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ARTICLE INFO ABSTRACT

Edited by Jing M. Chen Accurate estimation of ecosystem transpiration (T) is critical to understanding of global land-atmosphere water,
energy and carbon fluxes. However, the complexity of processes governing canopy conductance to transpired
water vapor (G.) poses a substantial challenge for modelling T. Canopy conductance governs the uptake of COy
for photosynthesis and the release of water vapor through transpiration, and so satellite observations of solar-
induced chlorophyll fluorescence (SIF), a new proxy for plant photosynthesis, may create a good opportunity
to estimate T at large scales. In this study, a new SIF-based model is proposed to estimate T at the canopy scale:
photosynthesis rate, a key input for the coupled photosynthesis-stomatal conductance framework, is mecha-
nistically approximated from top-of-canopy (TOC) SIF and readily-available meteorological data. One major
improvement makes our work conceptually novel, compared to previous T modelling efforts: SIF is mechanis-
tically translated into photosynthetic CO5 assimilation such that the regulation of G. and eventually T can be
realized in a more physiologically realistic way. We evaluate the modeled T forced by satellite SIF observations
and globally gridded meteorological information at 31 eddy covariance flux sites covering ten vegetation types in
three continents. The model performs well in various vegetation types, particularly in ecosystems with dense
canopies, explaining nearly 76% of the variability in their daily flux-derived T. We apply the model to obtain the
spatial and temporal distributions of global T at a daily time step for the period 2019-2020, and diagnose the
response of T to vapor pressure deficit (VPD) and soil water content (SWC). At the global scale, increasing VPD
exhibits a negative correlation with G, but a positive correlation with T, and their correlations decrease with
decreasing SWC. In contrast, a decrease in SWC is not associated with a clear reduction in G. and T as long as the
SWC is not low. Our proposed model better unleashes the potential of SIF in modelling T, and thus opens a new
pathway to better understand the mechanisms impacting the coupling of carbon and water cycles.
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1. Introduction scales (Long and Singh, 2012; Mu et al., 2007; Mu et al., 2011; Ryu et al.,

2011; Yang and Shang, 2013; Zhang et al., 2017), and, among them, the

Ecosystem transpiration (T) which represents water loss as vapor
from the leaf surface to the atmosphere, primarily through leaf stomata,
accounts for approximately 65% of global land surface evapotranspira-
tion (ET, Good et al., 2015). In vegetated ecosystems with a dense
canopy, transpiration may contribute up to 90% of evapotranspiration
(Jasechko et al., 2013). Thus, transpiration plays a critical role in the
global water and carbon cycles and in the land-surface energy budget
(Fisher et al., 2017; Trenberth et al., 2009). Remote sensing-based ET
models are dominant for making ET/T estimations at regional and global

* Corresponding author.
E-mail address: luxiaoliang@nwafu.edu.cn (X. Lu).

https://doi.org/10.1016/j.rse.2024.113998

approaches that combine the Penman-Monteith (PM) logic (Monteith,
1965) with meteorological forcing and remotely sensed vegetation pa-
rameters have a robust theoretical basis while being relatively simple
(Cleugh et al., 2007; Leuning et al., 2008; Mu et al., 2007; Mu et al.,
2011). For example, the PM-based modelling framework from the
MODerate resolution Imaging Spectroradiometer (MODIS) ET product
(MOD16, Mu et al., 2007; Mu et al., 2011) is now widely used for
mapping global ET/T. The Priestley-Taylor (PT) equation (Priestley and
Taylor, 1972) offers a simplified version of the PM equation. By reducing
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the requirement on inputs and parameters, it has still demonstrated its
effectiveness as an alternative, particularly in situations where net ra-
diation to the canopy is the primary determinant of ET (Norman et al.,
1995). Based on the PT equation, for example, the Global Land Evapo-
ration Amsterdam Model (GLEAM) combines a wide range of remotely
sensed observations to derive global daily actual ET and its different
components with a spatial resolution of 0.25 degrees (Martens et al.,
2017; Miralles et al., 2016).As transpiration loss is closely linked to
carbon assimilation via stomatal conductance, photosynthetic COq
assimilation is expected to have a strong correlation with T. During
photosynthesis, most of the absorbed photosynthetically active radia-
tion (APAR) is consumed in carbon fixation and heat loss (non-
photochemical quenching, NPQ). About 1-2% of APAR is reemitted by
chlorophyll (Chl) molecules in the spectral range 640-850 nm and is
referred to as solar-induced chlorophyll fluorescence (SIF). There are
two photosystems in the chloroplasts of plants: Photosystem I (PSI) and
Photosystem II (PSII). SIF is emitted from both photosystems: SIF from
PSI is mostly in the near-infrared (NIR) range (>700 nm), while SIF from
PSII covers the full SIF spectrum. Numerous studies have shown that SIF
observations have a strong ability to predict ecosystem gross primary
production (GPP) over several terrestrial ecosystems including
temperate deciduous forest (Yang et al., 2017; Yang et al., 2015), crops
(He et al., 2020; Hwang et al., 2020), and evergreen needleleaf forest
(Kim et al., 2021; Magney et al., 2019). Over the last decade, advances in
the spectral and radiometric sensitivities of space-borne instruments
have enabled us to retrieve SIF signals from space (Frankenberg et al.,
2011; Guanter et al., 2012; Joiner et al.,, 2013). In particular, the
TROPOspheric Monitoring Instrument (TROPOMI) onboard the
Sentinel-5 Precursor provides SIF products with a spatial resolution of
up to 7 x 3.5 km? (at nadir), and has a 16-day revisit cycle. Due to its
wide swath width of 2600 km across track, TROPOMI can achieve near-
daily global coverage (Kohler et al., 2018). All this progress has created
a good opportunity to map large-scale T from SIF observations. Several
SIF-based approaches have been proposed to estimate T, and generally
they can be grouped into two types: (1) the empirical approaches (Lu
et al.,, 2018; Maes et al., 2020) that link SIF with T using statistical
models, by assuming that SIF is a proxy for all related factors regulating
T, and (2) the process-based approaches (Shan et al., 2019, 2021) such
as using the PM equation to calculate latent heat (AE, the energy con-
sumption of ET) by establishing empirical/semi-mechanistic relation-
ships between SIF and canopy conductance to transpired water vapor
(G¢), one key input for the PM equation. Compared with the conven-
tional modelling of T as a function of meteorological and vegetation
indices, SIF-informed T approaches have the potential to better account
for the impacts of plant physiological status on the transpiration flux.

Despite some success in predicting T from SIF, these methods may
have the following limitations: (1) SIF is still empirically related to
either G, or T, resulting in an insufficient understanding of the mecha-
nisms regulating T dynamics, (2) the SIF-G./T relationships must be
trained at eddy covariance (EC) flux sites, and thus their performance
may decrease in heterogeneous regions (Desai, 2010), and (3) the data-
driven upscaling methods that provide regional estimates of T may also
have significant uncertainties (Xiao et al., 2014; Xiao et al., 2011). To
overcome these limitations, a more process-based understanding of the
relationship between stomatal conductance and SIF needs to be estab-
lished to correctly use SIF as a proxy for transpiration.

The mechanistic light response (MLR) model proposed by Gu et al.
(2019) provides a robust basis for estimating GPP (and potentially T)
from SIF observations (i.e., EC observations are essentially not
required). However, the difficulty in obtaining the fraction of open PSII
reaction centers (q, Kramer et al., 2004), a key input for the MLR model,
restricts its practical application (Gu et al., 2019). Liu et al. (2022)
reformulated the original MLR model (hereafter referred to as the rMLR
model, Eq. (4)) by replacing g, with two variables (the quantum yield of
photochemical quenching in PSII (®pgjp), and NPQ) readily obtained at
the canopy scale, thus facilitating the operational estimation of GPP on
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regional or global scales.

Here, we developed a mechanistic model, based on the rMLR model,
to estimate ecosystem T from top-of-canopy (TOC) SIF signals. Using
satellite SIF measurements as an input, the rMLR model was first
employed to approximate net CO, uptake in the stomatal conductance
estimation equation originally proposed by Ball, Woodrow and Berry
(Ball et al., 1987) and modified by Wang and Leuning (1998), denoted
here as the BWB-Leuning equation, to better constrain G.. The PM
equation, fed with meteorological forcings and SIF-informed G., was
then used to obtain T. Compared to prior T estimation models, the
proposed mechanistic model eliminates the reliance on EC measure-
ments, thereby facilitating the estimation of transpiration in areas with
sparse instrumentation. Further, the physiological information con-
tained in SIF observations can be more realistically represented,
providing a strong basis for modelling of canopy conductance. This
framework was applied to produce the daily global T for the period
2019-2020. We evaluated the proposed model against EC observations
at site scale, and against the T estimates based on MODIS and GLEAM
(v3.8a) at the global scale.

