia grandifiora L) 1.55 205.68 23.3 38.26 0.36
TeEBF Species Mean 1.67 237.66 21.15 37.23 0.38
PML Masson pine (Pinus massoniana Lamb.) 1.35 164.85 15.8966 37.85 0.46
CDD Deodar cedar (Cedrus deodara (Roxb.) G. Don) 1.33 176.13 18.9303 39.15 0.41
CLH China fir (Cunninghamia lanceolata (Lamb.) Hook.) 1.11 174.82 23.7519 35.6 0.41
TeENF Species Mean 1.26 171.93 19.53 37.53 0.43
LLA Glossy privet (Ligustrum lucidum Ait.) 1.69 260.42 22.3331 37.11 0.36
TFW Windmill palm (Trachycarpus fortunei (Hook.) H. Wendl.) 1.16 92.46 25.5326 32.19 0.42
SHF Schefflera heptaphylla (Linnaeus) Frodin 1.11 175.41 16.8887 35.58 0.42
TrEBF Species Mean 1.32 176.10 21.58 34.96 0.40

the CO, response curve was measured: at a saturated light intensity of
1500 pmol m2 s and a constant Tieaf, of 25°C, the CO, concentration
was adjusted to the following levels: 420, 300, 200, 100, 30, 400, 600,
900, 1200, and 1500 ymol mol; (3) the Tieaf, in the gas chamber was
adjusted to 15°C, and, once steady-state photosynthesis was achieved
(approximately 20 minutes), the temperature response curve was
measured on the same leaf with a temperature sequence of 15, 20, 25,
30, 35, 40, and 45°C, conducted at a saturated light intensity of 1500
umol m? s and a stable CO, level of 420 ppm.

Throughout the experimental process, we used a spectroradiometer
to simultaneously capture SIFy  and SIFdown ), with optimal integration
times set for each light level, CO level, and Tic,r. We also recorded the
steady-state fluorescence yield (F;), light-adapted maximum fluores-
cence yield (Fy'), and various gas exchange variables, including net
photosynthetic CO, assimilation (A, gmol m?s1), G and Tpear. Main-
taining the consistency of the measured leaf's position was crucial to
ensure that the FOV of the spectroradiometer remained consistent across
all different response curve measurements. In addition, we measured the
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(a) Schematic diagram
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Fig. 1. Diagram of the system for simultaneous leaf-level measurements. (a) Illustration of the leaf chamber equipped with two optical fibers for capturing upward
and downward fluorescence flux; (b) Image of the customized LI-6800 leaf chamber.

reflectance (R)) and transmittance (T;) of the same leaf using an ASD
integrating sphere and a PSR+3500 high resolution portable
spectrophotometer.

2.3. Determine the Rubisco-limited state

When estimating Vemax2s using Eq. (1), it is necessary first to deter-
mine whether photosynthesis is under the Rubisco-limited state. To do
so, we propose a method based on the FvCB model to identify the
photosynthetic limitation stage. According to the FvCB model, the
photosynthetic rate of the canopy sunlit leaves can be estimated as the
minimum of the Rubisco limited rate of CO; assimilation (A, ymol m?s
1), and the electron transport limited rate of CO, assimilation (A;, gmol
m2 s'l), expressed as:

_ Vemax x (Ci—T™)

A= Ko (9a)
. J Ci—-TI*
Ai=3" G (°b)

; 6 X PARgyN +Jimax — \/ (6 X PARgun +Jmax ) — 460; x 6 x PARsyx X Jmax
B 20,

(90)

where J (umol m2s1)is the electron transport rate; Jpmax (#mol m2shis
the maximum electron transport rate; 6; is an empirical curvature
parameter and was fixed at 0.9 (Medlyn et al., 2002); o is the product of
Dpsimax, leaf light absorptance and fraction of absorbed photons allo-
cated to PSII, which was set to 0.3 (Long et al., 1993). Note that the
values of 0; and ¢ have only a slight effect on the estimated value of Jpax
(Medlyn et al., 2002).

According to Eq. (1a) and the study by Yin and Struik. (2009), Vemax
and Jpax can be expressed as functions of Vemaxos and Jyax at a standard
temperature (Jyax2s, #mol m2sh.

T = Jmmas X e (Tair=25) % Ejmax / [298Rg.u><(Tai,+273)]

1 4 ©(2988max —Dimax) / (298Rgas )

(10)

1 + el(Tar+273)%Sumax—Domax] / Rgas * (Tair +273)

where Symax (J K mol) is the entropy term, assumed to be 650 J K!
mol! (Harley et al., 1992); Ejmax and Dymax (J mol ™) are the energies of
activation and deactivation, defining the responsive shape of the sub and
supra-optimal ranges, respectively. According to Yin et al. (2004) and
Medlyn et al. (2002), Eymax and Dymay are typically set to 52, 970 J mol ™!
and 200, 000 J mol ™, respectively.

For Cs3 plants, Jyax2s and Vemaxos often covary at a common reference
temperature, and the ratio Jmax25/Vemax2s has been parameterized as a
function of plant growth temperature in previous studies, with an offset
of 2.59 and a slope of -0.035 (Bacour et al., 2019, Kattge and Knorr,
2007). In this study, we adopted this relationship as an auxiliary
constraint to derive the threshold Vemax2s pvc for diagnosing whether
photosynthesis is Rubisco-limited. Under this parameterization, both
Vemax and Jmax can be expressed as functions of Vemaxos. Furthermore, we
can express both A and A; as functions of Vemaxas:

Vemax25 s eTar—25)%Evenas / [298Rgasx (Tair +273)] o, (Ci—T1)

A 11
¢ Ci+ Keo (11a)
i O PARSIN s — /(6 PARGux +Jmax)? — 46, x 0 x PARSuN X Jman
= 80,
G-I
X =
Ci+2re
(11b)
Jmax = (2.59Vemax25 — 0.035) x e!Tar~25)<Eimax / [298Rg0sx (Tar +273)]
1 + e(298Smax—Dimax) / (298Rgas )
+e (110)

X
1 + el(Tar+273) xSimax D] /Reas % (Tair +273)

For Egs. (11a) and (11b), Vemaxes is the only unknown parameter,
while all other variables can be derived from observations including Ty,
dew point temperature (T4,°C), incoming solar shortwave radiation (Sg,
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W m™), CI, and LAL Moreover, we can derive a threshold for Vemax2s,
denoted as Vemax2s rves, at which Ajand A. become equal. This threshold
serves as a key criterion for identifying the photosynthetic limitation
stage. Specifically, if the Vmaxos estimated from Eq. (2b) is lower than
Vemax2s Fves, photosynthesis is primarily Rubisco-limited, and the esti-
mated Vemaxos is considered valid. Conversely, if the estimated Vemaxas
exceeds Vemaxos pvcp, photosynthesis is mainly limited by electron
transport, and the corresponding V.max2s estimate should be excluded.
The spatial distribution of the percent of photosynthetic rate under the
Rubisco-limited state from 2019 to 2022 is shown in Fig. S1. The pro-
cedure for quantifying Vimaxos from the observed SIF is shown in Fig. 2.

