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A B S T R A C T

By utilizing continuous measurements of water fluxes and solar-induced chlorophyll fluorescence (SIF) over the
entire growing season, we exploit the potential of broadband SIF in predicting plant transpiration (T) in a
temperate forest. After reconstructing the full SIF spectrum from the selected absorption lines and simulations
from the SCOPE (Soil Canopy Observation Photochemistry and Energy fluxes) model, linear regression (LR) and
Gaussian processes regression (GPR) models are used to analyze the relation between T and combinations of
different SIF bands. We find that SIF emissions in the near-infrared spectrum (at 720 nm, 740 nm and 760 nm)
are more sensitive to T than SIF emissions in the red spectrum (at 685 nm and 687 nm). While conditions such as
light and heat stress decouple the relationship between single-band SIF and T, the combination of different SIF
bands allows the retrieval of reliable T estimates even in these conditions. Overall, we find that the use of SIF as a
proxy for T yields estimates that are at least as accurate as those from traditional transpiration models such as the
Penman-Monteith equation, which are input demanding and complex to apply to in situ and satellite data.
Specifically, we find that (1) the SIF-T relationship deteriorates when Photosynthetically Active Radiation (PAR),
vapor pressure deficit and air temperature exceed biological optimal thresholds; (2) a high leaf area index exerts
a negative impact on the SIF-T correlation due to increasing scattering and (re)absorption of the SIF signal; (3)
the SIF-T relationship does not change depending on the observation time during the day; and (4) temporal
aggregation to days further enhanced the SIF-T correlations. Altogether, our results provide the first ground-
based evidence that SIF emission has potential to be a close predictor of plant transpiration, especially when a
combination of different SIF bands is considered.

1. Introduction

In terrestrial ecosystems, most of the Absorbed Photosynthetically
Active Radiation (APAR) is consumed by plants in photosynthetic ac-
tivities and non-photochemical quenching (NPQ) processes. The rest is
reemitted by chlorophyll (Chl) molecules at a longer wavelength, re-
sulting in a subtle glow of energy in the visible and near-visible part of
the spectrum that is commonly referred to as solar-induced chlorophyll
fluorescence (SIF). Although amplitude of SIF varies in the range of
640–850 nm depending on plant physiological conditions, environ-
mental stress, and canopy structure, plants in general show two peaks in
SIF emission: one in the red spectral region (640–700 nm), with a

maximum near 685 nm (SIFred), and the other in the near infrared re-
gion, with a peak around 740 nm (SIFNIR). These different SIF spectral
regions contain valuable signals on the photosynthetic process and its
responses to environmental conditions (Franck et al., 2002). For ex-
ample, SIFred is more related to the photosystem II (PSII), while large
part of SIF emission in the near-infrared region (SIFNIR) comes from the
contribution of both photosystem I (Psi) and PSII (Baker, 2008;
Papageorgiou & Govindjee, 2004). The dynamics of SIF are mainly
driven by PSII photochemistry because the contribution of fluorescence
from Psi is generally weak and remains constant, thus SIFred is expected
to hold a stronger correlation with photosynthesis (Genty et al., 1990;
Palombi et al., 2011).
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However, most of recent studies exploited only one SIF band, mostly
in the 730–770 nm window, largely because of the strong absorption
line by O2 in the atmosphere (The O2-A band) making it relatively easy
to record. Because of the reabsorption of the fluorescence within the
canopy, SIF emitted in the red region has seldom been exploited (Joiner
et al., 2016). SIF emission at 760 nm has been shown to be correlated
with gross primary productivity (GPP) in both forest and crop ecosys-
tems (Damm et al., 2010, 2015; Guanter et al., 2014; Zhang et al., 2014;
Guan et al., 2016; Yang et al., 2015 ; Yang et al., 2017), and SIF at
740 nm has been shown to be sensitive to plant water stress (Perez-
Priego et al., 2005; Lee et al., 2013) and herbicide application (Rossini
et al., 2015). Only recently, model-based studies investigated the re-
lationship between full SIF emission and different environmental fac-
tors (Verrelst et al., 2016; Zhang et al., 2016), showing that SIF bands
have different sensitivities to biochemistry and leaf/canopy variables,
and that a combination of these bands could yield a closer diagnostic of
plant photosynthetic activity (Zhang et al., 2016).

Although the global terrestrial water cycle is dominated by tran-
spiration (T) (Jasechko et al., 2013), T remains one of the most un-
certain and elusive hydrological variables at global scale (Dolman et al.,
2014). This is due to the impossibility to measure this flux directly from
space and the scarcity of global in situ measurements (Fisher et al.,
2017). Most eddy covariance-based water flux studies combine T and
evaporation into evapotranspiration (ET), an aggregated process of
physical and biological processes, obscuring environmental controls on
T (Tang et al., 2006). For example, the influence of stomatal con-
ductance on the simultaneous uptake of CO2 for photosynthesis and
release of vapor through transpiration couples the terrestrial carbon
and water cycles, thus variations in T are expected to closely relate to
the photosynthetic machinery (Sellers et al., 1985; Jarvis and Davies,
1998) and possibly SIF, while evaporation from soils does not contain
such direct link. In fact, several studies based on satellite-derived SIF
datasets have already shown significant declines in both SIF and T

during severe drought events (Lee et al., 2013; Sun et al., 2015; Yoshida
et al., 2015). Because SIF can be derived from satellite observations
(Frankenberg et al., 2012, 2014; Guanter et al., 2012, 2013; Joiner
et al., 2016) subject to dedicated space missions in the near future
(Mohammed et al., 2012), finding a mechanistic relation between T and
SIF may help revisit the study of large-scale hydrology.

Nevertheless, the relation between SIF and T is expected to respond
to a variety of environmental factors, including water and light use
efficiency (Alemohammad et al., 2017), and as such, it is potentially
ecosystem-specific. Consequently, a study of the relationship between
SIF and T based on real measurements is crucial: to the authors'
knowledge, the present is the first study targeting this objective. Based
on continuous measurements of SIF and T for a temperate mixed forest
in the USA, we exploit the potential of the single SIF bands and their
combinations in predicting T under different environmental conditions.
Specifically, (1) the relationships between T and the selected individual
SIF bands are analyzed using linear regressions, (2) the correlation
between T and the combinations of the SIF bands is explored, (3) a
nonlinear machine learning regression model is used to explore the full
capacity of individual SIF bands and their combination for estimating T,
and (4) the impacts of physiological and environmental factors on the
SIF-T relationship are examined.