2. Model description
2.1. Estimation of ecosystem T

The PM equation was used to estimate ecosystem T (g m2s7):

7A><(R,,—G)+p><Cp><VPD><ga><1

r'= A+ (I+8/C)x7 py @

where A is the slope of saturated water-vapor pressure with air tem-
perature (T,jr, °C), assumed to be 0.155 kPa °C’1; R, is the net radiation
(W m~2); Gis the soil heat flux (W m~2); p is the density of dry air (~ 1.2
kgm ™) C, is the specific heat capacity of air (~ 1013 J kg t°c™1); VPD
is the atmospheric vapor pressure deficit (kPa); g, is the aerodynamic
resistance for heat and water vapor (m s’l), and is estimated from air
temperature (Text S1) (Thornton, 1998); y is the psychometric constant
(=~ 0.067 kPa °C’1); Ay is the latent heat of vaporization (~ 2450 kJ
kg’l); G. (m s 1) is assumed to be equal to the surface conductance for
dense canopies during the growing season.

2.2. Estimation of G,

The main focus of the PM equation is the accurate estimate of G. In
this study, the modified BWB-Leuning equation (Wang and Leuning,
1998) was used to calculate G.:

a X fy X Apet
Ge ’Gﬁc,. x (1 + VPD/Dy) 2)
where G, is the residual conductance (=~ 0.01 mol m 2 s’l); aand Dy are
both empirical parameters, assumed to be 10 and 1.5 (Arain et al., 2002;
Wang and Leuning, 1998; Miner et al., 2017), respectively; f, is a factor
representing the sensitivity of leaf stomatal conductance to soil water
supply (Wang et al., 2018); Apet is the net photosynthetic rate (umol m 2
s~1) provided by the rMLR model using TOC SIF as an input (see below);
Cs is the CO; concentration at the leaf surface (umol mol™1), assumed to
be the product of a/(a-1) and the intercellular CO5 concentration (Cj,
gmol mol 1),

As the MODIS T estimates (Tyopis) were also produced in this study
for comparison purposes, here we briefly introduce the MOD16 algo-
rithm (version 6.0) for estimating G. (G. mopis, hereafter). In MOD16,
G mobis is modeled as (Running and Kimball, 2005; Thornton, 1998):
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G? x (G' + Gey)

s x LAI % (1
G'+ G+ Gey

— Fro)(LAL > 0, (1 — Fou) > 0)
Ghad hbox =
O(LAI =0, (1 — Fyu) = 0)

(3a)
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photosynthetically active radiation (umol m~2 s~!), and was calculated
from the incoming shortwave radiation (SW, W m~?) data by multi-
plying 0.5 (Sancho-Knapik et al., 2022); fpar is the fraction of absorbed
PAR; fj is the partitioning of energy between the two photosystems,
which is assumed to be equal (i.e., # = 0.5). ETR is estimated as:

ETR =

(PAR X fpar X B+ Jmax — \/(PAR X fpar X +Jmax)2 — 460 X Jax X PAR X fpar X )

©

26

ORH < 70%

Fowr = {RH470%<RH<100% (3b)
where G2 is leaf boundary-layer conductance, and equivalent to the leaf
conductance to sensible heat per unit leaf area; G! is stomatal conduc-
tance per unit leaf area; G¢y is leaf cuticular conductance per unit leaf
area; LAI is leaf area index; Fye is water cover fraction (%); and RH is
relative humidity (%) estimated from VPD; Gs2 is a constant value for
each given vegetation type; Gs1 is a function of T and VPD; Gy is
estimated from T, Both Gf and Gy are also dependent on a variety of
biome-specific parameters. Note that MOD16 assumes that all leaves in
the canopy have the same leaf stomatal conductance, and upscales to the
canopy level, namely G. mopis, by a factor of LAL

The GLEAM model does not explicitly parameterize G.. Instead, it
first calculates the potential ET based on the PT equation and then ad-
justs this potential ET to actual ET by applying a series of stress factors.
Ecosystem T is then determined by subtracting the evaporation of
intercepted rainfall from actual ET. The more details for GLEAM in
estimating T can be found in Text S2.

2.3. The rMLR model
The rMLR model (Liu et al., 2022) showed that GPP for C3 and C4

species at canopy or ecosystem scale can be mechanistically estimated
as:

C.—I" ®pgy x (14+NPQ) x (1+Kpr) x STFroc psiruLL R C3
- —Ry
_J4ac.+8r (1 = Ppsir) X fese.p—c
net —
(1-¢) _ Ppsy x (1+NPQ) x (1+Kpr) X SIFroc psiLruLL
X ~R, C4
3 (1 —Ppsit) X fese.p—c

(©)]

where C_ is the chloroplastic CO, partial pressure (ubar or gmol mol~1);
I'* is the chloroplastic compensation point of COy (ubar); ®pgy is the
quantum yield of photochemical quenching in PSII; NPQ is non-
photochemical quenching; Kpg is the ratio between the rate constants for
constitutive heat loss and fluorescence, assumed to be 9.0 (Liu et al.,
2022), SIFTOC_FULL_PSII is TOC broadband SIF (6407850 nm) emitted from
PSII (umol m~2 s™1); fesc p-c is the probability that a SIF photon escapes
from the PSII light reactions inside the leaves to the top of the canopy; Rq
is the daytime leaf dark respiration (umol m~2 s™1); ¢ is the fraction of
total electron transport of mesophyll and bundle sheath allocated to
mesophyll, assumed to be 0.4 (Von Caemmerer, 2000). Here, the
mesophyll conductance to CO, was assumed to be infinite (van der Tol
et al., 2009), and thus C. = C;.
According to Bacour et al. (2019), ®pgy is calculated as:

PAR X foag X f ®

¢PSI[ =

Where ETR (umol m~2 s and ETR¢ psit (umol m~2 s71) are the
electron transport rates in photosynthesis under light-limited and
Rubisco-limited  conditions, respectively; PAR is incoming

where 6 is the convexity of the response curve of ETR to light absorbed
by photosynthetic pigments (= 0.7, Von Caemmerer, 2000); Jpax is the
maximum value of ETR under saturated light (umol m 2 s’l), and can be
expressed as (June et al., 2004):

2

T
Imax = Jmax_25 X exp (7a)
Toar2s = (2.59 — 0.035 x Tair) % Vemweas (7b)

where Jmax 25 iS Jmax at a reference temperature of (usually) 25 °C;

Vemax2s is the maximum carboxylation rate at 25 °C (umol m~2 s’l), and

can be estimated from leaf chlorophyll content (see section 3.1.1).
ETRc psy is calculated as:

A + Ry
(G —T")/(4C; +8T")

ETR._psn = (8a)

(Ci 71—‘») X chnx
A= i )X Vemx 8b
G+K(1+0/K,) )

where A_ is the Rubiso-limited gross photosynthesis rate (umol m~2s™1);

Vemax 1S the maximum carboxylation rate (umol m~2 s7; O is the

intercellular oxygen concentration (Wu et al., 2017; Yin and Struik,

2009), assumed to be 210,000 mol mol !; K. and K, are the Michaelis-

Menten constants for CO5 (mol mol™ 1 and 05 (mol mol’l), respectively.
K. is calculated as (Yin and Struik, 2009):

K, = Kos x exp(Tyr — 25) X Ex. /(298 X Ryas X (Tyie +273) ) 9

where Kco5 is the Michaelis-Menten constant for CO5 at 25 °C (= 270
mol mol_l); Eg. is approximately equal to 80,990 J mol ™! (Bernacchi
et al., 2002) and Rg,s is the molar gas constant (8.3143 m? Pa mol™!
K.

K, is calculated as (Yin and Struik, 2009):

K, = K5 x exp(Tux — 25) X Ex, /(298 X Reos X (Tair +273) ) 10)

where K25 is the Michaelis-Menten constant for O at 25 °C (= 165,000
mol mol™Y); Eg, is approximately equal to 23,720 J mol~! (Bernacchi
et al., 2002).