3. Data
3.1. Input data for estimating China Vi max2s

3.1.1. Leaf-level measurements

Liu et al. (2024b) demonstrated that the relationship between SIF-
sun_ruLL psit and gp, sun can be represented by a temperature-dependent
parameter, m (Eq. (4a)). Based on this, we collected a total of 45
different plant leaves from the Northwest A&F University Botanical
Garden, representing 12 PFTs. Utilizing the leaf-level concurrent mea-
surement system (Fig. 1), we conducted measurements to acquire the
necessary data for estimating q;, based on PAM fluorescence signals
(q1,pam) and SIFgyrs, psn 1, including passive fluorescence spectra, active
fluorescence parameters, and gas exchange data. By measuring qi, pam
and SIFgyry, psn 1. at different temperatures, we determined the specific m
values for each temperature. These m values, along with their corre-
sponding temperatures, subsequently facilitate the determination of the
key parameters in Eq. (4b), namely mgp, Topr, Ha, and H,, through
nonparametric regression (fitnlm' in MATLAB 2023b, MathWorks,
Natick, MA, USA) for 12 different plant species (Table 1). For the esti-
mation of the above parameters, q;, pam and SIFgyr, psii L, please see Text

Agricultural and Forest Meteorology 388 (2026) 111370

S3.

3.1.2. Satellite data

We utilized SIF observations derived from the TROPOMI spectrom-
eter on board the Sentinel-5 Precursor satellite, which crosses the
equator at 13:30 local solar time and has a 16-day orbital period
(Guanter et al., 2021). TROPOMI has a wide swath of 2600 km, enabling
near-daily global coverage with a high spatial resolution of 7 x 3.5 km?
at nadir (Kohler et al., 2018). Our analysis is based on the collection of
instantaneous TROPOMI L2B data from the 743-758 nm window,
spanning the period from January 2019 to December 2022. The SZA
required for calculating APARgyn and APARgya was also obtained from
the TROPOMI L2B dataset (Guanter et al., 2021).

In addition to the previously mentioned data, our study incorporated
three additional Moderate Resolution Imaging Spectroradiometer
(MODIS) data products. LAI and fapar were retrieved from the
MCD15A3H (version 6.1) dataset, which provides data every four days
at a spatial resolution of 500 m (Myneni et al., 2021). To ensure data
quality, we excluded observations influenced by cloud contamination
and other noise, based on the dataset’s quality control flags. The CI data
were obtained from a global foliage clumping index map based on the
MODIS bidirectional reflectance distribution function (BRDF) product at
a 500-m spatial resolution (He et al., 2012).

For the land cover component, we used the 1-km resolution plant
functional types map of China developed by Ran et al. (2012), which is
accessible on the Big Earth Data for Three Poles (https://poles.tpdc.ac.
cn/zh-hans/data/ab193a70-63a5-4df6-9bcl-d9b5ac5fb044/).

3.1.3. Meteorological data

For the SIF-driven Vemax2s simulation in China, the required meteo-
rological inputs consist of T,jr, Tq and Sg (Text S2). The vapor pressure
deficit (VPD, kPa), utilized for estimating C; (Text S1), was derived from
Tair and T4 according to the methodology described by Wu et al. (2019).

>k The mechanistic Linkage between V.25 and SIF emission‘ ¢ Determine the Rubisco-limited state
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Fig. 2. Workflow of the SIF-based ecosystem V.max2s model. The framework integrates satellite SIF observations, canopy structural variables, meteorological data,
soil water information, and land-cover data at a spatial resolution of 0.05°. First, top-of-canopy SIF is converted into the total PSII SIF emission from sunlit leaves. The
converted PSII SIF is then combined with the g, estimation model to estimate g;, for sunlit leaves. Subsequently, SIF-based sunlit-leaf V.yaxos is calculated. Finally, a
Rubisco-limitation diagnosis based on the FvCB model is applied to retain valid V.maxos estimates and generate daily ecosystem Vi paxos.



J. Yang et al.

Hourly datasets for Ty, Tq, and Sg were sourced from ERA5-Land
(Munoz-Sabater et al., 2021), the fifth generation of the European
Reanalysis from the European Center for Medium-Range Weather
Forecasts. ERA5-Land is a reanalysis dataset offering high-resolution
(~9 km) hourly surface variable information from 1950 to the near
present (Ma et al., 2022).

The soil hydraulic properties, 6 and 6y, were derived from the
global database developed by Montzka et al. (2017), accessible via https:
//doi.pangaea.de/10.1594/PANGAEA.870605. This database provides
a variety of key soil hydraulic parameters at seven predefined depths (0,
5,15, 30, 60, 100, and 200 cm) at a resolution of 0.25°. For our analysis,
we focused on the weighted averages in the top 100 cm of soil. We
obtained hourly simulated volumetric soil water content (6s) from the
ERA5-Land dataset. Simulated 0g is available at five depths in this
dataset (0, 7, 28, 100, and 289 cm) (Munoz-Sabater et al., 2021). We
used the depth-weighted mean of daytime SWC across the top three soil
layers (0-100 cm).

3.1.4. Pre-processing input data

3.1.4.1. Temporal processing. We directly extracted instantaneous
TROPOMI SIF, Ryeg and SZA at ~13:30 local time without temporal
aggregation. For Tpir, Tq and Sg, we extracted the values at 13:00 and
14:00 local time and calculated their mean to synchronize with the
13:30 instantaneous SIF data. For the 4-day composite LAI and fapag, we
applied a linear temporal interpolation to rescale them into daily esti-
mates, and subsequently smoothed the LAI and fapar time series with a
Savitzky-Golay filter. The land cover and CI data were assumed to
remain unchanged throughout the study period.

3.1.4.2. Spatial resampling to 0.05°. The instantaneous TROPOMI SIF,
Ryeg and SZA were gridded to a spatial resolution of 0.05 degree using
the GriddingMachine tool (Wang et al., 2022b). Variable-specific stra-
tegies were then applied to other inputs: datasets originally coarser than
0.05° (Tair, Ta, Sg, SWC, 6p, and 6y) were bilinearly interpolated to
0.05°. Products finer than 0.05° (LAI, fapar) were aggregated by
area-weighted averaging to 0.05°. Land cover was resampled using
nearest-neighbor/majority assignment. The detailed workflow for data
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processing is illustrated in Fig. 3. Definitions of symbols and units used
in this study are outlined in Appendix A.

