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A B S T R A C T

Statistical gross primary productivity (GPP) estimation from remote sensing observations has mostly been at-
tempted on the basis of multispectral observations. To make full use of the information contained in vegetation
spectra, however, hyperspectral observations should be used in combination with appropriate multivariate
methods. Nevertheless, only very few previous studies attempted to estimate GPP directly from hyperspectral
observations and did so on the basis of reflectance, with only a limited number of temporally discontinuous
observations. In this study, we used long-term, continuous, half-hourly hyperspectral observations covering the
visible and near-infrared spectral range to estimate GPP directly from upwelling irradiance using partial least
square (PLS) regression in a rice paddy. To gain a better understanding of processes underlying the PLS esti-
mation, we used extensive complementary field observations to run process-based simulations using the SCOPE
model. We then applied PLS regression to the simulated hyperspectral data in the same way as for the ob-
servations and disentangled contributions related to relevant physiological processes, namely sun-induced
chlorophyll fluorescence (SIF) and xanthophyll cycle-related spectral changes (XC). We found that upwelling
hyperspectral irradiance in the visible and near-infrared spectral range predicted GPP better than reflectance.
Furthermore, PLS-based GPP estimates outperformed both far-red SIF and widely used vegetation index-based
methods. However, the most relevant information for the observation-based PLS-models was not clearly related
to XC or SIF as the near-infrared spectral range showed comparable performance. Also, the simple average of
upwelling irradiance over the 850–900 nm range outperformed the other non-multivariate approaches, in-
cluding far-red SIF. These results held for the evaluation in terms of the seasonal variation of GPP, while there
was apparently a small contribution of SIF and XC for the diurnal variation. The simulation-based analysis
showed that SIF and XC contributed useful information to both GPP and photosynthetic light use efficiency
(LUE) estimates at both seasonal and diurnal time scales. The strongest unique contribution from either SIF or
XC, however, was to the diurnal variation of GPP and XC showed considerably better performance than SIF. We
did not find improvements when combining the spectral regions of XC (500–570 nm) and SIF (650–800 nm) to
estimate GPP. While SIF showed improvements when combined with the remaining spectral information ex-
cluding XC, this was not the case for XC. Our approach combines the strengths of process-based modeling with
multivariate statistical analysis to improve our understanding of the usable information content in vegetation
spectra and is highly relevant for further developing suitable methods for GPP estimation at large scales.

1. Introduction

Monitoring the global carbon cycle is important for understanding
effects of climate change and evaluating models that are used for pre-
dictive purposes. Terrestrial photosynthesis is one of the major com-
ponents in the global carbon cycle and has been studied in increasing

detail. For this purpose, remote sensing methods are increasingly used
(Ryu et al., 2019) either as inputs for process-based models (Jiang and
Ryu, 2016; Running et al., 2004; Sellers et al., 1995) or as the basis for
more empirical approaches (Jung et al., 2011; Xiao et al., 2010; Yang
et al., 2007).