2. Materials and methods

2.1. Site description

This study is conducted in a mixed hardwood forest located in the
Harvard Forest, Petersham, Massachusetts, USA (42°32′07.2″N
72°11′23.4″W). The site has the main species being American beech
(Fagus grandifolia Ehrh), red oak (Quercus rubra L.) and red maple (Acer
rubrum L.) – a mean stand age of about 80–100 years, and a mean ca-
nopy height of approximately 20–24m. The soil is fine sandy loam on

Fig. 1. The locations of the selected SIF spectral features including the SIF emission in the O2-B (SIF687), H2O (SIF720) and O2-A (SIF760) absorption lines, the three spectral integration
(SIFleft, SIFright and SIFtotal), the two SIF emission peaks in the red (SIFred) and near infrared (SIFNIR) region and the valley (SIFValley) between them in a reconstructed SIF spectrum. Note
that shapes of SIF spectrum vary in response to environment conditions. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article).
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glacial till, classified as a well-drained typic Dystrochrept, and the cli-
mate is a cool and moist temperate continental. In 2014, when the SIF
measurements were performed, the mean daily air temperature (Tair)
was 6.8 °C and showed a large variation, ranging from a minimum of
−17.9 °C on January 3th 2014 to a maximum of 23.0 °C on July 23th
2014. Accordingly, vapor pressure deficit (VPD) was larger in the
summer, with a maximum daily mean of 1.7 kPa on May 12th 2014 and
a winter minimum below 0.2 kPa. The volume of precipitation in 2014
was 1283mm, which has higher than the long-term (1950–2015)
average of 1050mm/yr at the site.

2.2. Instrumentations and measurements

Following the SIF observation techniques developed by Yang et al.
(2015), we measure canopy-level SIF with a spectrometer (HR2000+,
OceanOptics, Inc., Dunedin, Florida) mounted 5 meters above the top of
the forest canopy. The spectrometer has a field of view (FOV) of 25
degrees and a spectral resolution of 0.13 nm (full width at half max-
imum, FWHM), covering the range from 678.6–775.6 nm, thus in-
cluding three absorption lines: O2-B, Water Vapor and O2-A – see Fig. 1.
Two fiber optics are connected with the spectrometer by the shuttle
(FOS-2× 2-TTL, OceanOptics, Inc). One fiber optic with a cosine cor-
rector (CC-3, OceanOptics, Inc) points to the sky and collects down-
welling incident irradiance, and the other fiber optic points toward the
top of forest canopy to measure canopy upwelling radiance. During the
growing season (May–September), the spectrometer is set to take
measurements of upwelling and downwelling radiation every 5min
from 6:00 to 18:00. The dark current is also corrected every 5min. We
refer to our previous studies (Yang et al., 2015; Yang et al., 2017) for a
more detailed description of the instrumentation. Leaf Area Index (LAI)
is also measured using a LAI-2000 Plant Canopy Analyzer (LI-COR,
Lincoln, NE, USA) during the morning of cloudy days. Daily LAI values
are collected regularly during the leaf expansion (May and June) and
senescence periods (September and October), and at monthly scales in
the mature period (July–August). We used a Soil Plant Analysis De-
velopment (SPAD)-502m (Spectrum Technologies, Aurora, IL, USA) to
measure leaf chlorophyll concentration every two weeks during the
growing season (day of year (DOY) 168–260) and every day during the
spring (DOY 133–167) and autumn (DOY 261–301) seasons.

Turbulent fluxes of latent heat (λE) are measured simultaneously
using the eddy covariance (EC) method (Wofsy et al., 1993; Baldocchi,
2003) at a site located about 1.5 km from the SIF measurements, and
which is exposed to very similar vegetation, climate and soil conditions.
We use hourly data products which have been gap-filled, flux-parti-
tioned and u*-filtered (Reichstein et al., 2005). The latent heat records
have a gap from July 17th to August 21th in 2014 which are filled using
an artificial neural network trained with the hourly λE, Tair, wind
speed, Photosynthetically Active Radiation (PAR), net radiation (Rn),
VPD, precipitation, soil moisture and λE during 2013–2015. The half-
hour direct/diffuse incoming radiation, precipitation, PAR and Tair are
also collected at the tower. Given the density of the forest, it is assumed
here that the variability of λE responds to changes in transpiration only.
To account for the influence of evaporation, we exclude times when
precipitation exceeds 1mm/h and the two hours after these events. The
eddy covariance data were downloaded from the Harvard Forest web-
site (http://harvardforest.fas.harvard.edu/data-archives).

2.3. Reconstruction of full-wavelength SIF

After converting digital number (DN) values measured by the SIF
sensor into physically meaningful variables, two steps are still needed
to reconstruct the full SIF spectrum: (1) to retrieve the SIF radiance at
selected absorption lines, and (2) to generate the whole SIF spectrum
from the retrieved SIF signal at the absorption lines (see below). A
scheme of the processing steps is given in Fig. 2. Within the spectral
range of our SIF sensor, upwelling radiance consists of emitted SIF, but

mainly of reflected solar radiation. In the measured spectral range,
several Fraunhofer lines and telluric oxygen absorption lines of the
solar spectrum – hereafter simply referred to as absorption lines
(Plascyk and Gabriel, 1975) – can be used to disentangle the emitted SIF
radiance (Meroni et al., 2010). Here, we use two oxygen bands (O2-A
centered at approximately 761 nm, and O2-B centered at approximately
687 nm) and a water vapor band (H2O centered at 720 nm). The central
wavelengths (i.e. the spectral positions of the maximum absorption)
and spectral ranges of the three absorption lines are illustrated in Fig. 1.
First, the Spectral Fitting Method (SFM) based on polynomial functions
(Meroni and Colombo, 2006; Meroni et al., 2010; Zhao et al., 2014) is
used to extract the SIF signals in these three absorption lines. In this
study, SFM is set so that the two components can be expressed by
Taylor polynomials with the terms of second order in each absorption
line – see Zhao et al. (2014) for the detailed steps in the application of
the SFM method.

In this study, we use the SCOPE (Soil Canopy Observation
Photochemistry and Energy fluxes) model (Version 1.51, Van der Tol
et al., 2009, 2014) to simulate the full SIF spectrum. SCOPE is a vertical
(1-D), integrated radiative transfer and energy balance model that uses
leaf, canopy, soil and climate variables as inputs to estimate photo-
synthesis processes and radiative and energy fluxes at both leaf and
canopy scales (Verrelst et al., 2016). A total of 1000 model ensembles
were generated with SCOPE by perturbing 15 critical model parameters
– see Zhao et al. (2014). The use of SCOPE may introduce some un-
certainties since the model only considers 1-D vertical radiative transfer
in canopy and it has no capability to estimate the effects of illumination
and shadows from adjacent objects such as neighboring tress crowns.
The dense canopies in our site may lead to a bias due to the assumption
of homogenous canopy used in SCOPE (Jacquemoud et al., 2009). Also,
SCOPE uses the semi-empirical relationships in calculating photo-
synthesis, stomatal regulation and non-photochemical quenching pro-
cesses which were empirically calibrated from measurements, and that
may be different for different species and environmental conditions
(van der Tol et al., 2014). Here, we directly used the default parameters
in SCOPE without considering the variations in these parameters, which

Fig. 2. Flowchart of the framework followed to reconstruct the full SIF spectrum. Boxes
with blue solid lines represent inputs/outputs, and boxes with blue background show
methodological steps. DN, SFM and SVD stand for digital numbers, the Spectral Fitting
Method and the Singular Vector Decomposition, respectively. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this
article).
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would cause uncertainties in our model simulations.
Then the Singular Vector Decomposition (SVD) technique (Guanter

et al., 2012, 2013) is used to extract three basis spectra from the
SCOPE-simulated SIF emission, which are assumed to represent all
possible broadband SIF spectral emissions under natural conditions.
The coefficients of these singular vectors are then determined by
minimizing SIF radiance differences between the predicted SIF emission
(singular vectors+ coefficients) and the retrieved SIF emission by the
SFM in the three selected absorption lines. Note that determining the
coefficients of these singular vectors actually means selecting the full
SIF spectrum from the simulated dataset that has the most similar
condition to that when the observations (radiance+ irradiance) are
recorded.