3.2. Site description

Zheng et al. (2017) showed that V¢max can be reliably inverted from
eddy covariance (EC) flux measurements. Initially, the GPP for sunlit
leaves (GPPsyy) was estimated through light response curves, a process
which requires inputs including GPP, LAIgyn, LAIsya, APARsyN, APAR-
sua, and 0. Subsequently, Vemax was inferred from GPPgyy using the
FyCB model. Therefore, the EC-derived V.max used here should be
regarded as a model-derived benchmark rather than a direct physio-
logical measurement of photosynthetic capacity. Here, we evaluated the
SIF-based Vemax (Vemax sie) at the canopy level by comparing its output
against EC-derived Vemax (Vemax Ec) Values across various ecosystems,
including cropland, grassland, and forest (Fig. 4, Table 2) for which EC
measurements were available from January 2019 to December 2022.
The site measurement data used for estimating Vemax gc Were specifically
chosen to coincide with the satellite overpass time (13:30).

Our selection of sites includes cropland: Changling (CL), Gucheng
(GQ), and Yangling (YL); grassland: Haibei (HB), Ruoergai (REG), and
Panjin (PJ); and forest: Xiaolangdi (XLD), Puding (PD), and Yanshan
(YS) (Fig. 4, Table 2). Data from the Yangling site were directly collected
by our research team. The other site data were all sourced from the
National Ecosystem Science Data Center (https://www.nesdc.org.cn
/sdo/list), with the exception of the data from Xiaolangdi, which were
obtained from ChinaSpec (http://chinaspec.nju.edu.cn/).

The cropland sites are located in distinct climatic zones (Fig. 4,
Table 2). The CL site exemplifies a typical temperate continental
climate. The soil is predominantly soda saline-alkali, making it primarily
suitable for rice cultivation. The rice cultivation cycle at CL is structured
into four phases: the nursery period from late March to early April,
transplanting around May 10th, heading in mid-July, and harvesting by
the end of September (Huang et al., 2024). The GC site is distinguished
by its warm temperate continental monsoon climate. The station ex-
emplifies a winter wheat-summer corn double-cropping system, facili-
tating two harvests annually. Winter wheat is typically sown around
October 20th each year and harvested around June 10th. Ground-based
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Fig. 3. Overview of the data processing workflow.
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Fig. 4. The distribution of eddy covariance study sites across China used for validation in this study. Site names are provided in Table 2. The base map shows plant

functional types at 1 km resolution (Ran et al., 2012).

Table 2

The eddy covariance sites. From left to right: site name; ID; plant functional types (PFTs); longitude (Lon. °); latitude (Lat. °); mean annual precipitation (MAP, mm);
mean annual temperature (MAT,°C); time period. (CRO: crops; BoC3GRA: boreal Cj grass; TeC3GRA: temperate Cj grass; TeDBF: temperate deciduous broadleaf forest;

TeENF: temperate evergreen needleleaf forest).

Site name Site ID PFTs Lon. (°) Lat. (°) MAP (mm) MAT (°C) Time period

Changling CL CRO 123.4703 44.5967 375 5.5 2019.01-2020.12
Gucheng GC CRO 115.6667 39.1333 528 12.2 2020.01-2022.11
Yangling YL CRO 108.0682 34.2998 630 12.9 2022.02-2022.06
Haibei HB BoC3GRA 101.3120 37.6094 535 -1.2 2019.05-2020.10
Ruoergai REG BoC3GRA 102.5500 32.8000 749 1.4 2020.04-2020.10
Panjin PJ TeC3GRA 121.9646 40.9327 631 8.6 2019.01-2020.12
Xiaolangdi XLD TeDBF 112.4690 35.0290 642 12.4 2019.01-2019.12
Puding PD TeENF 105.1319 26.6000 1432 16.0 2019.01-2019.12
Yanshan YS TeENF 116.6588 40.4165 635 11.1 2020.01-2021.12

measurements at the site commenced on February, 2022, and concluded
shortly before the harvest in June, 2022 (Liu et al., 2024b).

The three grassland sites encompass two alpine meadows (HB, REG)
and one temperate grassland (PJ) (Fig. 4, Table 2). The HB station is
characterized by a distinct plateau continental climate. The primary
vegetation is Kobresia humilis, a community-forming species in alpine
meadows, and the soil type is typical of a subalpine meadow soil (Wang
et al., 2021). REG has a highland cold temperate monsoon climate. The
vegetation beneath the tower primarily consists of herbaceous marshes,
with the dominant species being Muli sedge (Carex muliensis) and Ti-
betan kobresia (Kobresia tibetica) (Guo et al., 2021). The PJ site falls
within a temperate semi-humid monsoon climate zone. The topography
is dominated by alluvial plains and tidal flats, with reeds being the
dominant species.

There are three forest sites: XLD is temperate deciduous broadleaf
forest, while PD and YS are temperate evergreen needleleaf forest
(Fig. 4, Table 2). The XLD site is primarily covered by Chinese cork oak

(Quercus variabilis). The 32-year-old mixed plantation spans approxi-
mately 7,210 ha, with a stand density of 1,905 trees per ha (Tong et al.,
2019). The PD site spans approximately 168 acres and is characterized
by a humid subtropical monsoon climate. The vegetation is predomi-
nantly composed of subtropical species, with Chinese fir (Cunninghamia
lanceolata) being the primary tree species (He et al., 2022). The YS site
has a temperate climate and the region's natural vegetation is primarily
composed of secondary forest dominated by Pinus tabulaeformis (Chi-
nese pine).

4. Results
4.1. The performance in estimating leaf-scale qy,
Overall, g, pam decreased with increasing light intensity across all

plant species (Fig. 5), but the rate of decline varied among the different
PFTs. BoC3GRA (Fig. 5a), BoENF (Fig. 5e), TeENF (Fig. 5k), and TrEBF
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(Fig. 51) showed the fastest decreases, with g, pam dropping from 1 to
below 0.2 as light intensity increased from 0 to 900 ymol m™2 s (Ta-
ble S2). In contrast, in BoDBF (Fig. 5b), BoDBSH (Fig. 5c), BoDNF
(Fig. 5d), C3GRA (Fig. 5f), CRO (Fig. 5g), TeDBF (Fig. 5h), and TeEBF
(Fig. 5j) q1, pam decreased more slowly, reaching values of 0.22 to 0.28 at
the same light intensity (Table S2). Notably, qi, pam declined slowest in
TeDBSH (Fig. 5i), remaining above 0.3 at 900 ymol m?2 s (Table S2).
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Additionally, the minimum gy, pam varied among species (Fig. 5): when
PAR exceeded 1800 pmol m? s, the qrpam of BoCsGRA (Fig. 5a)
dropped below 0.1, whereas for TeDBSH (Fig. 5i), it remained close to
0.2 (Table S2).