Vemax can be calculated as (Yin and Struik, 2009):

chax = chaxZS X exp(Tair - 25) X EVCmax/(298 X Rgas X (Tair + 273) ) (11)
where Eycmax iS approximately equal to 65,330 (J mol™1) (Bernacchi

et al., 2002).
Ry can be expressed as (Yin and Struik, 2009):

Ry = Rops x exp(Ty — 25) X Eg, /(298 X Ryys X (Tyir +273) ) 12)
where Rgos is daytime leaf dark respiration at 25 °C (umol m~2s™1), and

can be computed as: Rqzs5 = 0.015 X Vemaxos (Atkin et al., 2015); Ergq is
the temperature response of the R4 used to predict CO, uptake by leaves
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during Rubisco-limited photosynthesis (=~ 46,390 J mol™?, Bernacchi
et al., 2001; Yin and Struik, 2009).
I'* was estimated as (Yin and Struik, 2009):

r :0.5 x 0

13
Sero 13)

where the factor 0.5 is mol CO, released when Rubisco catalyses the
reaction with 1 mol O3 in photorespiration (Farquhar et al., 1980); S¢/0
(bar bar™1) can be used to explain the decline of the Rubisco affinity for
CO,, with increasing temperature, and can be calculated as:

Sco = Scjons X exp(Tair — 25) x EScj0 /(298 x Rgas x (Tair+273))  (14)

where S¢/025 and Eg,/, are approximately equal to 2800 (bar bar 1) and
— 24,460 (J mol’l), respectively (Bernacchi et al., 2002).
NPQ is modeled as a function of T,j, and PAR (Bacour et al., 2019):

1+b  exp@Turte)

NPQ = a x y° x X
Q otz PAR

(15)

The fitting parameters: a (16.042), b (5.74), ¢ (2.167), d (—0.014), e
(—0.00437), and f (0.000576), are provided by (Bacour et al., 2019); y is
defined as follows (van der Tol et al., 2014):
=1 Dpgyy (16)

(I)PSlew(
where ®pgii max is the maximum photosynthetic yield at the fully dark-

adapted photosystems, typically taken as 0.80. Altogether, Ty, PAR,
and fpag are needed to estimate ®pg;; and NPQ.

2.4. Estimation Of SIFTOC_FULL_PSH and fesc_P-C

SIFtoc ruLL psu should be obtained from remotely sensed TOC SIF
observations: they are narrowband and contain contributions from both
PSI and PSII. First, the ChlF contribution from PSII (fpsy, %) to TOC SIF
at a given wavelength A nm (SIFtoc(A), mW m 2 nm~! sr!) has to be
determined. Bacour et al. (2019) showed that fpg; can be estimated
as:

my X ®r_psi / Pro_psu

17)
my + my X ®g_psi/ Pro_psu

fPSlI =

where m; and my are 0.00561 and 0.00917, respectively, for SIF emis-
sion in the NIR region; @ pgy is the fluorescence yield in PSII at the
steady-state condition; ®pq pgy is the minimum fluorescence yield with a
maximum proportion of open PSII reaction centers, assumed to be 0.02
(Liu et al., 2022). ®g pgyr is estimated as:

Ky

X (1-® 18
Ko + Kr + NPQ ( psi) (18)

(I)F,PSH =

where Kp is the rate constant for constitutive heat loss; Ky is the rate
constant for fluorescence emission. Kp and Kg are assumed to 0.9 and
0.1, respectively (Liu et al., 2022). In the NIR region, TOC SIF from PSII
(SIFroc psu(M), mW m~2nm ! sr!) can be estimated as: SIFroc psu(M) =
SIFtoc(M) X fpsi

Liu et al. (2022) showed that fc()), the ratio between SIF radiance at
a given wavelength A (nm) and the integral of SIF radiance over the full
SIF spectrum (640-850 nm), remains largely constant. Thus,
SIFroc psi(A) can be converted into TOC broadband PSII SIF (SIFroc -
FuLL, MW II172 sr’l): SIFTOC_FULL_PSII = SIFTOC_PSIIO\)/fCO\)- We used the
Soil Canopy Observation of Photosynthesis and Energy (SCOPE) model
(version 1.73, van der Tol et al., 2009) to estimate fc(A). Note that
SIFroc FuiL psi in the rMLR model has a unit of ymol m~2 57!, so one
must also perform the unit conversion (Liu et al., 2022).

Zhang et al. (2019) showed that fesc p.c can be estimated as:
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Rveg

Sese_p-c = 0.9 X 19)

ip X w

where Ryeg refers to the vegetation far-red reflectance at the same
wavelength as SIFroc(M); ip represents the canopy interceptance and is
determined by LAIL clumping index (CI) and solar zenith angle (SZA, °)
(Chen and Leblanc, 2001); w represents the leaf albedo and is set to a
constant value of unity (Yang and van der Tol, 2018; Zhang et al., 2019).
Ryeg is estimated as the difference between the observed reflectance at
the same wavelength and observation direction as SIFroc(A) and the
reflectance from the soil (Text S3).

2.5. Estimation of f,, and C,

fw is modeled using the empirical function (Wang et al., 2018; Wang
and Leuning, 1998):

005 < Ow
Os — 0
fu=4 2 Yo <05 <0 (20)
0]: - GW
105 > g

where 0 and 6y are the soil water content of the top 100 cm of soil at
field capacity and at the wilting point, respectively; s is the soil water
content of the top 100 cm of soil.

An iterative process was used to estimate Cj (Fig. 1):

(1) calculate the initial C; as a constant fraction of C,:

045xC, C4 @D

c - {o.7xca c3
where C, is the ambient air CO, partial pressure (pbar) and the default
ratio of Cj: C, was set to 0.7 and 0.45 for C3 and C4, respectively (Wu
et al., 2019).

(2) estimate ®pgy;, NPQ, and fpgy; using the initial C; and the other
related inputs.

(3) calculate SIF-based Apet using the rMLR model.

(4) calculate G, using the BWB-Leuning equation, and then convert it
to canopy conductance to CO3 (G co2, mol m2s) (Wang and
Leuning, 1998).

Gecop = 0.64 x G, (22)

(5) obtain a new C; based on the CO, diffusion model (Ju et al.,
2006):
G =, — et 23)

c_coy

(6) iterate Egs. (21)-(23) until the estimated C; is sufficiently stable,
i.e. when the absolute difference in C; between two successive
iterations is <0.1 ppm. The G, value from the final iteration is
then used in the PM equation to estimate T.

3. Data
3.1. Input data for global T

3.1.1. Satellite data

We used SIF observations from the TROPOMI spectrometer (TRO-
POSIF) as our SIF data source. The Sentinel-5 Precursor that carries
TROPOMI has a wide swath of 2600 km and a 16-day orbital period,
giving it the ability to provide almost daily continuous global coverage
with a high spatial resolution (7 x 3.5 km? at nadir). We collected
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Initial C;, Bq. (21)———— New G, Eq. (23)

RiEq.(12) —> @psy Eq.(5) |

ISIEroc 760 | fesu Eq. (17) | | NPQ Eq. (15)

SIFTOC_FULL_PSII

4

| WAL T, 724, iRy |

Ty —— I'* Eq.(13), R; Eq. (12)

Legend: Measurements ‘
Derived variavtes. |

| No AG<6.1‘ Yes

T

CO, diffusion Eq. (22)

SwcC

SIF-based G, ~—

| VPD

g.Eq. (Sl1a)

( SIF-based T )

Fig. 1. Overview flowchart of the SIF-based ecosystem transpiration (T) model. The rMLR model is the reformulated mechanistic light response model; the BWB-
Leuning equation is the Ball, Woodrow and Berry-Leuning equation; the PM equation is the Penman-Monteith model. The abbreviations and symbols are defined

in Appendix A.

TROPOSIF L2B data from January 2019 to December 2020 (http://ftp.sr
on.nl/open-access-data-2/TROPOMI/tropomi/sif/v2.1/12b/). We used
daily average ungridded SIF retrievals from window 743-758 nm. To
control the SIF data quality, we excluded SIF observations with cloud
fractions larger than 0.2 from further analysis.

To implement the proposed model at the global scale, three MODIS
data products were also required. LAI and fpar were acquired from the
MODIS MCD15A3H v006 product with 4-day temporal and 500 m
spatial resolutions (Myneni et al., 2015). The MODIS land cover type
(MCD12C1 v006, Sulla-Menashe and Friedl, 2018) data product for
2019 which uses the International Geosphere-Biosphere Program clas-
sification scheme was used to determine the distribution of vegetation
types with a spatial resolution of 0.05°.The CI data were sourced from a
global foliage clumping index map derived from MODIS Bidirectional
Reflectance Distribution Function (BRDF) products with a 500-m spatial
resolution (He et al., 2012).

In this study, we used the global dataset of Vepax2s derived from leaf
chlorophyll content (LCC, Chen et al., 2022). A two-step radiative
transfer model was first employed to translate satellite reflectance in
red, near infrared, and red-edge bands into global LCC time series (Croft
et al., 2020). Using empirical relationships between LCC and Vmax
across various vegetation types (Luo et al., 2019), this LCC time series
was then converted and aggregated into V.maxos at a spatial resolution of
0.5°.