Finally, due to variability in environmental factors, and especially
cloudiness and irradiance, the SFM may result in negative values in
some absorption lines (Yang et al., 2015). In this case, we exclude ab-
sorptions lines with negative SIF radiance when reconstructing the full
SIF spectrum. As the number of absorption lines should be larger or
equal to the number of basis spectra, the latter is reduced accordingly in
reconstructing the full SIF spectrum when absorption lines are ex-
cluded. If negative SIF occurs at more than one absorption line, the
corresponding irradiance and radiance observations are considered to
be of poor quality, and hence the full SIF spectrum is not reconstructed
from these observations. From the period May–July 2014, 15,135 in-
stantaneous radiance/irradiance observations were available, and the
SFM yields 6,219, 11,207 and 13,393 SIF radiance estimates in the
absorption lines in O2-A, H2O and O2-A, respectively. Finally, 6858 full
SIF spectrum are successfully reconstructed, with 5318 of them being
reconstructed based on all three basis spectra. See the more details in
the Supporting information.

2.4. The features of the SIF bands used in the analyses

The reconstruction of the full broadband SIF spectrum allows us to
jointly exploit the performance of several SIF bands in estimating T. We
used the following single SIF bands and spectral ranges in the regression
analysis: (1) SIF retrieved in the three absorption lines i.e. O2-B
(686.7 nm, SIF687), water vapor (719.5 nm, SIF720) and O2-A (760.6 nm,
SIF760); (2) the two SIF emission peaks, the first one located in the red
region (SIFred) and the second in the near-infrared region (SIFNIR); (3)
the mid-valley between the two peaks (SIFvalley); and (4) the SIF
emission at 740 nm (SIF740). These bands are illustrated in Fig. 1. In
addition, we further analyzed the potential to estimate T of the fol-
lowing combinations: (1) the ratio between O2-B and O2-A (SIF

SIF
687
760

) and

the ratio of the two peaks ( SIF
SIF

red
NIR

); (2) SIF687 and SIF760 together; (3)
SIF687, SIF720 and SIF760 together; (4) SIFred and SIFNIR together; (5)
SIFred, SIFNIR and SIFvalley together; and (6) the integration from 640 nm
to SIFValley (SIFleft), from SIFValley to 850 nm (SIFright) and from 640 to
850 nm (SIFtotal). The choice of these (combinations of) bands is not
arbitrary, as some of them have already been shown to correlate to
plant physiological conditions; as an example, SIFred is related to PSII
(Papageorgiou & Govindjee, 2004), SIFNIR reflects activities of both Psi
and PSII (Baker, 2008), SIF

SIF
red
NIR

is closely related to chlorophyll content
and plant status (Hak et al., 1990; Pedros et al., 2010), SIF740 nm from
space-based platforms has been applied to monitor drought-induced
stress on vegetation (Lee et al., 2013; Sun et al., 2015).

2.5. Regression models to link SIF to transpiration

Two types of regression models are used to explore the links be-
tween the above (combinations of) SIF bands and T: (1) a linear re-
gression (LR) assuming linear correlations, (2) a Gaussian-processes
regression (GPR) (Rasmussen and Williams, 2006) to uncover nonlinear
relationships. Recently, GPR has been used in remote sensing for sev-
eral applications – such as extracting vegetation bio-geophysical

properties (Pasolli et al., 2010; Lazaro-Gredilla et al., 2014; Verrelst
et al., 2012; Camps-Valls et al., 2016), image classification (Bazi and
Melgani, 2010) and crop land monitoring (Campos-Taberner et al.,
2016) – and it has been reported to outperform other machine-learning
models, such as neural networks and support vectors, on these appli-
cations (Verrelst et al., 2015a,b). Here, the potential of SIF to estimate T
is quantified using the coefficient of determination (R2) obtained from
these regressions, considering the measurements of λE during dry days
as target variable. The regressions are implemented based on hourly
time series. To this end, instantaneous SIF measurements in the selected
SIF bands (and their combinations) are aggregated to hourly resolution,
and T is also averaged to hourly scales from the original 30-min mea-
surements of λE. To test for overfitting, a split is made into two groups
during the regression analysis: (a) a training dataset containing 60% of
all observations (6858) randomly selected, and (b) a testing dataset
containing the remaining 40% used to test the performance of the
predictions. Because the R2 achieved for both samples are of similar
magnitude (see the Supporting information), which suggests the in-
existence of overfitting, the results presented in Section 3 refer to re-
gressions performed for the entire data record.

2.6. Calculation of transpiration based on traditional process-based models

Penman (1948) presented a model of latent heat flux based on solar
radiation, air temperature, wind speed and relative humidity. It did not
link the flux to land conditions, but parameterized it based on the state
of the atmosphere only. Then, Monteith (1965) introduced in Penman’s
equation the formulation of surface resistance, leading to the most
widely-used approach to estimate transpiration (T, kgm−2 s–1) in ve-
getated surfaces over the following fifty years:

=
+

+ +( )
T

Δ R G

λ Δ γ γ

( – ) ρ c VPD
r

r
r

n
a p

aH

c
aH (1)

where Δ is the slope of the curve relating temperature to saturated
vapor pressure (Pa K−1), Rn the surface net radiation (Wm−2), G the
ground heat flux (Wm−2), ρa the air density (kg m−3), cp the specific
heat of air (J kg−1 K−1), VPD the vapor pressure deficit (Pa), λ the
latent heat of vaporization (J kg−1), γ the psychrometric constant
(Pa K−1), rc the canopy resistance of water transfer (s m−1) and raH the
resistance of heat transfer to air (s m−1). Because G was not measured
at the tower, it is considered as a fixed fraction of Rn (see e.g. Kustas
and Daughtry, 1990) and approximated by the slope of the regression
line of Rn versus λE+H, yielding the function G=0.14 Rn.