The predictive g, models for different PFTs varied in their ability to
capture the response of q; pam to light intensity changes (Fig. 5). For
C3GRA and CRO, the models had high explanatory power, accounting
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Fig. 5. Response curves of g, pam to SIFryps, psi 1. generated by fitting a hyperbolic function to the light response data for 45 plant species across 12 plant functional
types (PFTs) at a temperature of 25 °C (Table 1). The thin and bold curves represent individual species and the mean of all species, respectively, for each PFT. q;, pam
is obtained from PSI fluorescence-corrected data measured with a PAM fluorometer; SIFpyyy, psn 1. is the total PSII fluorescence emission, determined from the upward

and downward measurements of fluorescence radiance (umol m2 s).
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Fig. 5. (continued).

for 99% of the variance (C3GRA with a root mean square error (RMSE) of
0.03 and a relative RMSE (rRMSE) of 3.09%, Fig. 5f; CRO with
RMSE=0.03, rRMSE=3.10%, Fig. 5g). However, for BODNF, the model's
accuracy was lower, explaining only 90% of the variance (RMSE=0.09,
rRMSE=10.23%, Fig. 5d). TeENF also had a relatively low explanatory
power (RMSE=0.03, rRMSE=3.09%, Fig. 5k), with a correlation coef-
ficient (R?) of 0.93.

The explanatory power of the predictive g models also varied
significantly among different species within the same PFT. In particular,

10

for TrEBF there was a difference of up to 0.26 in R? values among species
(Fig. 51). In contrast, the BoDBF (Fig. 5b) and TeEBF (Fig. 5j) groups had
minimal species differences (only a 0.02 difference). Among all 45
species, over half had models accounting for more than 95% of the
variance, and only 11% had models with explanatory power below 90%,
with Trachycarpus fortunei having the lowest accuracy (R%=0.73,
RMSE = 0.14, rRMSE = 16.26%, Fig. 5).

The response of g, to temperature generally followed a similar trend
across different plant species, initially rising and then declining (Fig. 6,
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Table S3). However, the magnitude of this response varies among PFTs. TeDBF (Fig. 6h), C3GRA (Fig. 6f), CRO (Fig. 6g), and BoDNF (Fig. 6d).

BoENF (Fig. 6e) had a weaker response, with g, pam increasing by about The predictive g;, model effectively captured the temperature response,
0.16 from its minimum at the optimal temperature. In contrast, TeDBSH explaining 99% of the variance for the mean of all PFTs (Fig. 6).

(Fig. 6i) and TeEBF (Fig. 6j) exhibited stronger responses, with qi, pam We also calculated the leaf-scale gy, (qr, sir 1) based on SIFpyrr, psii 1.
increases exceeding 0.25. The other nine PFTs had moderate responses, Comparing qi, sir 1, to i, pam across the entire dataset, which spans the
with qi, pam increases around 0.2 at the optimal temperature. Arranged full ranges of light intensity and leaf temperature across 12 PFTs, the
in order from weak to strong responses, these PFTs are: TrEBF (Fig. 61), proposed predictive g;, model, yielding qi gir 1, explains 98% of the

BoC3GRA (Fig. 6a), BoDBSH (Fig. 6¢), TeENF (Fig. 6k), BoDBF (Fig. 6b), variance in the measured gi, pam (RMSE = 0.05, rRMSE = 5.46%), with
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Fig. 6. The response curves of q; pam to Tiear derived from applying the proposed model under seven values of Tiear for 45 plant species across 12 plant functional
types (PFTs) (Table 1). The thin and bold curves represent individual species and the mean of all species, respectively, for each PFT. g, pam is obtained from PSI
fluorescence-corrected data measured with a PAM fluorometer; Tiy is leaf temperature (°C).
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Fig. 6. (continued).

the regression closely aligning with the 1:1 line (Fig. S2). This high level
of consistency confirms that our predictive q;, model can effectively
simulate gy, across different species.

4.2. The performance in estimating canopy-scale Vemax
Fig. 7 shows a comparison between Vemax sir and Vemax rc at the daily

scale across nine EC sites, highlighting significant differences in esti-
mation accuracy among sites with different vegetation types. For all sites

12

combined, the R? is 0.86, with a RMSE of 26.41 umol m?s?!and a
rRMSE of 5.51% (Fig. S3). The highest estimation accuracy was ach-
ieved for the cropland sites. At the Gucheng and Yangling sites, Vemax siv
explained over 80% of the variability in the daily Vemax gc time series
(Gucheng: RMSE = 31.31 uymol m2 s!, tRMSE = 6.89%, Fig. 7b; Yan-
gling: RMSE =17.89 ymol m? s, rRMSE=11.71%, Fig. 7c). The
Changling site also exhibited a strong correlation (R?=0.71,
RMSE = 32.07 ymol m™ s, rRMSE = 16.12%, Fig. 7a). Of the grassland
sites, Panjin, representing temperate C3 grasslands, had the highest
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Fig. 7. Comparison between daily canopy-level V.nax estimated from flux data and SIF observations (Vemax gc Versus Vemax sir, #mol m?2s?) at nine eddy covariance
flux sites (Table 2). The solid black lines indicate the linear regressions between the observed and predicted values. The 1:1 lines are shown by the red dashes.

estimation accuracy, with Vemax sir explaining approximately 78% of the
variance in Vemax gc (RMSE =49.37 yumol m2 s, TRMSE = 32.07%,
Fig. 7f). The estimates for the alpine meadow sites, Haibei and Ruoergai,
had lower accuracies, explaining about 50% (RMSE = 8.96 ymol m? s'l,
rRMSE = 23.65%, Fig. 7d) and 56% (RMSE=6.46 ymol m? s7,
rRMSE =14.10%, Fig. 7e) of the variance, respectively. Among the
forest sites, Xiaolangdi, which is dominated by deciduous broadleaf
forest, exhibited a high estimation accuracy, with Vemax sir explaining
over 80% of the variance in Vimax gc (RMSE =27.91 ymol m? s,
rRMSE =7.80%, Fig. 7g). Strong correlations were also observed at
Puding (R?=0.65, RMSE=15.22 umol m? s, rRMSE=10.86%,
Fig. 7h) and Yanshan (R?=0.76, RMSE=32.08 umol m? s,
rRMSE = 19.04%, Fig. 7i). We also compared Vimax sir at 25 °C with
Vemax Ec at 25 °C at these sites (Fig. S4, Text S5). At 25 °C, there is a
larger discrepancy between the SIF-based Vimax and the EC-derived
Vemax, With the former explaining only approximately 69% of the vari-
ability in the latter (Fig. S5). This is primarily due to the significant
influence of the empirical coefficient (i.e. Eycmax) When converting Vemax
to Vemaxes- The Eyemax can vary between 36,380 J mol™? to 172,838 J
mol ™ across different species.