3.1.2. Meteorological data

The meteorological inputs used for the global SIF-based T simulation
consist of Tair, Ry, SW and dew point temperature (Tg, °C). VPD, used in
the PM equation (Eq. (1)) and the BWB-Leuning equation (Eq. (2)), was
estimated from Ty and Tq (Wu et al., 2019). The hourly Ty, Ry, SW and
Tq data were obtained from Modern-Era Retrospective Analysis for
Research and Applications, Version 2 (MERRA-2) (https://disc.gsfc.
nasa.gov, Gelaro et al., 2017), with a spatial resolution of 0.625°
longitude x 0.5° latitude. The hourly values of these three meteoro-
logical variables were converted into daytime averages to match the SIF

data used in this study.

3.1.3. Soil data

The required 0 and 6y data were estimated from the database of
global soil hydraulic properties (https://doi.pangaea.de/10.1594/PA
NGAEA.870605) developed by Montzka et al. (2017). 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°. The
weighted averages of the top 100 cm were used in this study.

We collected hourly volumetric soil water content (SWC) from the
European Center for Medium-Range Weather Forecasts (ECMWF), the
fifth generation of European Reanalysis (ERAS5, hereafter ERA5-Land).
The ERAS5-Land is a reanalysis dataset providing high-resolution (~9
km) information on hourly surface variables between 1950 and the near
present (Ma et al., 2022). In the ERA5-Land data, simulated SWC is
available at four depths (0, 7, 28, 100, and 289 cm). In this study, we
used the depth-weighted mean of daytime SWC across the top three soil
layers (0-100 cm).

3.1.4. Pre-processing global input data

To run the proposed model on a global scale, it is necessary to
integrate all the aforementioned datasets. For Tuir, T4, Rn, PAR, and
SWC, we aggregated the hourly values of these variables into daytime
averages to match the SIF data used in this study. The daytime hours are
calculated based on latitude and the day of the year. For 4-day com-
posite LAI and fpar, we used a linear temporal interpolation to tempo-
rally rescale them into daily estimates. The land cover, CI, Vi maxos, Or
and Oy data are assumed unchanged during the study period. Note that
TROPOMI SIF measurements (also Ryeg and SZA) are ungridded, the
values of the gridded datasets were extracted according to the locations
of data points in TROPOMI SIF measurements. For display purposes, the
simulated T estimates were gridded to a spatial resolution of 5 x 5 km?,
and then composited over 8 days using the GriddingMachine tool (Wang
etal., 2022b). The detailed data processing workflow is shown in Fig. S1.


http://ftp.sron.nl/open-access-data-2/TROPOMI/tropomi/sif/v2.1/l2b/
http://ftp.sron.nl/open-access-data-2/TROPOMI/tropomi/sif/v2.1/l2b/
https://disc.gsfc.nasa.gov
https://disc.gsfc.nasa.gov
https://doi.org/10.1594/PANGAEA.870605
https://doi.org/10.1594/PANGAEA.870605
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3.2. Site description and eddy covariance flux tower data

To evaluate the performance of the proposed SIF-based model at the
site scale, we collected turbulent fluxes of latent heat (AE) from Ameri-
Flux (27 sites), CarboEurope (1 sites), and OzFlux (3 sites) based on the
availability of data during the period January 2019 to December 2020.
The variations in AE are dominated by canopy T when evaporation from
soil and intercepted water on leaves is minimal. Thus, the following
criteria were applied to select the AE measurements: (1) data with pre-
cipitation events (> 1 mm/h) as well as the subsequent 48 h were
excluded to reduce the negative impact due to evaporation from soil and
plant canopy evaporation, and (2) data with LAI > 1.0 m? m~2 were
selected for each site. Also, at each site, the dominant land cover within
a 7 km radius had to account for >70% of the area.

Half-hourly or hourly values of AE at each site were then converted to
daytime values (Tgc, mm day’l). For simplicity, we combined certain
classes according to the International Geosphere-Biosphere Program
(IGBP) land-cover classification: croplands and croplands/natural
vegetation mosaics were combined as croplands (Zhang et al., 2019).
The final result of the process was 31 sites covering ten different IGBP
vegetation types: croplands (CRO, five sites), closed shrubland (CS, three
sites), deciduous broadleaf forest (DBF, three sites), evergreen broadleaf
forest (EBF, three sites), evergreen needleleaf forest (ENF, four sites),
grasslands (GRA, three sites), mixed forest (MF, two sites), open
shrubland (OS, five sites), savannas (S, two sites), and woody savannas
(WS, one sites). Detailed information on these sites is provided in
Table 1. The proposed T estimation model, forced with the satellite in-
puts and the gridded meteorological data, was evaluated against Tgc at
these selected sites. To do this, ungridded T estimates from the global
simulation (Tsp, mm day’l) were averaged over the surrounding 7 km?
at each site.

Table 1
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4. Results
4.1. T validation at the site scale

The correlation coefficient (R%) for all sites is 0.75, the root mean
square error (RMSE) is 1.23 mm day ! and the relative root mean square
error (rRMSE) is 10.27%. The model demonstrated particularly strong
capabilities in estimating canopy transpiration in most forest types. In
deciduous broadleaf forests, it explained >75% of the variance in Tgc
(R? = 0.77, RMSE = 1.18 mm day !, and rRMSE = 11.98%, Fig. 2c).
Similarly, in evergreen broadleaf forests and mixed forests, it achieved a
high level of accuracy, accounting for 72% of variability in the daily Tgc
time series (RMSE = 0.71 mm day !, rRMSE = 13.64%, Fig. 2d and
RMSE = 1.42 mm day ™}, rRMSE = 20.40%, Fig. 2g). The correlation
between Tgr and Tgc was also strong in evergreen needleleaf forests
(RMSE = 1.06 mm day’l, and rRMSE = 12.69%, Fig. 2e), with R? =
0.64. Correlations between Tgr and Tgc remained strong in croplands
(R? = 0.68, RMSE = 1.85 mm day !, and rRMSE = 15.40%, Fig. 2a) and
grasslands (R? = 0.72, RMSE = 1.50 mm day !, and rRMSE = 13.22%,
Fig. 2f), suggesting that homogeneous canopies tend to enhance the
performance of the proposed model.

At closed shrubland sites and savannas, the model explained 54%
(RMSE = 1.49 mm day’l, and rRMSE = 16.05%, Fig. 2b) and 55%
(RMSE = 0.62 mm day’l, and rRMSE = 13.72%, Fig. 2i) of the variance
in Tgc variability, respectively. However, the accuracy of Tgr generally
showed a decreasing trend in ecosystems such as open shrubland (RMSE
= 0.54 mm day}, and rRMSE = 13.12%, Fig. 2h) and woody savannas
(RMSE = 0.58 mm day !, and rRMSE = 19.37%, Fig. 2j), Tsr explained
around 51% of the variance in daily Tgc.

4.2. Global G. and T estimates

Using the TROPOMI ungridded daily SIF data and the other required

Information for the flux-tower sites used in this study. From left to right: station name; International Geosphere-Biosphere International Programme (IGBP) classi-
fication; latitude; longitude; dominant land cover percentage, references. (CRO, croplands; CS, closed shrubland; DBF, deciduous broadleaf forest; EBF, evergreen
broadleaf forest; ENF, evergreen needleleaf forest; GRA, grasslands; MF, mixed forest; OS, open shrubland; S, savannas; and WS, woody savannas).

Site ID IGBP Latitude (°) Longitude (°) Percentage (%) Reference

US-CF2 CRO 46.7840 —117.0908 0.95 Chu et al. (2021)
US-CF4 CRO 46.7518 —117.1285 0.92 Chu et al. (2021)
US-CS3 CRO 44,1394 —89.5727 0.85 Jaafar et al. (2022)
US-Cs4 CRO 44.1597 —89.5475 0.87 Wu et al. (2022)
US-Ro6 CRO 44.6946 —93.0578 0.95 Chu et al. (2021)
US-Rls CS 43.1439 —-116.7356 1.00 Goodwell et al. (2018)
US-Rms CS 43.0645 —116.7486 1.00 Goodwell et al. (2018)
US-Rwf CS 43.1207 —116.7231 1.00 Flerchinger and Seyfried (2014)
US-xBL DBF 39.0603 —78.0716 0.74 Metzger et al. (2019)
US-xML DBF 37.3783 —80.5248 1.00 Metzger et al. (2019)
US-xSC DBF 38.8929 —78.1395 0.80 Metzger et al. (2019)
AU-GWW EBF —30.1914 120.6542 0.70 Prober et al. (2011)
AU-Robson EBF -17.1175 145.6301 0.89 Maes et al. (2020)
AU-Warra EBF —43.0950 146.6545 0.91 Beringer et al. (2022)
US-Hol ENF 45.2041 —68.7402 1.00 Fernandez et al. (1993)
US-NR1 ENF 40.0329 —105.5464 0.85 Reich et al. (1998)
US-Vem ENF 35.8884 —106.5321 0.85 Biederman et al. (2016)
US-xSB ENF 29.6893 —81.9934 1.00 Metzger et al. (2019)
US-Ro4 GRA 44.6781 —93.0723 0.99 Zhang et al. (2020)
US-xDC GRA 47.1617 —99.1066 1.00 Metzger et al. (2019)
US-xWD GRA 47.1282 —99.2414 1.00 Chu et al. (2021)
US-Syv MF 46.2420 —89.3477 0.71 Desai (2010)