Multispectral methods that only use several distinct spectral bands
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rather than a continuous wavelength range have widely been used to
estimate gross primary productivity (GPP) on the conceptual basis of
the light use efficiency approach (Monteith, 1972; Monteith and Moss,
1977). In this approach, GPP is represented as the product of three
mechanistic components, the incoming photosynthetically active ra-
diation (PAR), the fraction of absorbed PAR (fPAR), and the photo-
synthetic light use efficiency (LUE). PAR can be accurately estimated
from satellite observations using atmospheric characteristics and pro-
cess-based modeling or machine learning (Hao et al., 2019; Ryu et al.,
2018). fPAR can also be estimated from remote sensing data relatively
well with rather simple, multispectral methods such as the normalized-
difference vegetation index (NDVI)(Rouse et al., 1974) as the reflected
sunlight in the visible range of the electromagnetic spectrum is in-
versely related to the absorption by vegetation (Running et al., 2004).
LUE, in contrast, is less directly related to the vegetation reflectance,
which is the reason for the widespread use of approaches that use
meteorological input data such as temperature, vapour pressure deficit,
and, in some cases, soil moisture to downregulate an ecosystem specific
maximum LUE value to the actual value at a given point in time and
space (Gilabert et al., 2015; Running et al., 2004; Y. Zhang et al., 2017).
However, there are several limitations of such approaches, which in-
clude a failure to capture spatio-temporal variation of the maximum
LUE, uncertainties in the meteorologically-driven downregulation
functions of the maximum LUE, and uncertainties in or lack of suitable
input data (Ryu et al., 2019; Yang et al., 2007). Therefore, different
remote sensing approaches have been pursued to more directly account
for spatio-temporal variations in LUE, the most relevant being sun-in-
duced chlorophyll fluorescence (SIF) (Meroni et al., 2009; Porcar-
Castell et al., 2014) and the photochemical reflectance index (PRI)
(Gamon et al., 1992). The PRI was specifically developed to extract
information on LUE at diurnal scale from leaf reflectance observations
(Gamon et al., 1992). PRI has been widely used at different spatio-
temporal scales but its relationship to the xanthophyll cycle is con-
founded with pigment changes at seasonal time scales as well as other
radiative transfer phenomena at the canopy-level (Garbulsky et al.,
2011). SIF is a signal that differs conceptually from all reflectance-
based approaches as it is a signal emitted from the vegetation itself
(Porcar-Castell et al., 2014). SIF has been applied increasingly to the
remote estimation of GPP due to its mechanistic coupling to photo-
synthesis in terms of energy partitioning (Frankenberg and Berry, 2018;
Meroni et al., 2009; Porcar-Castell et al., 2014). It is known, however,
that SIF is dominated by APAR information, especially at short time
scales (Miao et al., 2018; Wieneke et al., 2018; Yang et al., 2018), in-
dicating a relatively weak sensitivity of SIF to LUE (Zhang et al., 2016),
which is also consistent with leaf-level observations (Gu et al., 2019;
van der Tol et al., 2014). The only well-documented exception are
evergreen needleleaf ecosystems that show strong seasonal variation of
physiological SIF yield (Porcar-Castell, 2011; Magney et al., 2019).

A clear conceptual limitation of all multispectral approaches, in-
cluding those based on VIs, is that they are by definition limited to the
information in certain spectral bands. This is clearly suboptimal if hy-
perspectral data, i.e. simultaneous observations in a large number of
spectral bands covering a continuous wavelength range, is available as
potentially relevant information outside the few VI-bands is ignored. In
particular, it is well known that xanthophyll cycle-related spectral
changes (XC) are not limited to the bands used in PRI (Gamon et al.,
1992; Vilfan et al., 2018), which indicates a potential benefit to take the
whole relevant spectral range into account for an optimal use of in-
formation. Moreover, a similar reasoning can be made for SIF; despite
the hyperspectral requirements for some of the commonly used re-
trieval algorithms (Alonso et al., 2008; Guanter et al., 2013; Meroni
et al., 2010; Meroni and Colombo, 2006), SIF is typically only retrieved
close to the oxygen A and B bands (Daumard et al., 2010; Goulas et al.,
2017; Meroni et al., 2009; Yang et al., 2018) and thus effectively used in
a multispectral way. However, a process-based simulation study using
the Soil Canopy Observation of Photosynthesis and Energy (SCOPE)
model (van der Tol et al., 2009; van der Tol et al., 2014; Vilfan et al.,
2016) found benefits of using the information present in the full ranges
of the SIF emission spectrum (Verrelst et al., 2016). In addition, making
full use of hyperspectral data offers the potential to combine informa-
tion from XC and SIF as well as other leaf trait-related information such
as chlorophyll and nitrogen content to improve GPP estimation. Two
canopy-level studies (Cheng et al., 2013; Schickling et al., 2016) found
improvements when combining PRI and SIF for GPP estimation in-
dicating that the information contained in PRI and SIF is not fully re-
dundant.

Another important aspect concerns the time scale of GPP estimation.
At seasonal time scales, leaf traits that affect hyperspectral reflectance
spectra were reported to be strongly related to the key photosynthesis
model parameters (Barnes et al., 2017; Croft et al., 2016; Xu and
Baldocchi, 2003). Furthermore, canopy structure, via its signature in
the NIR reflectance, was found to be strongly related to GPP at seasonal
time scales (Badgley et al., 2017, 2019). However, at the diurnal time
scale, both leaf chemical traits and canopy structure are typically not
varying much. This indicates the limited potential for GPP estimation at
half-hourly times scales based on leaf traits, canopy structure and ra-
diation alone. SIF and XC, however, have been reported to be sensitive
also to short term variations of LUE or non-photochemical quenching at
diurnal time scales (Vilfan et al., 2018; Wieneke et al., 2018; Yang
et al., 2018; Y. Zhang et al., 2017). This therefore indicates the potential
of using SIF and XC information to improve GPP estimation particularly
at short time scales. This also suggests that, when combining diurnal
and seasonal variation by using data at half-hourly time steps covering
the whole growing season, GPP estimation could be improved by
combining SIF and XC information with additional information on leaf
traits and canopy structure as contained in vegetation spectra. Our