Consistent with the site-level scatter comparisons, the daily Vemax
curves showed that the SIF-based estimates generally reproduced the
temporal dynamics of EC-derived V¢max at the selected flux tower sites.
The agreement was particularly clear in cropland and forest ecosystems,
although some differences in peak magnitude remained at several
grassland sites (Fig. S6). We also summarized the multi-year mean daily
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Vemax sie curves for the major plant functional types, which further
highlighted clear cross-ecosystem differences in seasonal dynamics
(Fig. S7). In particular, croplands exhibited the highest growing-season
Vemax sir, Whereas boreal vegetation generally maintained lower values
and weaker seasonal amplitudes.

4.3. Spatial-temporal variations in Vemax2s

We applied the proposed model to produce daily Vemax2s values over
China's vegetated land surface for the period 2019-2022 (Fig. 8).
Averaged over these years, the mean annual Vpaxo5 across areas with
valid data was 87.25 ymol m? ! (Fig. 8, Table 3). Annual Vimaxos
generally decreased from southeast to northwest China (Fig. 8),
consistent with the broad hydrothermal gradient and vegetation distri-
bution across the country. In the southeastern regions, characterized by
warm, humid climates and abundant vegetation, higher Vimaxas values
were observed. Conversely, the northwestern regions which are arid,
cold, and have sparse vegetation exhibited lower Vi pyaxo5 values. Spe-
cifically, we identified three regions with high annual mean V¢pax2s
values (>120 pmol m2 s1): the Sichuan Basin (Fig. 8, 1), the Pearl River
Delta (Fig. 8, II), and the middle and lower reaches of the Yangtze River
(Fig. 8, III). In contrast, areas like the northern part of the Inner
Mongolia Plateau (Fig. 8, IV) and regions such as Southeastern Tibetan
Plateau (excluding the valley areas) (Fig. 8, V) and Xinjiang (Fig. 8, VI),
where precipitation is less than 400 mm, generally had V¢ paxo5 values
below 60umol m? s (Fig. 8). However, this broad southeast-to-
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Fig. 8. Spatial distribution of mean annual ecosystem Vemaxzs (umol m? s™) estimated using the proposed model for 2019-2022, with a resolution of 0.05 degrees.

Table 3

Mean annual and seasonal Vemaxos (umol m™? s!) estimated from SIF observa-
tions across different plant functional types during 2019-2022. MAM, March-

-May; JJA, June-August; September-November; DJF,
December-February.
PFTs Mean MAM JJIA SON DJF
annual

Boreal C3 grass (BoC3GRA) 64.05 54.06 61.77 54.58 48.32

Boreal deciduous broadleaf 69.59 60.22 73.67 59.22 46.32
forest (BoDBF)

Boreal deciduous broadleaf 63.00 54.84 66.47 54.38 42.77
shrub (BoDBSH)

Boreal deciduous needleleaf  59.95 52.35 62.94 51.93 NAN
forest (BoDNF)

Boreal evergreen needleleaf  52.67 45.77 53.42 45.46 37.92
forest (BoENF)

Cj grass (C3GRA) 69.97 61.84 77.80 58.83 51.35

Crops (CRO) 113.72 102.60 132.19 96.11 72.26

Temperate deciduous 86.07 75.52 99.26 73.49 59.00
broadleaf forest (TeDBF)

Temperate deciduous 89.18 79.40 109.21  78.87 60.59
broadleaf shrub (TeDBSH)

Temperate evergreen 79.00 70.14 100.93  72.45 53.28
broadleaf forest (TeEBF)

Temperate evergreen 62.66 54.94 78.69 57.47 41.61
needleleaf forest (TeENF)

Tropical evergreen 68.41 65.37 84.00 63.06 50.83
broadleaf forest (TrEBF)

China 87.25 77.01 99.97 74.03 54.84

northwest gradient was locally modified by environmental and land-
management factors. Relatively high Vipaxo5 values were observed in
the oases at the edge of the Taklamakan Desert (Fig. 8, VII), where
irrigation and groundwater availability can alleviate water limitation,

and in the western Tian Shan (Fig. 8, VIII), where regional precipitation
regimes influenced by Atlantic moisture provide more favorable water
conditions (Fig. S8).

Ecosystem Vcmaxos showed significant variation across different
vegetation types (Table 3): croplands had the highest mean annual
Vemaxzs at 113.72 umol m? s, followed by temperate deciduous
broadleaf shrub at 89.18 ymol m™ s}, while boreal evergreen needleleaf
forest showed the lowest values at 52.67 umol m? s\, Given that the
proposed model is designed to estimate C3 photosynthetic capacity, the
cropland estimates should primarily be interpreted within the frame-
work of C3 crop photosynthesis. The presence of C4 crops, such as maize
and sorghum, in some cropland regions may introduce additional un-
certainty into the corresponding Vmax2s estimates. With the rapid rise in
available energy and vegetation growth during summer, pronounced
seasonality in Vemaxos was observed in croplands and temperate vege-
tation types (Fig. 9, Table 3). For instance, V¢max2s values in temperate
deciduous broadleaf forest, temperate evergreen broadleaf forest, and
temperate deciduous broadleaf shrub were much higher during the
summer months (June, July, and August), increasing by more than 25
umol m? s! from spring (March, April, and May) to summer.
Conversely, by winter, the Vemaxos values dropped by around 15 pmol m”
251 (Fig. 9, Table 3). In contrast, Vemax2s exhibited minimal seasonal
variation in both boreal C3 grasslands and tropical evergreen broadleaf
forests, maintaining nearly the same values in each season (Fig. 9,
Table 3).

Additional uncertainty and sensitivity analyses based on Sobol global
sensitivity analysis and Monte Carlo uncertainty propagation further
indicated that V pax uncertainty was primarily driven by a few dominant
variables and parameters, among which f, Kco, and mop; were the three
most influential factors, followed by SIFroc 743 and fesc p.c. The ranges of
the variables and parameters used in these analyses are summarized in
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Fig. 9. The spatial patterns of the mean V payxes (pmol m? s!) estimated by the proposed model for spring (MAM, a), summer (JJA, b), autumn (SON, c) and winter

(DJF, d) over the period 2019-2022.

Table S4. Uncertainty also differed among PFTs and generally declined
from the daily to the monthly and annual scales, indicating that the
broad spatiotemporal patterns described above were more robust when
interpreted at coarser temporal resolutions (Figs. S$9-S10).