The most challenging step on the application of Monteith's equation
is the calculation of the resistances (rc and ra). Here, rc is calculated as a
static parameter and optimized for our site, aiming to minimize the
long-term bias between modelled and measured T. During the mea-
surement period, the volumetric soil moisture levels remain high
(37.3 ± 5.1%), implying no water stress and T close to potential rates.
Only data taken between 07:00 and 18:00, from May until September
2014 are used, and measurements obtained within two hours after the
last rain event were filtered out to avoid wet canopies, thus following
the same criteria applied to the SIF data. This yielded a value of
rc= 228.5 s m–1. Regarding raH, it is here calculated as:

⎜ ⎟= + ⎡
⎣⎢

⎛
⎝

⎞
⎠

+ − ⎤
⎦⎥

r u
u k u

ln z
z

Ψ Ψ1
aH

*
2

*

0

h
m h

(2)

where u is the wind speed (m s–1), u* the friction velocity (m s–1),
k= 0.41 is the Von Karman constant, z0 and zh the roughness lengths
for momentum and sensible heat transfer (m), respectively. Here, u and
u* are measured at the towers, and a value of ( )ln z

z
0
h

=8 is considered
after Rigden and Salvucci (2015). Ψm and Ψh are the Businger-Dyer
stability functions for momentum and heat, respectively, and are cal-
culated for neutral, stable and unstable conditions using the formula
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provided by Garratt (1992) as a function of the ratio of (z–d) over L,
with z being the instrumentation height (29m), d being the zero dis-
placement height (calculated following Brutsaert (1982) as d=0.66 h),
and h being the vegetation height (here h=24m). Finally, L (m) is the
Monin-Obukhov length calculated as a function of u*, air temperature,
specific humidity, and the sensible heat flux (Brutsaert, 1982).

Inspired by Monteith's formulation, Priestley and Taylor (1972)
developed a simpler equation for the estimation of latent heat flux in
saturated grasslands. An empirically-derived constant factor (α) elim-
inates the requirement of information about the properties and condi-
tion of the surface. For vegetated surfaces, the estimation of T becomes
feasible when only information about radiation and near-surface air
temperature. Nonetheless, as in Penman’s (1948) equation, the surface
is again assumed to have little control over T. Here, we adopt Priestley
and Taylor's original formulation:

=
+

T α R G Δ
λ Δ γ

( – )
( )n

(3)

As for rc, here α is calculated as a static parameter and optimized
based on the times with SIF recordings, aiming to minimize the long-
term bias between modelled and measured T. This yielded a value of
α =0.61.

3. Results and discussion

3.1. Performance of SIF in predicting T

3.1.1. Temporal patterns during 2014
The LAI experienced a steep rise in May, doubling its magnitude in a

matter of just one month, and then growing more slowly to a summer
peak of 4.2m2m−2 (Fig. 3a); then it maintained a high value for about
one month prior to starting leaf senescence in September. The leaf
chlorophyll concentration (Yang et al., 2017) generally followed the
LAI pattern and increased substantially at the beginning of the growing
season, to remain stable with values around 38 μgm−2 during sum-
mertime; then it decreased during the senescence period (Fig. 3a).
While the development of leaves did not exactly coincide with changes
in leaf chlorophyll concentration (with the latter experiencing a more
prolonged plateau of high values), the overall temporal patterns of both
variables agree reasonably well (Fig. 3a). The T during the growing
season showed a daily mean of 5.2 mm day−1, with high values of daily
T typically occurring in summertime, especially in July (Fig. 3b).
During the period of LAI increase in spring, T variability was high,
following changes in atmospheric forcing (e.g. cloudiness), while
during the dormant season both daily mean and variance progressively
decayed (Fig. 3b).

The dynamics of the SIF time series were similar to those of LAI and
leaf chlorophyll concentration. The mean daily SIF emission in the red
spectral region, including SIF687 and SIFred, increased very rapidly
during spring, but started to decline earlier during the summer
(Fig. 3c). SIF687 and SIFred reached a maximum of 0.15 and
0.27mWm−2 sr-1 nm−1, respectively, both during mid-June. The SIF in
the NIR region, including SIF760 and SIFNIR, showed similar seasonal
trajectories but had a larger range and variability (Fig. 3d). The SIF
peak in the near infrared region (SIFNIR) reached over 2.0 mWm−2 sr-
1 nm−1, which was 10 times higher than those in the red region
(Fig. 3d). Note that there were fewer observations of SIF687 than of
SIF760, given that chlorophyll (re)absorption may cause additional
difficulties in retrieving SIF687.

3.1.2. T estimates based on single SIF bands
Table 1 summarizes the predictive strength of the selected single SIF

bands in estimating T. All the regression coefficients are significant
(p < 0.05). The overall sensitivities of these selected SIF bands to T are
assessed using all 6858 hourly observations having the full SIF spec-
trum. Overall, SIF shows significant linear correlations with T: four

single SIF bands including SIF720, SIF760, SIF740 and SIFNIR explain>
60% of variance in T on their own (Table 1). SIF emission in the water
vapor band (SIF720) had the highest correlation coefficient, R2= 0.64.
In contrast, SIF signals in the red spectral region are less effective at
predicting T (Table 1). Although previous model-based studies have
shown that red SIF bands are strongly related to GPP (Verrelst et al.,
2016; Zhang et al., 2016), our result suggests that (re)absorption effects
in the red region may play an important role. SIFValley is less good as a
predictor than the four individual SIF bands, though it shows a slightly
superior performance than the two red bands (SIF687 and SIFred)
(Table 1). Results using the GPR model demonstrate only a modest
increase in performance, with SIF720 being still the one holding a
stronger correlation to T (R2= 0.66) (Table 1). This suggests that the
relationship between SIF and T is largely linear.

These observations are then clustered into different groups based on
their incoming radiation (see next) to investigate how radiation sa-
turation and cloudy conditions affect the SIF-T correlations (Table 1).
Based on the relationship between T and PAR (Fig. S1a), 1200 μmol
photons m−2 s−1 is selected as the radiation saturation point, and the
fraction of diffuse PAR is used to separate sunny and cloudy conditions
using a threshold of 0.5. This reveals the impact of PAR saturation:
when PAR reaches saturation, no SIF band shows a R2 higher than 0.4,
and the bands in the red region do not even reach 0.2 (Table 1). Con-
versely, a larger fraction of diffuse solar radiation favors the SIF-T
correlation: under cloudy conditions, SIF720, SIF760, SIF740 and SIFNIR
show R2 > 0.60, while in sunny conditions all the SIF bands show
weaker correlations with T (Table 1). Once again, the use of GPR did
not provide substantially higher correlations than the linear method.

In summary, the above results suggested that: (1) all SIF bands
correlate positively and significantly with T, (2) SIF720, SIF760, SIF740
and SIFNIR correlate more strongly (in particular SIF720), (3) the po-
tential of red SIF bands to estimate T is lower, likely due to (re)ab-
sorption effects (see also Section 3.2.3), (4) the relationship between
each individual SIF band and T appears to be largely linear, and (5) the
SIF-T correlations derived from single SIF bands are lower when PAR
was saturated and higher when the fraction of diffused radiation in-
creases.