US-xUN MF 46.2339 —89.5373 0.93 Metzger et al. (2019)
US-Jo2 oS 32.5849 —106.6032 0.91 Li and Xiao (2022)
US-Mpj oS 34.4384 —106.2377 1.00 Wood (2022)

US-Rws oS 43.1675 -116.7132 1.00 Goodwell et al. (2018)
US-xJR oS 32.5907 —106.8425 1.00 Metzger et al. (2019)
US-xSR oS 31.9107 —110.8355 0.94 Metzger et al. (2019)
US-Wjs S 34.4255 —105.8615 0.93 Wang et al. (2022a)
ES-Abr S 38.7018 —6.7859 0.90 El-Madany et al. (2020)
US-SRM WS 31.8214 —110.8661 0.88 Goodwell et al. (2018)
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Fig. 2. Comparison between the daily observed and estimated transpiration from TROPOMI SIF (Tgc versus Tsyp, mm day’l). Figure shows the linear regression
between the modeled and observed estimates for (a) CRO, croplands; (b) CS, closed shrubland; (c) DBF, deciduous broadleaf forest; (d) EBF, evergreen broadleaf

forest; (e) ENF, evergreen needleleaf forest; (f) GRA, grasslands; (g) MF, mixed
coefficient of determination, RMSE is the root-mean-square error (mm day’l),
the 1:1 lines, and the black lines represent the linear regressions between the
figure legend, the reader is referred to the web version of this article.)

Table 2
Mean annual and seasonal SIF-based transpiration (Tsy, mm yr—') and canopy

forest; (h) OS, open shrubland; (i) S, savannas; and (j) WS, woody savannas. R?is the
and rRMSE is the relative root-mean-square error (%). The red dash-dotted lines are
observed and predicted values. (For interpretation of the references to color in this

conductance for water vapor (G, sip, m s~ ') across different vegetation types during

2019-2020. IGBP, the land-cover classification of the International Geosphere-Biosphere Program; CRO, croplands; CS, closed shrubland; DBF, deciduous broadleaf

forest; EBF, evergreen broadleaf forest; ENF, evergreen needleleaf forest; GRA,

grasslands; MF, mixed forest; OS, open shrubland; S, savannas; and WS, woody sa-

vannas; MAM, March-May; JJA, June-August; SON, September—November; DJF, December—February.

IGBP Mean annual MAM JJIA SON DJF

CRO 390.62 (0.0061) 78.68 (0.0057) 151.44 (0.0071) 62.22 (0.0054) 98.28 (0.0046)
CS 248.24 (0.0065) 47.67 (0.0058) 100.00 (0.0077) 41.34 (0.0054) 59.22 (0.0055)
DBF 251.52 (0.0067) 48.40 (0.0061) 87.27 (0.0076) 46.36 (0.0061) 69.81 (0.0064)
EBF 311.10 (0.0082) 66.36 (0.0085) 90.32 (0.0079) 74.34 (0.0081) 80.07 (0.0086)
ENF 169.65 (0.0062) 20.79 (0.0053) 98.42 (0.0073) 31.53 (0.0049) 18.91 (0.0033)
GRA 287.41 (0.0047) 61.40 (0.0049) 94.88 (0.0051) 51.74 (0.0043) 79.38 (0.0046)
MF 214.06 (0.0066) 37.56 (0.0056) 92.09 (0.0081) 34.63 (0.0056) 49.79 (0.0050)
oS 236.51 (0.0058) 47.89 (0.0055) 86.72 (0.0069) 38.49 (0.0051) 63.42 (0.0053)
S 296.44 (0.0055) 67.96 (0.0054) 86.30 (0.0060) 52.25 (0.0048) 89.93 (0.0054)
WS 231.31 (0.0057) 45.85 (0.0054) 79.54 (0.0065) 35.37 (0.0047) 70.54 (0.0056)
Global 278.45 (0.0059) 58.11 (0.0056) 96.26 (0.0064) 48.46 (0.0052) 75.61 (0.0057)

inputs (Section 3), we implemented the proposed T estimation model to
obtain global G. sir and Tsr over the vegetated land surface at a daily
time step for the period 2019-2020. The forest ecosystems had higher
canopy conductance (Table 2). For instance, the values of mean annual
G.gir in evergreen broadleaf forest (0.0082 m s1) and deciduous
broadleaf forest (0.0067 m s~) were higher than in savannas (0.0055 m
s’l) and grasslands (0.0047 m s’l). The southern hemispheric tropics
generally showed high values of G gp: tropical and subtropical forests in
the northwest Amazon, central Africa, and southeast Asia had an
average annual G gjr of approximately 0.0092 m s’l, 0.0085m s’l, and
0.0125 m s}, respectively (Fig. 3a). In contrast, southeast Amazon,
eastern and southern Africa, and northern and eastern Australia — all
areas dominated by (woody) savannas and grasslands — had lower
values of G gy, ranging from 0.0009 m s 1t00.0035ms ™! (Fig. 3a). In
the Northern Hemisphere, G sir presented a generally increasing trend
with increasing latitude. Mean annual G gir values in China and India,
for example, were mostly below 0.0060 m s}, whereas those over large
areas of Europe and Siberia were >0.0078 m st (Fig. 3a).

In most cases, an increase in air temperature enhances atmospheric
dryness (i.e., VPD). Increased VPD typically causes stomatal closure to
prevent excess water loss, however, the plant photosynthesis rate and
thus canopy conductance may increase with rising air temperature until
a given threshold. Fu et al. (2022) showed that the response of plant

transpiration to increasing VPD depended on soil dryness (i.e., SWC).
Using partial correlation analysis, we next assess the relative roles
(Pearson correlation coefficient, r) of VPD and SWC in determining the
impact of dryness stress on G sir and Tgjr. P-values <0.05 are considered
significant. To filter out days when transpiration could be significantly
influenced by other meteorological factors (e.g., incoming shortwave
radiation), we focused on the growing season and selected days when
SWC and VPD were most likely to be the dominant controllers of
ecosystem transpiration. Following previous research (Anderegg et al.,
2018; Liu et al., 2020; Sulman et al., 2016), we carried out partial cor-
relation analyses under the following conditions: (1) the daily average
temperature was >15 °C; (2) sufficient atmospheric water demand
existed to drive water fluxes, as evidenced by a daily average VPD
exceeding 0.5 kPa; (3) there was high solar radiation, evidenced by a
daily average photosynthetic photon flux density surpassing 500 ymol
m 2571,

Overall, G. gir exhibited a negative correlation with VPD during the
study period, prevailing over 88.98% of vegetated areas (44.74% with a
significant negative correlation, Fig. 3b). The response of G.gir to
increasing VPD becomes less negative (increasing r) under lower VPD
values, and can even become positive when VPD is below a certain
threshold. For example, G. sir over 95.34% of vegetated land south of
35° North was negatively correlated with VPD (68.17% significant,
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Fig. 3. Spatial distribution of mean canopy conductance for water vapor (G si, m s 1) estimated by the proposed model over the period 2019-2020 (a), and spatial
patterns of partial correlations between G gir and atmospheric vapor pressure deficit (VPD, kPa) (b)/soil water content (SWC, %) of the top 100 cm soil layer (c) on a
daily basis for the same period. The insets in (b) to (c) show the relative frequency (%) distribution of negative correlations (Neg; blue), significant negative cor-
relations (Neg*; P < 0.05; cyan), significant positive correlations (Pos*; P < 0.05; yellow), and positive correlations (Pos; red). Vegetated regions (using IGBP land
cover classifications) are shown in color, while regions in white are barren or sparsely vegetated areas and non-vegetated areas, including water bodies, snow, desert
and ice, and urban areas. (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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Fig. 3b, Fig. S4), while in high northern latitudes (> 45° N), G. sir was
significantly reduced due to atmospheric drying over only 16.09% of
vegetated areas (Fig. 3b, Fig. S5). Grid cells with positive correlations of
G sir to SWC occupied 55.79% of vegetated areas, while those with
negative correlations made up 44.21%. In both cases these grid cells
were widely distributed globally (Fig. 3c). However, the correlations
between G, gir and SWC were mostly insignificant, with only 5.34% of
them having a significant positive correlation and only 3.51% a signif-
icant negative one (Fig. 3c), suggesting that SWC has a weak impact on
G sir across a large range of soil water deficits.