At the spatial scale, we compared the Vi paxo5 estimated in this study
(Vemaxas sie) with that derived from leaf chlorophyll content (LCC) data
(Vemax2s Lce, Luo et al.,, 2019). In Luo et al. (2019), a statistical rela-
tionship was established between a 500-m, 7-day temporal resolution
LCC product (http://www.geodata.cn) and Vemaxes. We also compared
our results with the growing season mean Vemax (Vemaxrg) obtained by
Chen et al. (2022) using TROPOMI SIF and LCC data (VemaxTg SIF LCC)-
Chen et al. (2022) estimated growing-season V pax using a data assim-
ilation framework that integrated TROPOMI SIF, LCC information, and
an ecosystem model. In their framework, sunlit-leaf SIF was linked to
GPP through a nonlinear SIF-GPP relationship, and LCC-derived Vemax
was used as an additional constraint to optimize the retrieval of V¢pax
from SIF observations. They provided V¢max at a 0.5° spatial resolution
for the average growing season temperature in 2019. To ensure con-
sistency, we applied a common temperature function (Eq. 22 in Smith
et al., 2019) to convert the Vemay estimated by our study into Vemaxtg
(Vemaxtg stk gr) for comparative analysis. And following the criterion
established by Chen et al. (2022), we defined the growing season as the
period when the monthly mean air temperature is above 0 °C.

Fig. 10a shows the spatial distribution of differences between
Vemax2s.1.cc and Vemaxos sie (Where AVemaxos = Vemax2s.1.cc — Vemax2s SIF)-
Overall, there is a relatively large discrepancy between the two datasets:
the mean Vemaxas 1.cc for 2019 is 62.90 ymol m2 s, while our estimated

Vemax2s sie is about 1.5 times higher, at 90.52 ymol m? s In
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approximately 80% (77.30%) of China's vegetated areas, Vemax2s sir has
higher values compared to Vemaxos 1ce, leading to negative AVimaxos
values. The result showed that nearly 54.35% of the vegetated grid cells
exhibit a AVimaxes variation ranging from -30 to 30 umol m? st
(Fig. 10a). These cells are primarily located in the Greater (Fig. 10a, I)
and Lesser (Fig. 10a, II) Khingan Mountains and Changbai Mountain
(Fig. 10a, IIT) in Northeast China and in the southeast region of China. In
contrast, in region such as the Huang-Huai-Hai Plain (Fig. 10a, IV), the
Sichuan Basin (Fig. 10a, V), and the oases at the edge of the Taklamakan
Desert (Fig. 10a, VI), the AV maxos values are relatively low (< -50 pgmol
m2sh. A possible reason for this is that Vemax2s 1cc incorporates LCC
information that tends to be converted to lower values of Viyax using
existing empirical relationships (Chen et al., 2022).

Fig. 10b further shows the corresponding relative percent difference
in Vemaxzs, calculated using Vemaxos sie as the reference. The spatial
pattern of AV¢maxas (%) was generally consistent with that of the abso-
lute difference shown in Fig. 10a. Negative values dominated most
vegetated areas, accounting for approximately 78.31% of the valid
pixels, indicating that Vemaxos 1.cc was generally lower than Vemaxos sir-
In particular, large negative relative differences were mainly observed in
the Huang-Huai-Hai Plain (Fig. 10b, IV), the Sichuan Basin (Fig. 10b, V),
and the oases at the edge of the Taklamakan Desert (Fig. 10b, VI), where
the SIF-based estimates were substantially higher than the LCC-derived
estimates. By contrast, relatively small differences or positive values
were mainly found in parts of the Greater Khingan Mountains (Fig. 10b,
I), Lesser Khingan Mountains (Fig. 10b, II), and Changbai Mountains
(Fig. 10b, III). Overall, approximately 78.74% of the vegetated pixels
showed relative differences within the range of —50% to 50%.
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Fig. 10. Spatial comparisons between Vmaxos estimates from this study and existing products. (a): Spatial distribution of the absolute difference in V¢ max2s between
values obtained from LCC data (Vemaxzs 1cc, #mol m? s1) and those from the proposed model (Vemaxes_sip, pmol m?2 s1), calculated as AVemaxos = Vemax2s_1cc -
Vemaxes sie- (b) Spatial distribution of the relative percent difference in Vemaxos, calculated as AVemaxos (%) = (Vemaxes 1cc - Vemax2s.s18) / Vemaxes sie X 100%. (c):
Spatial distribution of the difference in growing season mean Vcmaxrg between values obtained from TROPOMI SIF and LCC data (Vemaxrg siF Lcc, #mol m?2s?) and
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Fig. 10c shows the spatial distribution of differences between
VemaxTg siFrcc and  Vemaxrg siq. (Where  AVemaxrg = Vemaxtg SIFLCC -
Vemaxtg SIF.qL).  Overall, VemaxtgsirqL generally agrees well with
VemaxTg SIF.LcC: AVemaxtg Vvaries in a small range between -10 and 10
umol m2 s on 69.14% of the vegetated grid cells (Fig. 10c). In 64.14%
of these vegetated areas, Vemaxrgsirqr records higher values than
VemaxTg SIF_LCC, Tesulting in a negative AVemayrg. The two hotspot regions
are Jiangsu Province (Fig. 10c, I) and Yunnan Province (Fig. 10c, II).
However, of these areas, only 18.21% have a AVipaxrg less than -10
umol m2 s (Fig. 10c), indicating that the overestimation of the pro-
posed model compared to the Vepaxtg siv 1cc estimation model is limited.
Nearly 35% (35.86%) of China have a positive AVimayrg, primarily
distributed in the central and eastern regions of Inner Mongolia around
40°N (Fig. 10c, II) and parts of the middle and lower reaches of the
Yellow River Basin (Fig. 10c, IV).

Fig. 10d presents the relative percent difference in Vemaxrg, calcu-
lated using Vemaxrg siv g as the reference. Compared with the absolute
difference map in Fig. 10c, the percent-difference map further highlights
the proportional discrepancies between the two products. Positive
AVemaxtg (%) values were mainly distributed in parts of northern and
northeastern China, especially around Inner Mongolia (Fig. 10d, III) and
the Yellow River Basin (Fig. 10d, IV), indicating that Vemaxtg siF Lcc Was
higher than Vemaxrg sie g1 in these regions. In contrast, negative relative
differences were more evident in southern China, particularly around
Jiangsu Province (Fig. 10d, I) and Yunnan Province (Fig. 10d, II), sug-
gesting lower Vemaxtg sir rcc relative to Vemaxrg siv gL Overall, negative

16

relative differences accounted for approximately 66.17% of the valid
vegetated pixels, while approximately 83.48% of the pixels showed
relative differences within —50% to 50%.

5. Discussion

Although GPP can be directly estimated from SIF using an MLR
framework without explicitly incorporating Vimax, this does not
diminish the importance of estimating Vmax. Beyond serving as a key
input parameter in the FvCB model for GPP estimation, V¢nyax carries
broader ecological and physiological significance. Specifically, Vemax
represents the photosynthetic capacity of vegetation and reflects the
long-term physiological acclimation of plants to environmental condi-
tions over a given time scale, whereas GPP primarily captures an
instantaneous state jointly regulated by environmental drivers such as
radiation, temperature, and water availability. Vcmax can be interpreted
as an expression of plant resource allocation and adaptive strategies,
with its variation reflecting the regulation of trade-offs between light
utilization and carbon acquisition under changing environmental con-
ditions (Smith et al., 2019; Harrison et al., 2021; Prentice et al., 2014).
Therefore, Vemax should be viewed not merely as a model parameter, but
as a key variable for understanding plant ecological strategies and
climate adaptation processes-an aspect that cannot be replaced by ap-
proaches that directly estimate GPP from SIF. Furthermore, as a physi-
ologically meaningful parameter, Vcmax can be readily integrated into
process-based models, thereby enhancing their generality and predictive
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capability. The SIF-based mechanistic estimation of V¢yax proposed in
this study therefore provides an important contribution to advancing the
quantitative characterization of vegetation photosynthetic mechanisms
at the remote sensing scale.