3.1.3. T estimates combining multiple SIF bands
The performance of the combined SIF bands in predicting T is

summarized in Table 2. Even though previous studies showed that SIF
SIF

687
760

and SIF
SIF

red
NIR

was highly correlated with leaf chlorophyll content (Hak
et al., 1990; Pedros et al., 2010), here the connection of these ratios to T
appears weaker (R2 < 0.3). As seen in Table 2, the combination of
information from the two oxygen bands (SIF687 and SIF760) and of all
the three bands together (SIF687, SIF720 and SIF760) produces the best
overall performance. The two combinations including SIFNIR (i.e. SIFred
and SIFNIR; SIFred, SIFNIR and SIFValley) did not clearly demonstrate
higher explained variance of T over the use of SIFNIR only. On the
contrary, SIFred shows a better performance when combined with other
bands, largely due to the fact that its individual skill is lower as dis-
cussed in Section 3.2 (Tables 1 and 2). In addition, the integration in the
full SIF wavelengths (SIFTotal) had better predictive power than the
integrations in the left- or right-hand-side of the SIF spectrum (SIFleft
and SIFright, respectively). Nonetheless, under favorable conditions of
no radiation saturation and high diffuse radiation, combining different
SIF bands does not lead to substantial improvements: the highest R2

provided by the spectral combinations are 0.58 and 0.66 under no PAR
saturation and cloudy conditions, respectively, whereas the counter-
parts using the single SIF bands are 0.56 and 0.64, respectively (Tables
1 and 2).

As for the use of single SIF bands, the nonlinear GPR model provides
rather moderate gains in R2 when applied to the combinations of bands
(Table 2). However, when PAR saturation or sunny conditions are
considered in isolation, the LR fails to explain the variability of T from

X. Lu et al. Agricultural and Forest Meteorology 252 (2018) 75–87

79



the multiple spectral combinations (the best R2 only increases by 0.01
compared to the use of single SIF bands), while the GPR model largely
enhances the performance: the combination of SIF687, SIF720 and SIF760
can explain 64% and 66% of variance in T, even during these periods of
unfavorable conditions (Table 2). Therefore, our findings suggest that:
(1) a combination of SIF687, SIF720 and SIF760 is sufficient to estimate T
reliably, (2) the relationship between SIF and T becomes highly non-
linear under PAR saturation, and (3) under favorable conditions (no
PAR saturation, cloudy skies), combining different SIF bands has rela-
tively small advantages over using single bands in the estimation of T.

3.1.4. Comparison toT estimates from traditional process-based models
Fig. 4 provides an overview of the correlations and RMSE for a

selected SIF-approach (the combination of SIF687, SIF720 and SIF760),
the Penman-Monteith model and the Priestley and Taylor model.
Overall, the performance of the SIF-based approach is superior to the
process-based models, showing higher correlations (R2=0.65) than the
Priestley and Taylor (R2=0.48) and Penman-Monteith (R2=0.42)
and lower RMSE (45.9Wm−2, versus the 59.6Wm−2 and 64.6Wm−2

of Priestley and Taylor and Penman-Monteith, respectively). In addi-
tion, while the scatterplot seems to indicate a rather linear relation
between the SIF-based transpiration estimates and the measured T. it
can be that at high values the regression model underestimates the in
situ measurements, suggesting a non-linear relation for high transpira-
tion rates. Because remotely sensed datasets usually use cloud fraction
to filter out low-quality data, we also calculate a clearness index (K, Gu

Fig. 3. The time series of daily chlorophyll content (ug m−2) and LAI
(m2m−2) (a), day mean T (mm day−1) (b), daily mean SIF687 (O2-B)
and SIFred (mWm−2 sr−1 nm-1) (c), and SIF760 (O2-A) and SIFNIR
(mWm−2 sr−1 nm−1) (d).
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et al., 1999) at the site (Fig. S2), and only use data when K > 0.8 to
build a SIF-based model (SIF687, SIF720 and SIF760). Although the per-
formance decreases (R2=0.59 and RMSE=31.9Wm−2), it is still
superior to the two traditional process-based models and less input
demanding.

3.2. Impacts of environment factors

Many previous studies (Verrelst et al., 2015a, b; Vilfan et al., 2016)
have already shown that increase in NPQ associated with unfavorable
environmental conditions may lead to weak SIF-GPP correlations. Also,
a recent model-based study (Zhang et al., 2016) evaluated the impacts
of observation time and aggregation in time step on affecting the power
of SIF in predicting GPP. Note that photosynthesis is closely coupled
with T, hence SIF-T correlations are expected to be affected by these
factors as well. In this Discussion section, we analyze how the SIF-T
correlates respond to the different factors including air temperature,
vapor pressure deficit, LAI, observation time, time scale.

3.2.1. The effects of air temperate on the correlations between SIF andT
To analyze the influences of Tair on the SIF-T relationships, hourly

air temperature between 7 a.m. and 6 p.m. local time were separated
into three groups based on their relationship with T (Fig. S1b): (1) low:
Tair < =14 °C, (2) medium: 14 °C < Tair < 22 °C and (3) high:
Tair > =22 °C. Overall, the SIF-T correlations decrease with increasing
Tair (Fig. 5). In the low Tair group, all the selected single SIF bands can
explain more than 50% of variance in T. Among them, SIF760 and SIF740
are the two best predictors with an R2 of 0.59 and 0.68 for the LR and

GPR, respectively (Fig. 5a and b). The band combinations demonstrate
further improvements: all four combinations had R2 > 0.6 and> 0.7
for LR and GPR, respectively (Fig. 5a and b). In the medium Tair group,
the R² for SIF720 is> 60%. The band combinations again produce the
stronger SIF-T relationships: the combination of SIF687, SIF720 and
SIF760 shows the best correlations with T with R2 of 0.66 and 0.74 for
the LR and GPR, respectively (Fig. 5a and b).

For high Tair, the SIF-T correlations are considerably weakened: all
the single SIF bands show R2 < 0.35 and the use of GPR only provided
very limited improvements (Fig. 5b). Although the combinations of SIF
bands generally provide better performance in estimating T, this does
not apply to high Tair conditions. The best combination is SIF687, SIF720
and SIF760, yet only shows R2 of 0.35 and 0.45 for LR and GPR, re-
spectively (Fig. 5). In high Tair, plants tend to release more absorbed
energy by heat dissipation (NPQ), which may reflect in lower correla-
tions between SIF and more independent energy balance processes of
plants such as T.

3.2.2. The effects of vapor pressure deficit on the correlations between SIF
and T

The vapor pressure deficit is a diagnostic of the dryness of atmo-
sphere and the atmospheric demand for water. It is important to eval-
uate how the SIF-T relationships respond to water stress, induced either
by low soil moisture or high levels of VPD. We separate hourly VPD
acquired between 7 a.m. and 6 p.m. local time into three groups, based

Table 1
The coefficients of determination (R2) between SIF emission at the selected single SIF
bands and T measurements by using linear regression analysis (LR) and Gaussian pro-
cesses regression (GPR), respectively. All the datasets had a hourly time step and were
from between 7 a.m. and 6 p.m. local time. The subscript “All” represent the analysis
results with all the data. The subscript “Sat” represent the analysis results from the data
measured when PAR was saturated. The fraction of diffuse PAR was used to separate
sunny (subscript “Sunny”) and cloudy (subscript “Cloudy”) conditions: observations were
thought to having cloudy condition when diffuse PAR was higher than 0.5.