We found that G, g7 tended to significantly increase in response to
increasing SWC under low SWC conditions (Fig. S6). For example, by the
end of the dry season and during the transition to the wet season across
the Amazon basin (dry soils), the onset of rainfall (increasing SWC)
contributes to a rapid increase in regional vegetation productivity and
G sir (Restrepo-Coupe et al., 2013), leading to a positive response of
G sir to SWC. On the other hand, in predominantly humid or sub-humid
regions, many vegetated areas exhibited a significant negative correla-
tion between G gir and VPD. In these regions, a slight reduction in SWC
can lead to increased nitrogen uptake, subsequently enhancing photo-
synthesis and canopy conductance (Sardans et al., 2017).

Averaged over 2019-2020, the mean annual T over the part of the
global vegetated land surface with valid data was 278.45 mm yr '
(Fig. 4a, Table 2), accounting for 32.36% of precipitation during this 2-
year period. Ecosystem transpiration was found to differ considerably
among the different vegetation types (Table 2): croplands had the
highest mean annual Tgy of 390.62 mm yr ), followed by evergreen
broadleaf forest (311.10 mm yr’l), while evergreen needleleaf forest
had the lowest Tg (169.65 mm yr’l). Due to the rapid increase in
available energy and vegetation growth during the summer, strong
seasonality in T was found in some vegetation types, particularly
those located mainly in mid- and high latitude regions. For instance, the
values of Tgr in evergreen needleleaf forest were much higher in the
summer months (June, July and August), contributing >55% of its
annual total Tgip (Table 2). In contrast, in tropical vegetation, Tsp
showed little seasonal variation: evergreen broadleaf forest, for
example, had almost the same Tgpp in each season (Table 2).

Annual Tgr generally decreased with increasing latitude in mid- and
high latitudes (Fig. 4a): forests in subtropical and warm temperate zones
had high values of mean annual Tgr (> 700 mm yrfl); forests in cool
temperate and subarctic zones had a much shorter growing season,
resulting in low estimates of annual Tgr (< 200 mm yr’l, Fig. 4a),
despite having high values of G, gi¢ (Fig. 3a). Somewhat counterintui-
tively, humid tropical rainforests, in equatorial Amazonia, Central Af-
rica, and Southeast Asia, showed relative moderate annual Ts (about
400 mm yr !, Fig. 4a), despite these forests having a great availability of
liquid water in the forest canopy due to their large LAI and high rainfall.
One explanation for the moderate values is that evaporation of canopy
intercepted water leads to declines in within-canopy vapor pressure
deficit and canopy temperature, thus reducing ecosystem water loss
through transpiration (Dawson and Goldsmith, 2018).

Tsip exhibited a positive correlation with increasing VPD over
approximately 80% of vegetated areas (26.68% significant, Fig. 4b).
Approximately 19% of the vegetated surface showed a negative corre-
lation between Tgr and VPD, but <3% of these correlations were sig-
nificant (Fig. 4b). Considering that G. g significantly decreased due to
elevated VPD over 44.74% of vegetated land (Fig. 3b), these results
confirm that, globally, the increase in atmospheric demand for water
tended to overwhelm the plants’ ability to conserve water during the
study period.

The correlation between Tgir and SWC was statistically insignificant
over 92.01% of vegetated areas (Fig. 4c). Only 3.13% of global vege-
tated land, mainly scattered in southeastern North America, southern
Brazil, and western Europe, showed significant negative correlations
(Fig. 4c). Tsip had a significant positive response to SWC variation across
4.86% of vegetated areas, which were mainly in northern South
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America, southeastern South America, and west and central Africa
(Fig. 4c). Although a weak constraint of SWC changes on Tgip was
observed, a decline in SWC tended to weaken the VPD-Tgg relationship:
the correlations between Tsir and VPD were significantly positive over
34.35% of vegetated grid cells, with f,, = 1.0 (Eq. (20)), while they were
significantly positively correlated with each other over only 15.54% of
vegetated grid cells, with fy < 0.5 (Table S2).

4.3. Comparison Of TSIF; TMODIS and TGLEAM

Next, we investigated the main factors causing the deviation between
Tsir, Tmopis and Tgream (the validation results of Tyiopis and Tgream at
the mentioned sites are provided in Supplementary Material (Text S4 -
S5). First, the spatial distribution of the mean daily difference between
Tnmonrs and Tsie (Tom: Twopis - Tsirs mm day 1), Toream and T (Tpg:
ToLeam - Tsip, mm day_l) during 2019-2020 was determined. To ensure
the correct interpretation of Tpy and Tpg, we avoid temporal interpo-
lation: Tom and Tpg was estimated only when Tsir, TMoDIS and TGLEAM all
had valid values. Overall, Tgr generally agrees well with Tyopis: Tom
varies in a small range between —0.5 and 0.5 mm day ' on 42.9% of the
vegetated grid cells meeting the selection criteria (Fig. 5a). In 29.03% of
these vegetated areas, Tsir records higher values than Tyopis, resulting
in a negative Tpy. However, of these areas, only 28.39% have a Tpy less
than —1.0 mm day ! (Fig. 5a), indicating that the overestimation of the
proposed model compared to the MODIS T estimation model is limited.

Nearly 70% (70.97%) of global vegetated areas have a positive Tpy.
Two large peaks of positive Tpy values (> 3.0 mm day ') can be iden-
tified on the Indo-China Peninsula and the southern margin of the
Amazon Basin (Fig. 5a). In these two regions, Tyiopis is noticeably higher
than Tgr during the dry season, accounting for the annual positive Tpy
(Fig. S7c, e); conversely, during the wet season with high Fye, Tmopis is
smaller than Tgr in these regions (Fig. S7a, g). Another hotspot of pos-
itive Tpy is the boreal evergreen forest region (> 60° N), spanning vast
parts of Canada and Russia (Fig. 5a). In this region, without a clear
separation between dry and wet seasons, the overestimation of Tyopis
over Tsip becomes more pronounced as LAl increases during the summer
(Fig. S7c, e).

Tsir deviates more from Tgigam: Tpg varies between —0.5 and 0.5
mm day ! on 28.85% of the vegetated grid cells (Fig. 5b). The GLEAM
model employs lightning data to infer rainfall events (Miralles et al.,
2010; Zheng and Jia, 2020). However, lightning and rainfall do not al-
ways occur simultaneously. Consequently, the GLEAM model tends to
underestimate rainfall, resulting in reduced estimates of canopy inter-
ception loss in regions with dense vegetation and heavy rainfall. This, in
turn, causes an overestimation of transpiration in such areas (Eq. S2c in
text S2). This pattern is evident in the Amazon basin, Congo basin, and
Southeast Asia, where expansive areas exhibit Tpg > 3 mm day’1
(Fig. 5b). Particularly, in regions with distinct rainy and dry seasons,
such as the southern regions of the Amazon and Congo basins, Tpg
displays more positive values in the wet season (Fig. S7b, h), compared
to the dry season (Fig. S7d, f).

The GLEAM model does not include irrigation (Martens et al., 2017).
As a result, it overlooks the increased transpiration due to irrigation in
many agricultural areas, leading to an underestimation of transpiration.
This explains why key agricultural regions globally, like the American
Midwest and the plains of North and Northeast China, display large
areas with negative Tpg (Fig. 5b), particularly during summer when
irrigation practices are more frequent (Fig. S7d).

The GLEAM model might not fully capture the transpiration in
energy-limited areas (Miralles et al., 2016), which elucidates the
expansive regions with negative Tpg seen in Siberia and northern Can-
ada (Fig. 5b). During summer, as energy-limited areas are exposed to
increased radiation, the underestimation of Tg gay diminishes, making
it more comparable to Tgp (Fig. S7d). Conversely, the underestimation
of Tgream could be more pronounced in spring and autumn, leading to
even more negative Tpg values in these areas during these seasons
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Fig. 4. Spatial distribution of mean annual ecosystem transpiration estimated by the proposed model (Tgy, mm yr—1) over the period 2019-2020 (a), and spatial
patterns of correlations between Ty and atmospheric vapor pressure deficit (VPD, kPa) (b), soil water content (SWC, %) of the top 100 cm soil layer (c) on a daily
basis for the same period. The insets in (b) and (c) show the relative frequency (%) distribution of negative correlations (Neg; blue), significant negative correlations
(Neg*; P < 0.05; cyan), significant positive correlations (Pos*; P < 0.05; yellow), and positive correlations (Pos; red). Vegetated regions (using IGBP land cover
classifications) are shown in color, while regions in white are barren or sparsely vegetated areas and non-vegetated areas, including water bodies, snow, desert and
ice, and urban areas. (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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Fig. 5. Spatial distribution of the difference in mean daily ecosystem transpiration estimated by the MODIS model (Tyopis, mm day ') and the proposed model (T,
mm day ™) (a: Tpm: Tmopis - Tsr, mm day 1), the difference between transpiration estimated by GLEAM (Tgrgam, mm day ) and Tgp (b: Tpg: Torgam - Tsr, mm
day ) over the period 2019-2020. The inset panel shows the histogram of Tpy and Tpg. Vegetated regions (using MCD12C1 land cover type 1) are shown in color,
while white regions are barren or sparsely vegetated areas and non-vegetated areas, including water bodies, snow, desert and ice, and urban areas.