Previous satellite approaches to estimate Vipmaxos often rely on PFT-
tuned proxies, on data-assimilation systems sensitive to the observa-
tion operator, or on mechanistic schemes that are difficult to scale; as a
result, seasonality, within-PFT heterogeneity, or scalability may be
compromised. This study presents a SIF-constrained canopy Vemax2s
retrieval approach: first, within a SIF-q;, model, we used a leaf-level
concurrent measurement system to calibrate parameters for 45 species
spanning 12 major PFTs in China, yielding a cross-PFT parameterization
of q; second, at the canopy scale (sunlit leaves) we established a diag-
nosis of Rubisco limitation, clarifying the applicability conditions of the
SIF-based Vi max2s estimation model. Incorporating environmental con-
straints such as soil-moisture stress, we generated a China-wide Vemaxas
dataset at 0.05° daily resolution for 2019-2022 and characterized the
spatial and seasonal patterns across China’s main PFTs, providing a
scalable and mechanistically interpretable pathway for large-scale
Vemax2s €stimation.

It should be noted that C4 plant photosynthetic carbon fixation is
mainly limited by electron transport capacity (Gu et al., 2019), rather
than Vemax. Therefore, the model proposed in this paper is not suitable
for estimating Vemax in C4 plants. For grassland ecosystems, the
land-cover dataset used in this study only includes Cs grass-related
classes (Fig. 4); therefore, Ca grassland regions were not considered in
the estimation. However, the results over cropland regions dominated
by C4 crops (e.g., maize, sorghum) should be regarded as uncertain.
There are some areas of our study which could be improved.

Although the leaf-level parameterization was based on measure-
ments of 45 plant species across 12 major PFTs, the selected species may
not fully represent the dominant species composition of each PFT across
China. Therefore, the current parameterization should be regarded as a
PFT-level functional approximation rather than a species-composition-
weighted representation of each PFT. Additional variability may also
arise when the PFT-level parameterization is applied across broad
geographic regions, because regional climatic adaptation, long-term
environmental acclimation, and differences in stand age may influence
variables and parameters such as qi, Mopt, Topt, and fpsn(743). Future
studies using multi-site observations with more regionally representa-
tive species across different climatic zones and stand development stages
would help further evaluate and refine the parameterization framework.

Drought stress tends to reduce both ®pgymax (Sommer et al., 2023)
and g, (Jia et al., 2023), or even Kpg, we assumed that ®pgymax Was a
constant, and that the parameters used in the g;, estimation model were
all derived from healthy, non-water-stressed leaves. We accounted for
the effects of water stress on ®pgimax and gy, by directly applying a water
stress factor, fy. In future research, a more in-depth analysis of the
impact of water stress on Vcmax should be conducted, including how
Dpsitmaxs g1, and Kpp respond to water stress and avoiding the repetition
of considering the impact of water stress. In particular, SIF combined
with gy, can, in principle, track changes in the dark reactions of photo-
synthesis caused by stomatal closure due to water stress (Beauclaire
et al., 2024; Han et al., 2022). In other words, a thorough analysis of
how g1, and SIF vary in response to water stress may allow us to account
for the impact of water stress on V oy more accurately.

In the derivation of V¢ pax2s from EC measurements, a crucial step
involves using a rectangular hyperbola model to represent the photo-
synthetic light response curve (Wang et al., 2022a; Zheng et al., 2017).
However, the performance of this semi-empirical model heavily depends
on field measurements for calibrating its key parameters (Xie et al.,
2018). Moreover, as an asymptotic line model, it has limitations in
accurately depicting the actual photosynthetic light response
curve-especially when light intensity exceeds the saturation point.
Beyond this point, the actual photosynthetic rate decreases due to
photoinhibition, a phenomenon that the rectangular hyperbola model
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fails to capture (Fang et al., 2015; Ye, 2010). This discrepancy between
the model and observed data can lead to underestimation of the light
saturation point and an overestimation of the maximum photosynthetic
rate (Ye and Yu, 2008; Zhu et al., 2020). To address these limitations and
enhance the model's accuracy, future research should focus on collecting
more measured Vemax data from flux stations to validate and improve its
predictive capabilities. Additionally, alternative models-such as the
modified rectangular hyperbola model-should be considered, as they
may better fit the photosynthetic light response curve, particularly
under low light and photoinhibition conditions (Ye and Yu, 2007; Ye and
Yu, 2008) .

The SIF-based V¢max model relies on SIFsyn ruLL_psi as input, which
depends on two key assumptions in Egs. (5) — (7). First, we assume that
the fluorescence yield ratio between sunlit and shaded leaves remains
relatively constant across different vegetation types. Similarly, Yang
et al. (2021) also found that sunlit leaves generally exhibit higher
relative fluorescence emission efficiency than shaded leaves during the
corn growth season, with both showing similar diurnal patterns. How-
ever, variations in leaf structure, chlorophyll content, and PSI/PSII
chlorophyll ratios among vegetation types may challenge this assump-
tion (Hogewoning et al., 2010; Kalaji et al., 2016). Furthermore, current
PAM fluorometry cannot provide fluorescence yield in absolute units
and relies on voltage signals to indirectly measure relative fluorescence
yield, introducing additional uncertainty (Gu et al., 2019; Schreiber and
Klughammer, 2021). These voltage signals are influenced by factors like
chlorophyll content, the spectral properties of the measuring light, light
intensity settings, amplifier gain, and detector filters, complicating
direct comparisons across different devices or samples. In this study, we
did not delve into the physiological differences between sunlit and
shaded leaves. Instead, we used the SCOPE model to simplify these
differences by comparing fluorescence yield ratios under varying light
intensities. While this approach has inherent uncertainties, it offers a
practical approximation given current technological limitation. The
second assumption involves using a constant mean leaf-sun angle of 60°,
which is a reasonable approximation for solar zenith angles between 30°
and 60° (Chen et al., 1999). For solar zenith angles outside this range
(<30° or >60°), the suitability of this constant requires further inves-
tigation. Achieving more accurate estimates of APARgyy and APARgya
would enhance the estimation of SIFsyn rutL_psir-