SIF687 SIF720 SIF740 SIF760 SIFred SIFNIR SIFValley

LRAll 0.43 0.64 0.62 0.62 0.48 0.62 0.46
GPRAll 0.48 0.66 0.64 0.63 0.51 0.63 0.51
LRSat 0.10 0.37 0.30 0.31 0.15 0.30 0.11
GPRSat 0.16 0.37 0.33 0.35 0.22 0.33 0.18
LRNo Sat 0.40 0.55 0.56 0.56 0.45 0.56 0.42
GPRNo Sat 0.44 0.61 0.61 0.61 0.48 0.61 0.48
LRSunny 0.26 0.50 0.46 0.47 0.31 0.46 0.28
GPRSunny 0.29 0.51 0.47 0.48 0.34 0.47 0.33
LRCloudy 0.45 0.63 0.64 0.64 0.50 0.64 0.44
GPRCloudy 0.51 0.67 0.67 0.68 0.57 0.67 0.53

Table 2
The coefficients of determination (R2) between the combinations of the selected single SIF bands and T measurements by using linear regression analysis (LR) and Gaussian processes
regression (GPR), respectively. All the datasets had a hourly time step and were from between 7 a.m. and 6 p.m. local time. The subscript “All” represent the analysis results with all the
data. The subscript “Sat” represent the analysis results from the data measured when PAR was saturated. The fraction of diffuse PAR was used to separate sunny (subscript “Sunny”) and
cloudy (subscript “Cloudy”) conditions: observations were thought to having cloudy condition when diffuse PAR was higher than 0.5.

SIF687
SIF760

SIFred
SIFNIR

SIF687, SIF760 SIF687, SIF720, SIF760 SIFred, SIFNIR SIFred, SIFNIR, SIFValley SIFLeft SIFRight SIFTotal

LRAll 0.04 0.08 0.63 0.66 0.63 0.63 0.42 0.63 0.62
GPRAll 0.13 0.22 0.64 0.71 0.65 0.65 0.46 0.64 0.65
LRSat 0.10 0.09 0.31 0.38 0.30 0.34 0.13 0.31 0.33
GPRSat 0.18 0.14 0.50 0.64 0.41 0.62 0.22 0.33 0.34
LRNo Sat 0.05 0.08 0.57 0.57 0.58 0.58 0.34 0.56 0.56
GPRNo Sat 0.11 0.20 0.66 0.62 0.62 0.66 0.39 0.61 0.61
LRSunny 0.08 0.07 0.47 0.51 0.47 0.48 0.23 0.47 0.48
GPRSunny 0.12 0.16 0.56 0.66 0.48 0.48 0.26 0.47 0.49
LRCloudy 0.09 0.07 0.65 0.66 0.65 0.65 0.47 0.64 0.64
GPRCloudy 0.15 0.24 0.68 0.75 0.68 0.68 0.53 0.67 0.68

Fig. 4. Scatterplot of measured versus estimated transpiration (Wm–2) based on SIF es-
timates (the combination of SIF687, SIF720 and SIF760) and process-based models. The
correlation coefficient (R2) for each model and the root mean square error (RMSE) are
noted.
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on its relationship with T (Fig. S1c): (1) low: VPD < =0.5 kPa, (2)
medium: 0.5 kPa < VPD < 1.0 kPa and (3) high: VPD > =1.0 kPa.

Results in Fig. 6a and b indicate that SIF-T correlations generally
decrease with increasing VPD. Our LR results shows that the four SIF
bands including SIF720, SIF760, SIF740 and SIFNIR explain more than 50%
of variance in T under low VPD, with R2 being close to 0.6 when the
different band combinations are used (Fig. 6). All these correlations
degrade moderately for intermediate VPD levels (0.5 < VPD < 1.0)
and further decrease when VPD values are high – it must be noted that
high values of VPD are typically associated to both high temperatures
and low soil moisture, conditions that may be detrimental for the cor-
relation between SIF and T. Counterintuitively, the water vapor ab-
sorption band (SIF720) appears as the best suited to estimate T under
high VPD, despite the potentially lower content of moisture associated
to these high VPD conditions – this may not hold during extreme VPD
levels typical of ecosystems suffering from severe drought events (Hill
and Jones, 2000). The GPR model yields substantially higher correla-
tions (Fig. 6b), and the combination of SIFred, SIFNIR and SIFValley still
shows a correlation of R2=0.69 against T for high VPD levels (Fig. 6b).

Although the wet conditions in 2014 did not allow us to fully in-
vestigate the SIF-T relationships under severe drought stress, the cur-
rent data suggest a decreased correlation between SIF-T as VPD in-
creases. One mechanism explaining this behavior may be that Non-
photochemical quenching (NPQ) starts to play a more important role

under stronger water stress conditions, which tends to decouple pho-
tosynthesis activity and energy balance in plants (Atherton et al., 2016).

3.2.3. The effects of LAI in affecting the correlations between SIF andT
The SIF emission in different spectral regions has distinct char-

acteristics as it travels through the canopy: large fraction of SIF emis-
sion in the red zone (640–700 nm) will be (re)absorbed, which is due to
the Chl absorption peak at 681 nm (Buschmann, 2007). On the other
hand, the SIF emission in the longer wavelength range tends to be
highly scattered across the canopy. Although increase in LAI is likely to
enhance canopy-level photosynthesis rates and thus SIF emission, the
amount of SIF emission lost in reabsorption and scattering processes
will also increase, which may lower the correlation between SIF and T.
Our recent study (Yang et al., 2017) showed that the canopy-scale SIF-
GPP relationship contained contributions from both plant optical
properties and canopy structural variables. Therefore, it is also im-
portant to assess how these SIF-T relationships would change under
different LAI values.

Hourly data is separated into six groups according to LAI, and the
results are presented in Tables 3 and 4. Although SIF-T correlations
generally decline with increasing LAI, we also find that this relationship
is not direct. All the single SIF bands, and in particular SIF720, are good
predictors of T with R2 > 0.7 when LAI is relatively low
(2.0 < =LAI < =2.5). This good performance shows that canopy

Fig. 5. The effects of air temperature on the coefficients of determination (R2) between T and SIF emission at the selected single SIF bands (a) and their combinations (b). LR and GPR
represent linear regression analysis and Gaussian processes regression, respectively. The numbers in the parentheses represent air temperature (°C). All datasets have an hourly time
resolution and belong to the period between 7 a.m. and 6 p.m. local time.
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SIF emission is closely correlated to T when the scattering and (re)ab-
sorption effects are limited (Tables 3 and 4). Yet, the R² of the lowest
LAI group (1.5 < =LAI < =2.0) has values that are 0.10–0.20 lower
than those of the medium LAI group. This can reflect two factors: (1)
soil evaporation may have a more important contribution to the

measurements of latent heat flux during periods in which LAI is low,
and (2) low leaf chlorophyll concentration at that stage may cause weak
coupling between SIF emission and plant physiological activities.