(Fig. S7b, ).

The spatial distribution of Tpy suggests that the overestimation of
the MODIS T model, with respect to the proposed model, increases as
LAl increases, but tends to decrease with increasing Fy;. In contrast, the
overestimation of Tgrgam over Tgir increases not only with the increase
of LAI but also with the increase of rainfall. To examine how Tpy and
Tpg varies with LAT and Fye (a proxy for rainfall, Eq. (3b)), Tpm, Tpg and
LAI were sorted into 7 bins according to the 0-10th, 10-20th, ..., and 60-
70th percentiles of Fyer. Within each Fye bin, Tpy and Tpg was divided
into four groups based on LAI values: (1) low: 0.0 < LAI < 1.5, (2) low
and intermediate: 1.5 < LAI < 2.0; (3) intermediate: 2.0 < LAI < 3.5,
and (4) high: 3.5 < LAI < 6.0.

As illustrated in Fig. 6a, most of Tpy values typically vary between
—1.0 and 1.0 mm day_1 when LAI < 3.5 m? m~2. Further, Tpy has an
increasing trend with increasing LAI in low Fy,¢ conditions. For example,
in the bin with the lowest Fyet (< 0.1), the mean Tpy is —0.67 mm day_1
in the low LAI group, while it increases to —0.12 mm day ' and 0.36
mm day ! in the low and intermediate, and intermediate LAI groups,
respectively (Fig. 6a). Further, the mean Tpy is enhanced under high LAI
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values, reaching a maximum of 2.42 mm day’1 when Fye < 0.1
(Fig. 6a). However, the differences between Tgp and Tyopis tend to-
wards to zero with increasing Fye:: the maximum of the mean Tpy de-
clines to <1 mm day ! in the bin with Fye in the range of 0.4-0.5, and
the variations in Tpy are insensitive to LAI when Fye > 0.5 (Fig. 6a).
This strong dependence of Tpy on canopy structure, as characterized by
LAL suggests that the conductance upscaling scheme from leaf to canopy
is a major reason for the difference between Tgir and Tyopis. Note that
the MODIS T estimation model uses LAI to parameterize canopy pro-
cesses: all leaves in the canopy are assumed to have the same leaf sto-
matal conductance, and canopy conductance is simply obtained by
upscaling leaf stomatal conductance by LAI. As a consequence, Tpy
shows a positive correlation with LAI (see the Discussion section).
Conversely, as Fye; increases, Tpg displays a rising trend when LAI
exceeds 2.0 m?>m 2 (Fig. 6b). For example, with an increase in Fye from
0.1 to 0.7, the mean Tp in the high LAI group increases from —0.43 mm
day~! to 2.11 mm day~!. This pattern aligns with the overestimation of
TgLeam in relation to Tgr observed in areas characterized by complex
canopies and significant rainfall (Fig. 5b). The majority of mean Tpg
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Fig. 6. The variation of Tpy and Tpg across leaf area index (LAI, m? m?) gradients in water cover fraction (Fye, %) bins. Tpy and Tpg represents the difference
between mean daily ecosystem transpiration estimated by the MODIS model (Tyopis, mm day’l) and the proposed model (Ts;p, mm day’l), the difference between
transpiration estimated by GLEAM (Tg ram, mm day 1) and Tgjg over the period 2019-2020 (a: Tpm: Tmopis - Tsir, mm day ™~ !; b: Tpg: Toream - Tsip, mm day ). Tpu,
Tpag, LAL and Fy are sorted into 7 bins according to the 0-10th, 10-20th, ..., 50-60th, and 60-70th percentiles of Fyet.

values within the intermediate LAI group still remain negative (Fig. 6b).
Moreover, the mean Tpg for both low and intermediate LAI groups are
relatively unresponsive to variations in Fye, generally staying close to
—1.5 mm day ™! (Fig. 6b). Such a pattern is also consistent with the
underestimation of Tgipam compared to Tgip noted in many regions
worldwide (Fig. 5b).

5. Discussion

SIF, as one measure of plant photosynthetic activity observable by
remote sensing, offers a new pathway to estimate stomatal conductance
and transpiration rate across scales (Chen and Liu, 2020; Damm et al.,
2018; Mohammed et al., 2019). However, the strategies that can be used
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to embed SIF in modelling GPP (and thus G, and T) are different in their
fidelity and applicability, and they generally belong to one of two cat-
egories: (1) empirical models that establish statistical relationships be-
tween SIF and GPP using in-situ measurements (e.g., EC flux towers),
and extrapolate them to larger spatial scales (Guanter et al., 2014; Li and
Xiao, 2022), and (2) mechanistic models that explicitly represent the
processes associated with the SIF-GPP relationship (Gu et al., 2019; Liu
et al., 2022). The performance of empirical SIF-GPP models may
significantly decline in regions with a low density of flux towers. Also, it
is difficult for empirical models to provide insights on mechanisms
determining responses of T to changes in environmental conditions like
VPD and SWC (Damm et al., 2021). By contrast, mechanistic models
estimate GPP in a physically robust fashion without reliance on EC
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measurements, making them more suitable for interpreting interactions
between stomatal conductance, photosynthesis, transpiration, and
environmental factors at scales larger than a single site. The incorpo-
ration of the rMLR model which is driven by satellite SIF observations
and readily-available forcing data makes the proposed T estimation
model not only physically defensible but also globally applicable.

Variations in the meteorological variables through the depth of the
canopy lead to different transpiration rates within the canopy. For
example, higher irradiance and higher VPD may result in more water
loss through the stomata in the upper leaves compared with the leaves in
the middle and lower canopy layers (Damm et al., 2009). As a result,
upscaling approaches that simply assume that each leaf contributes
equally to the canopy-level stomatal conductance or photosynthesis rate
may introduce large biases. In contrast, total emitted fluorescence of all
leaves (i.e., SIF,,) represents the averaged SIF emission of all leaves in
the canopy and, if translated into photosynthetic CO2 assimilation
mechanistically, should have a good potential to integrate varying
contributions from all leaf layers to the canopy total fluxes of carbon
uptake and/or water loss (Lu et al., 2020).

With the simultaneous use of SIF-derived T and estimates of VPD and
SWC at the daily timescale, we show that VPD, rather than SWC, is the
dominant driver of dryness stress on both G. and T over most vegetated
areas. However, it should be noted that the correlation between VPD and
SWC tends to increase as the timescale increases from daily to monthly,
and yearly (Liu et al., 2020), suggesting that SWC may play a more
important role over longer time scales. With accumulating SIF data, the
proposed T estimation model enables us to assess the relative contri-
butions of VPD and SWC to G. and T across different time scales in a
physiologically meaningful way.

We acknowledge that this study has some limitations which require
further research. The rMLR model currently has an advantage for large-
scale applications over the original MLR model, but at the expense of
incorporating PAR. Recognizing that PAR and SIF are highly correlated,
our model appears somewhat redundant. For the purpose of simplifying
the model framework and reducing uncertainties in estimating PAR, it is
desirable to develop a g model driven by environmental variables
available at regional/global scales. Under the assumption that PAR ex-
erts a first-order control on q, recent studies (Chang et al., 2021; Feng
et al.,, 2021; Han et al., 2022) have used parsimonious light response
models for qi. Nevertheless, more experiments are required to assess
how gy, responds to other environmental factors including temperature,
water, nutrient availability, and CO5 concentration (Porcar-Castell,
2011; Takahashi et al., 2021; Yamori et al., 2011).

In this study, EC measurements were used to validate the SIF-based T
estimates, which presents certain drawbacks, including the differing
spatial scales between flux measurements and remote sensing data, as
well as the limited number of EC flux sites available that meet the
validation requirements. We acknowledge the potential of sap flow data
as a valuable proxy for water vapor flux resulting from transpiration,
offering a promising method for directly validating transpiration
models. Yet, when utilizing sap flow data to evaluate global transpira-
tion estimates, several limitations currently exist: (1) there is a mismatch
between footprint of tree stem sap flow measurements representing
small stand-level upscaling and relatively coarse grid cells used in esti-
mating global transpiration (Kim et al., 2023; Li et al., 2023); (2) it is
difficult to obtain information such as the number and type of plants in
the simulation grid was not considered (Bittencourt et al., 2023); (3) the
SAPFLUXNET database lacks data for the extremely tall trees and other
growth forms such as shrubs, lianas, and other non-woody species (Liu
et al., 2011; Lu et al., 2002; Poyatos et al., 2021). Considering these
limitations, we believe that currently relying on EC data (assuming ET =~
T) is more appropriate for assessing global T products.