6. Conclusion

In this study, we present a mechanistic model for estimating canopy
Vemax based on SIF, applicable when photosynthesis is Rubisco-limited.
Using SIF emissions from sunlit leaves—derived from TOC SIF—with
meteorological inputs, we were able to effectively estimate Vmax
(Vemaxes) at satellite overpass times across China from 2019 to 2022.
Evaluations at nine sites showed that our model could reliably explain
more than 80% of the variability across all vegetation types, with the
best performance in croplands and the poorest in grasslands. Over this
period, the mean annual Vipaxo5 over vegetated land surfaces in China
was 87.25 ymol m? s, underscoring the strong spatiotemporal varia-
tion in Vemaxes. This work demonstrates the effectiveness of large-scale
applications based on satellite data and mechanistic methods,
revealing critical spatial information about V¢ pax2s—such as in oasis
croplands—and further unlocks the potential of SIF in modeling Viemaxos-
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Symbols Definition Unit

a Mean leaf-sun angle °

ar, Leaf scattering coefficient \
Ac The Rubisco limited rate of CO5 assimilation pumol m?2s?
Aj The electron transport limited rate of CO assimilation pumol m?2st
APARgyN The absorbed PAR for sunlit leaves umol m st
APARgyp The absorbed PAR for shaded leaves pumol m?2s?t
P2 The fraction of APAR that is received by PSII \

C The multiple scattering of direct radiation ymol m? s
Ca Ambient CO; partial pressure ymol mol*
Ci Chloroplastic CO; partial pressure ubar

CI Clumping index \

S Constant value umol™ m? s
Djmax The energies of deactivation J mol?
Ejmax The energies of activation J mol?
Evemax The activation energy J mol!
Exe Activation energy J mol !
Exko Activation energy J mol !
Sfesi The relative contribution of PSII fluorescence to total fluorescence \
fapAR The fraction of absorbed PAR \
fc) The ratio for converting SIFror 760 psi to SIFror 5 psi for a specific wavelength A (640 < A < 850 nm) \
fescp-c The fraction of SIF photons escaping from the PSII reaction centers to TOC. \

W Empirical function of soil moisture variation \

Fin Maximal fluorescence yields \

Fn' Light-adapted maximal fluorescence yield \

Fo Minimal fluorescence yields \

Fo' The minimum fluorescence yield in light-adapted state \

Fs Steady-state active fluorescence yield \
& Fitting parameter related to the plant’s water use strategy kPa%®
H, The rate at which the peak function increases below Top (kJ mol ™)
Hy The rate at which the peak function decreases above Top (kJ mol™)
ip Canopy interceptance \
J The electron transport rate ymol m™2
Jmax The maximum electron transport rate umol m? s
Jmax25 Jmax at a standard temperature umol m? 5!
K. The temperature dependent Rubisco Michaelis-Menten constants for CO2 mol mol!
Keos The Michaelis-Menten constant for CO5 at 25°C mol mol™
Kco Composite parameter for Michaelis—-Menten constants for RuBP carboxylation and oxygenation pbar
Kpr The ratio of Kp to K \
Ko The temperature dependent Rubisco Michaelis-Menten constants for Oz mol mol!
Kozs The Michaelis-Menten constant for O, at 25°C mol mol™!
LAIL Total leaf area index m?m~2
LAIsyn LAI for sunlit leaves m?>m2
LAIgya LAI for shaded leaves m?m2

A Wavelength nm

m The fitted parameter for estimating gy, sir \

Mopt The value of m at Top \

o Oxygen partial pressure mol mol!
P The probability of PARpr being absorbed by sunlit leaves inside the canopy \

PAR Incoming photosynthetically active radiation yumol m 257!
PARp¢ The diffuse component of PAR \

PARpIF UNDER The portion of diffuse PAR under the plant canopy \

PARpr The direct component of PAR \

PARsun PAR for sunlit leaves pumol m?2s?
PARgya PAR for shaded leaves umol m? 5!
qL The fraction of open Photosystem II reaction centers \
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(continued)
Symbols Definition Unit
q1_suN qy. for sunlit leaves \
q1,PAM Leaf-level gy, derived from PSI fluorescence-corrected data measured by a PAM fluorometer \
Rgas The molar gas constant m® Pamol ' K!
R, Reflectance of leaf \
Ryeg Vegetation far-red reflectance \
SIFSyN FULL PSII The broadband SIF flux density from sunlit leaves pumol m?2st
SIFSHA_FULL_PSII The broadband SIF flux density from shaded leaves pumol m?2s?
SIFroC ) Top-of-canopy (TOC) SIF observations at a given wavelength, A mW m2 nm? st
SIFToT FULL PSII The broadband total PSII SIF flux density, where the subscript TOT refers to all leaves in the canopy pumol m?2st
SIFpyLL PSITL The full-band SIF radiation emitted from Photosystem II (PSII), where the subscript L refers to leaves pumol m?2s?

SIFyp ) Upwelling spectral fluorescence radiance at the leaf level mW m2 nm? st
SIFdown ), Downwelling spectral fluorescence radiance at the leaf level mW m?2nm? sr!
Symax The entropy term J K mol?!
SZA Solar zenith angle °

Os The measured root-zone soil water content m®m?

Ow SWC at wilting point \

O SWC at field capacity \

[ Daily mean solar zenith angle °

Or The relative contribution of PSI fluorescence to total fluorescence emission at the F, level \

6y An empirical curvature parameter \

c The product of ®psiimax, leaf light absorptance and fraction of absorbed photons allocated to PSII \

Tair Canopy air temperature K

Treaf Leaf temperature K

Topt The optimal temperature for Tyeaf K

T, Transmittance of leaf \

r= Chloroplastic compensation point of CO2 pbar

Vemax The maximum carboxylation rate /4m01~m’2»s’l
Vemax2s Vemax at 25°C ;4rnol‘m’2~s’1
Vemax2s EC Canopy-level Vemaxos estimated from EC measurements ;4mol-m‘2-s'1
Vemax2s_SIF Canopy-level Vemaxos estimated from the proposed model ;4mol<m’2~s’1
Vemax2s.1cC Canopy-level Vmaxes obtained from LCC data ;4rnol~m""»s’l
Vemaxtg Vemax at the mean growing temperature ;4mol-m‘2-s'1
VemaxTg SIFLGC Vemaxtg Obtained from TROPOMI SIF and LCC data pmol-m~2s7!
VemaxTg SIF_qL Vemaxrg obtained from the proposed model ;4rnol~m""»s’l
VPD Vapor pressure deficit kPa

w Leaf albedo \

Dpsimax The maximum photochemical quantum yield of PSII under unstressed conditions \

DsyUN_SIF_PSII The quantum yield of PSII SIF emission of sunlit leaves \

DgHA SIF PSII The quantum yield of PSII SIF emission of shaded leaves \

Data availability

The data used for the analyses are available at . https://github.
com/luxiaoliangnwafu/Dataset-multiSpecies
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