Within the general decline trend in R2 as LAI increases, we find that
most of the R2 estimated under LAI in the range from 3.0 to 3.5 were
higher than those when LAI was between 2.5 and 3.0 (Tables 3 and 4).
For example, the R2 between SIF760 and T was 0.71 in the former and
0.47 in the latter for the LR model (Table 3). An explanation for this
phenomenon might be the temporal disparity between leaf chlorophyll
concentration and LAI: although they start to increase at approximately
the same time, it takes a longer period for LAI to reach it maximum
value, thus leaves form about 20 days behind chlorophyll accumulation
when LAI is in the range from 3.0 to 3.5 in spring (Fig. 3a). In addition,
the seasonal decline also occurs sooner for LAI than chlorophyll
(Fig. 3a). Overall, our results showed that higher leaf chlorophyll
content tended to strengthen SIF sensitivity to T, especially in the NIR
spectral region: the correlation between SIF760 and T increases as large
as 0.27 between these two LAI groups, whereas those from SIF687 and
SIFred showed small changes (Tables 3 and 4). Therefore, although high
LAI negatively affects the SIF-T relationships, leaf chlorophyll content
may overwhelm this impact under certain conditions.

Finally, when the LAI is highest (4.0 < =LAI < =4.5), all the
SIF-T correlations derived from the single SIF bands show a clear de-
clining trend (Tables 3 and 4). None of them, can explain more than

Fig. 6. The effects of vapor pressure deficit (VPD) on the coefficients of determination (R2) between T and SIF emission at the selected single SIF bands (a) and their combinations (b). LR
and GPR represent linear regression analysis and Gaussian processes regression, respectively. The VPD ranges were included in the parentheses. All datasets have an hourly time
resolution and belong to the period between 7 a.m. and 6 p.m. local time.

Table 3
The effects of leaf area index (LAI) on the coefficients of determination (R2) between T
and SIF emission at the selected single SIF bands by using linear regression analysis (LR)
and Gaussian processes regression (GPR), respectively. All datasets have an hourly time
resolution and belong to the period between 7 a.m. and 6 p.m. local time.

SIF687 SIF720 SIF760 SIF740 SIFred SIFNIR SIFValley

LR (1.5-2.0) 0.58 0.68 0.57 0.57 0.64 0.57 0.64
GPR (1.5-2.0) 0.68 0.73 0.63 0.64 0.70 0.65 0.66
LR (2.0-2.5) 0.71 0.76 0.79 0.79 0.72 0.79 0.70
GPR (2.0-2.5) 0.76 0.81 0.79 0.79 0.76 0.79 0.76
LR (2.5-3.0) 0.54 0.48 0.44 0.43 0.56 0.43 0.40
GPR (2.5-3.0) 0.68 0.61 0.60 0.60 0.69 0.60 0.66
LR (3.0-3.5) 0.64 0.66 0.71 0.71 0.60 0.71 0.63
GPR (3.0-3.5) 0.66 0.66 0.71 0.71 0.61 0.71 0.63
LR (3.5-4.0) 0.62 0.60 0.64 0.63 0.64 0.63 0.59
GPR (3.5-4.0) 0.69 0.65 0.67 0.67 0.70 0.66 0.65
LR (4.0-4.5) 0.40 0.41 0.36 0.37 0.41 0.37 0.40
GPR (4.0-4.5) 0.47 0.42 0.36 0.37 0.43 0.36 0.43
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50% of variance in T, and the use of GPR only provides marginal im-
provements in these correlations (Tables 3 and 4). This indicates that
the strong (re)absorption and scattering effects associated with dense
canopy exert significant negative effects on the SIF signal measured
remotely. The SIF band combinations yield better correlations with T:
the combination of SIF687, SIF720 and SIF760 can still explain more than
50% of the variability in T when using the GPR model (Table 4). This
suggests that (1) the SIF band combination can provide additional in-
formation to improve the SIF-T correlations under high LAI levels, and
(2) non-linear regression methods are needed to extract this informa-
tion.

3.2.4. Variability in the correlation between SIF andT depending on the time
of the day

Both T and SIF emission show marked diurnal cycles, and the sa-
tellites that observe SIF have various overpass times, that range from
early morning (SCIAMACHY, GOME-2) to later in the afternoon
(GOSAT, OCO2). For a prospective use of remotely-sensed SIF data for
monitoring large-scale T dynamics, it is essential to assess how the SIF-T
relationship changes as a function of the observation time during the
day. For this purpose, we separate hourly SIF emission and T data into
three groups: morning (7–10), midday (10–15) and afternoon (15–18).

Note that T is closely coupled to GPP, and that high air temperature
and light saturation at midday may lead to a deterioration in the SIF-
GPP correlation (Baker, 2008; Porcar-Castell et al., 2014). However, we
do not find a systematically weaker correlation at midday (Fig. 7), but
results that are comparable to those derived over the whole daytime
(Tables 1 and 2). Overall, results suggest that the observation time has a
limited effect on the SIF-T relationship derived from canopy level. If
anything, most variables actually had higher correlations with T at
midday (Fig. 7). Among the selected single SIF bands, SIF720, SIF740,
SIF760 and SIFNIR show a good predictive strength when used in-
dividually, regardless of observation time, and the band combinations
together with the GPR provide the highest correlations (Fig. 7b). The
combination of SIF687, SIF720 and SIF760 had the strongest correlation
with T at midday, with R2 reaching a value of 0.72 (Fig. 7b). Our
findings indicating that observation time does not play a major role in
controlling the SIF-T relationship are in agreement with the findings by
Yang et al. (2015) and Zhang et al. (2016) for the relationship between
SIF and GPP. Nonetheless, it should be noted that our site did not ex-
perience strong water/light stresses in 2014, thus more field studies are
highly needed to investigate the role of observation time under dif-
ferent environmental conditions. Our results suggest that SIF-T regres-
sion models developed at the site can be used for the satellites with
different overpass times. To mimic typical climatic conditions when
good-quality satellite data are acquired, we further calculate SIF-T
correlations when clearness index is higher than 0.8. The results (Fig.
S3) show that some of these R2 decrease but the overpass time still has

no major impact on the SIF-T relationships.

3.2.5. The effects of the daily time scale on the correlations between SIF
andT

In many applications, longer time steps such as daily or 16 days are
more suitable to derive robust correlations. To evaluate the SIF-T cor-
relations at daily time steps, the daily SIF emission and T were calcu-
lated as the mean of hourly SIF and T observations between 7:00 am
and 6:00 pm local time. Days with more than 4 hourly SIF or T ob-
servations are excluded from the analysis. Although the number of daily
observations is much lower than that of hourly SIF measurements, we
did not find signs of overfit in the regressions. Table 5 shows that SIF-T
correlations are typically slightly larger after aggregating from hourly
to daily scale. The single SIF bands show milder impacts after temporal
aggregation, and the two bands in the red region (SIF687 and SIFred)
show almost no improvement (Table 5), i.e. larger aggregation times do
not alleviate the (re)absorption interference. In contrast, the band
combinations demonstrated more obvious increases when averaging
over time; the combination of daily SIF687, SIF720 and SIF760 captures
more than 80% of variance in T (Table 5). This suggests that re-
construction of the full broadband SIF spectrum is desirable to make full
use of SIF emission for estimating T at daily time scales.