The rMLR model still depends on empirical relationships and theo-
retical assumptions to estimate key variables like ®pg;; and NPQ, which
undoubtedly introduces uncertainties in estimating T. For instance, the
parameters in these empirical formulas were calibrated over a limited
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range of plants (Bacour et al., 2019). These parameters might lead to
uncertainties in estimating ®pgy; and NPQ for other diverse ecosystems.
Moreover, the methods we use to estimate ®pg; and NPQ may not
adequately respond to stresses caused by factors other than light and
heat, such as water deficit or the photoinhibition of reaction centers (Liu
et al., 2022). Additionally, we were unable to capture the variation in
®pgr and NPQ across different layers of the canopy. Typically, sunlit
leaves with higher light intensity and temperatures have lower ®pgj; but
higher NPQ compared to shaded leaves, which are subject to lower light
and cooler temperatures (Gu et al., 2019).

Indeed, refining these estimations is an important future direction for
improvement. However, these empirical relationships do not negate the
potential of the mechanistic model. If we continue to rely solely on
statistical methods to estimate Apet, our ability to do so will remain
substantially limited by the number of observation sites, regardless of
any advancements in methods for estimating ®pg;; and NPQ. Conversely,
the inherently mechanistic nature of the rMLR model ensures that any
progress in estimating the key variables will simultaneously enhance the
accuracy of Ape, and thereby T. In essence, mechanistic models, like the
rMLR model in this study, provide a robust foundation for future
research efforts in modelling T.

The values of a reported in the literature are highly variable between
and within species. Ball (1988) reported that a varied in a wide range
between 2.4 and 16.4 across a variety of C3 and C4 species. By fitting the
BWB-Leuning equation to a dataset of eight forest types ranging from
tropical to boreal trees, Medlyn et al. (2011) reported that a varied from
4.55 to 15.27. Particularly for C3 vegetation, a number of studies
(Collatz et al., 1991; De Pury, 1995; Leuning, 1990) showed that a had a
mean of 10.0, and a standard deviation of 2.0. Variation in growth
temperature and CO; concentration may also cause large variations in
the value of a (Bunce, 1998; Bunce, 2004; Miner et al., 2017). As there is
little information on how a varies with species and growing conditions,
we assumed here that a was a constant with a value of 10. However,
more research is needed to better understand the response of a to vari-
ations in abiotic and biotic factors.

6. Conclusions

In this study, a SIF-based T estimation model was developed to
mechanistically approximate Ape in the BWB-Leuning equation to
constrain Gce as a key input for the PM modelling framework. The pro-
posed model generally yielded good estimates of T for ecosystems with a
dense canopy: the modeled Tgp using satellite inputs and gridded
meteorological data explained >70% of the Tgc variations for most
forest types, 68% for croplands, and 72% for grasslands at the daily
scale. Our results showed that Tgr accounted for 32.36% of precipitation
over vegetated land areas with valid data during the period 2019-2020.
On a daily basis, VPD, rather than SWC, had the dominant role in
determining dryness stress on both Gc and Tgr over most vegetated
areas. Compared with previous T modelling efforts, our model has one
major advantage: it mechanistically converts satellite SIF observations
into Apet, and so ingests more physiologically based information to
constrain G, and, eventually, T at a large scale. With these important
improvements, the present model better unleashes the potential of SIF in
modelling T, and thus advances our understanding of terrestrial carbon
and water cycle feedbacks to climatic changes.
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Appendix A. Definitions and methods for the nomenclature used in this study

Symbols Definition Unit Method
T Transpiration g m2s! Eq. (1)
R, Net radiation Wm2 Observed
G Soil heat flux Wm? Eq. (1)

P Density of dry air kg m3 1.2

Cp Specific heat capacity of air Jkgtec! 1013
VPD Atmospheric vapor pressure deficit kPa Observed
&a Aerodynamic resistance for heat and water vapor ms~! Eq. (S1a)
G, Canopy conductance to transpired water vapor ms! Eq. (2)
Ay Latent heat of vaporization kJ kg ! 2450

G, Residual conductance molm 257! 0.01

fw Soil water content dependent function / Eq. (20)
Anet Net photosynthetic rate pmol m 257! Eq. (4)
Cs Leaf surface CO5 concentration pmol mol ! Eq. (2)

G MoDIS Canopy conductance obtained from the MOD16 algorithm (version 6.0) ms~! Eq. (3a)
G? Leaf boundary-layer conductance ms! Eq. (3a)
Gs1 Stomatal conductance per unit leaf area ms! Eq. (3a)
Geu Leaf cuticular conductance per unit leaf area ms~! Eq. (3a)
LAIL Leaf area index Observed
Fyet Water cover fraction % Eq. (3b)
RH Relative humidity % Observed
[ Chloroplastic CO, partial pressure ubar or ymol mol ™! Eq. (4)

Ci Intercellular CO, concentration pumol mol ! Egs. (21)-(23)
r* Chloroplastic compensation point of CO2 pbar Eq. (13)
Dpgy The quantum yield of photochemical quenching in PSII / Eq. (5)
NPQ Nonphotochemical quenching / Eq. (15)
Kpr The ratio between Kp and Kg / 9

SIFToC FULL PSII Broadband canopy SIF flux density emitted by PSII umol m™2 57! Eq. (4)
fesepc The probability that a SIF photon escapes from the PSII light reactions to the top of the canopy / Eq. (19)
& Fraction of total electron transport of mesophyll and bundle sheath allocated to mesophyll / 0.4

Rq Daytime leaf dark respiration umol m2 57! Eq. (12)
ETR Electron transport rate in photosynthesis limited by the electron transport rate umol m™2 57! Eq. (6)
ETRc psnt Electron transport rate limited by the carboxylation rate ymol m 257! Eq. (8a)
PAR Photochemically active radiation umol m~2 57! Observed
frar Photosynthetically active radiation absorption efficiency / Observed
B Partition of energy between the two photosystems / 0.5

Jmax Maximum value of ETR under saturated light pmol m2s7! Eq. (7a)
Tair Air temperature °C Observed
Jimax 25 Jmax at a reference temperature of usually 25 °C pmol m~2 571 Eq. (7b)
Vemax2s Maximum carboxylation capacity of Rubisco at 25 °C ymol m~2 57! Observed
Ac Rubisco activity limited net photosynthesis rate umol m2 57! Eq. (8b)
Vemax Maximum carboxylation capacity of Rubisco umol m2 57! Eq. (11)
o Oxygen partial pressure mol mol ! Eq. (8b)
K. Michaelis-Menten constant of Rubisco for CO» mol mol ! Eq. (9)
Keos Michaelis-Menten constant of Rubisco for CO, at 25 °C mol mol? 270

Eke Activation energy J mol ™! 80,990
Rgas Universal gas constant m>Pamol ' K! 8.3143
K, Michaelis-Menten constants of Rubisco for Oy mol mol ! Eq. (10)
Koos Michaelis-Menten constants of Rubisco for O, at 25 °C mol mol ™! 165,000
Exo Activation energy J mol ™! 23,720
Evemax Activation energy J mol ! 65,330
Erd Activation energy J mol ™! 46,390
Sc/o Relative CO,/0, specificity factor for Rubisco bar bar~! Eq. (14)
Esc/o Activation energy Jmol ! —24,460
Dpsi1_max Maximum photosynthetic yield at the fully dark-adapted photosystems / 0.8

fesu ChIF contribution from PSIT % Eq. (17)
Dr psi The fluorescence yield in PSII at the steady-state condition / Eq. (18)
Dgo psit The minimum fluorescence yield with a maximum proportion of open PSII reaction centers / 0.02

Kp The rate constant for constitutive heat loss / 0.9

Kr The rate constant for fluorescence emission / 0.1

Os Measured soil water content of top 100 cm soil layer m3m3 Observed

(continued on next page)
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(continued)

Symbols Definition Unit Method
O Soil water content at the field capacity of the top 100 cm soil layer / Eq. (20)
Ow Soil water content at wilting point of the top 100 c¢m soil layer / Eq. (20)
Ca Ambient air CO partial pressure ymol mol Eq. (21)
G co2 Stomatal conductance for CO, at canopy scale ms~ Eq. (22)
8l Leaf-scale boundary layer conductance ms~! Eq. (S1a)
c Stefan-Boltzmann constant Wm 2K 5.6700e-08
Ryeg Vegetation far-red reflectance / Eq. (S3)
ip Canopy interceptance / Eq. (S5)
w Leaf albedo / Eq. (19)
SZA Solar zenith angle ° Eq. (S4)
CI clumping index / Eq. (S5)

Appendix B. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2024.113998.
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