Recent model-derived results showed that temporal aggregation
tends to enhance linear correlations between GPP and SIF at both leaf
and canopy scale (Zhang et al., 2016), and that the stronger lineariza-
tion at those scales may be explained by the dependency of both GPP
and SIF on APAR. Although our results also show increases in the SIF-T
correlations with increasing aggregation of time scales, we did not
observe significant improvement in the linearity between SIF and T.
Instead, our improved results using the GPR suggest that longer time
scale are likely to increase non-linear coupling between these variables
(Table 5). More continuous field measurements are needed to reveal the
effect of alternative control factors on the SIF-T relation.

4. Conclusions

By analyzing a prolonged record of SIF measurements, we show that
SIF emission has the potential to predict stand-level T with better ac-
curacy than traditional process-based evaporation models. In compar-
ison to approaches estimating T from classic vegetation index, SIF
emission should have a better performance in tracking short-term var-
iations in T driven by climate. However, the correlation between SIF
and T depends on a variety of environmental, biogeophysical and bio-
geochemical factors such as air temperature, incoming shortwave ra-
diation, VPD, LAI, leaf chlorophyll concentration. Particularly, we draw
the following conclusions: (1) SIF720, SIF740 and SIF760 are well suited
to estimate T, which indicates that current space-borne SIF observations
collecting SIF at 740 nm have good potential for hydrology; (2) the

Table 4
The effects of leaf area index (LAI) on the coefficients of determination (R2) between T and SIF emission at the combinations of the selected single SIF bands by using linear regression
analysis (LR) and Gaussian processes regression (GPR), respectively. All datasets have an hourly time resolution and belong to the period between 7 a.m. and 6 p.m. local time.

SIF687
SIF760

SIFred
SIFNIR

SIF687, SIF760 SIF687, SIF720, SIF760 SIFred, SIFNIR SIFred, SIFNIR, SIFValley SIFLeft SIFRight SIFTotal

LR (1.5-2.0) 0.02 0.06 0.61 0.75 0.69 0.69 0.45 0.65 0.65
GPR (1.5-2.0) 0.26 0.48 0.87 0.77 0.87 0.86 0.55 0.66 0.65
LR (2.0-2.5) 0.00 0.02 0.79 0.79 0.79 0.82 0.72 0.79 0.79
GPR (2.0-2.5) 0.19 0.46 0.79 0.81 0.79 0.84 0.76 0.79 0.79
LR (2.5-3.0) 0.08 0.04 0.54 0.57 0.58 0.71 0.56 0.42 0.43
GPR (2.5-3.0) 0.39 0.46 0.68 0.70 0.70 0.76 0.68 0.60 0.62
LR (3.0-3.5) 0.07 0.00 0.73 0.75 0.74 0.76 0.63 0.71 0.71
GPR (3.0-3.5) 0.25 0.02 0.73 0.74 0.73 0.73 0.67 0.71 0.71
LR (3.5-4.0) 0.23 0.07 0.70 0.74 0.68 0.69 0.64 0.63 0.63
GPR (3.5-4.0) 0.29 0.10 0.75 0.78 0.73 0.73 0.71 0.66 0.67
LR (4.0-4.5) 0.05 0.11 0.43 0.50 0.43 0.44 0.40 0.37 0.41
GPR (4.0-4.5) 0.11 0.20 0.44 0.51 0.49 0.50 0.45 0.37 0.41
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combinations of SIF single bands had better performance in predicting
T, particularly the combination of SIF687, SIF720, SIF760; (3) under
stressful conditions, the relation between SIF and T appears non-linear,
thus regression models such as GPR perform better at estimating T; (4)
enhancement in diffuse incoming radiation tends to increase the cor-
relations between SIF and T; (5) there are thresholds in PAR, VPD and
air temperature for which stress induced NPQ significantly degraded
the SIF-T correlation; (6) high LAI negatively affects the correlation
between SIF and T due to scattering and (re)absorption of the SIF signal,
but under medium LAI values the positive effect of high leaf chlorophyll
concentrations prevails; (7) observation time has no clear impact on the
SIF-T relationships, which is important given the various overpassing
times of SIF-observing satellites; (8) temporal aggregation to daily
scales can further enhance the SIF-T correlations, especially when band
combinations were used and non-linear correlations are considered; (9)
the use of red SIF had no clear advantage over the other SIF bands most
likely due to strong (re)absorption effects.

Although our results show that the combination of the three ab-
sorption bands (SIF687, SIF720 and SIF760) is better than all the other
selected combinations, this does necessarily imply that the re-
construction of the complete SIF spectrum is not a necessary exercise
for approximating transpiration, as more efficient machine-learning
tools may be useful to select the best combination from full SIF spec-
trum. Meanwhile, SIF observations from satellite are continually being
improved. In coming months, the TROPOspheric Monitoring

Fig. 7. The effects of diurnal observation time on the coefficients of determination (R2) between T and SIF emission at the selected single SIF bands (a) and their combinations (b). LR and
GPR represent linear regression analysis and Gaussian processes regression, respectively. The numbers in the parentheses represent observation time.

Table 5
The coefficient of determinationR2 between the daily single SIF bands and spectral fea-
tures and the daily T data by using linear regression (LR) analysis and Gaussian processes
regression (GPR), respectively. All the daily data were calculated from hourly measure-
ments acquired between 7 a.m. and 6 p.m. local time. LR and GPR represent linear re-
gression and Gaussian processes regression, respectively. The numbers in the parentheses
are the R2 calculated from all the hourly data acquired between 7 a.m. and 6 p.m. local
time.

LR GPR

SIF687 0.45 (0.45) 0.52 (0.50)
SIF720 0.70 (0.65) 0.71 (0.67)
SIF760 0.65 (0.63) 0.73 (0.65)
SIF740 0.65 (0.63) 0.67 (0.65)
SIFred 0.51 (0.49) 0.53 (0.53)
SIFNIR 0.65 (0.63) 0.67 (0.65)
SIFValley 0.47 (0.47) 0.57 (0.53)
SIF687
SIF760

0.23 (0.04) 0.31 (0.12)

SIFred
SIFNIR

0.21 (0.08) 0.48 (0.32)

SIF687, SIF760 0.70 (0.64) 0.74 (0.66)
SIF687, SIF720, SIF760 0.74 (0.66) 0.81 (0.72)
SIFred, SIFNIR 0.69 (0.64) 0.69 (0.66)
SIFred, SIFNIR, SIFValley 0.73 (0.64) 0.73 (0.66)
SIFLeft 0.43 (0.44) 0.47 (0.47)
SIFRight 0.65 (0.63) 0.68 (0.65)
SIFTotal 0.66 (0.64) 0.68 (0.66)
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Instrument (TROPOMI) will be launched onboard the Sentinel-5
Precursor, and in the near future, the Fluorescence Explorer (FLEX)
satellite from the European Space Agency (ESA, 2015) will examine the
potential of SIF signals for quantifying photosynthesis, physiological
condition and plant stress. Although further research is required, our
findings indicate that the information contained in the SIF signal can be
used to estimate transpiration. Being transpiration such a critical and
elusive variable, the use of satellite-based SIF opens the potential to
improve our understanding of the global hydrology and the links be-
tween carbon and water cycles.
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