Fig. 1. Overview of a) factors affecting ve-
getation spectra at seasonal and diurnal
time scales and b) the relationships between
different types of vegetation spectra and
factors affecting gross primary productivity
(GPP). GPP is determined by the photo-
synthetic light use efficiency (LUE), photo-
synthetically active radiation (PAR) and the
fraction of PAR absorbed by the canopy
(fPAR). Hyperspectral upwelling radiation
(UPW) or reflectance (REF), as well as sun-
induced chlorophyll fluorescence (SIF) and
xanthophyll cycle-related spectral changes
(XC) are partly influenced by the same fac-
tors as GPP (b). The width of the gray ar-
rows symbolizes the strength of the dif-
ferent factors affecting vegetation spectra in
panel a).
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reasoning regarding the different factors affecting vegetation spectra at
different time scales is illustrated in Fig. 1a.

Despite the potential advantages indicated above, only very few
studies attempted to fully utilize hyperspectral observations for GPP
estimation (DuBois et al., 2018; Huemmrich et al., 2017; Matthes et al.,
2015). They all used the partial least squares (PLS) regression method
(Wold et al., 1984; Wold, S. et al., 1993) and obtained a wide range in
results with squared Pearson correlation values from 0.6 up to 0.9 at
various spatio-temporal scales including site-level time series, as well as
airborne and satellite maps. Despite indicating a potential for hyper-
spectral-based GPP estimation, these three studies share several im-
portant limitations. First, they did not use temporally continuous data
at a high temporal resolution, which is needed for a detailed evaluation
of the GPP estimation performance that includes diurnal variations.
Second, they had relatively small sample sizes, which limits statistical
approaches such as PLS regression. Third, they tried to estimate GPP
directly from hyperspectral reflectance without taking into account
incoming radiation in any direct way in terms of the model input. This
seems a probable cause for suboptimal estimation performance given
the strong dominance of PAR and APAR on GPP estimates, especially at
short time scales (Ryu et al., 2019). Reflectance is normalized for in-
coming radiation and therefore strongly dominated by information
characterizing the vegetation surface only. Only weak signals related to
sun-sensor geometry, diffuse fraction of downwelling radiation and XC
and SIF could provide an indirect link between reflectance and in-
coming radiation. Upwelling radiation, in contrast, contains direct in-
formation on both the vegetation surface reflectance and downwelling
solar irradiance as it is the product of these two terms. We therefore
think that using hyperspectral upwelling radiation instead of re-
flectance to estimate GPP should lead to better results.

For a more detailed understanding of the motivation to use up-
welling radiation rather than reflectance as inputs for GPP estimation, it
is instructive to consider the implications of using either of these inputs
for the estimation of the separate terms in the light use efficiency for-
mulation of GPP (Fig. 1b). Reflectance contains direct information re-
lated to two of the three factors, namely the fraction of absorbed PAR
(fPAR), via leaf chemical contents and canopy structure, and LUE, via
XC and the radiation-normalized SIF but only the indirect information
related to PAR mentioned above. Upwelling radiation, in contrast,
contains direct information on all factors affecting reflectance but in
addition also the spectral incoming irradiance that corresponds to PAR.
Based on this reasoning, upwelling radiation is also expected to perform
well for APAR estimation, which is an important part of GPP. Re-
flectance-based estimation might still prove useful for LUE (and fPAR)
estimation, however, as in this case both the input and the target
variable are normalized for incoming radiation. While XC is known to
be mostly related to LUE (Gamon et al., 1992; Vilfan et al., 2018), SIF is
itself also influenced by fPAR and PAR in addition to LUE (Porcar-
Castell et al., 2014). An illustration of our reasoning regarding re-
flectance vs. upwelling radiation as well as the roles of SIF and XC is
given in Fig. 1b.

The goal of this study is to optimally estimate GPP from continuous,
half-hourly hyperspectral observations covering a full crop growing
season with an appropriate multivariate regression method. Based on
the above reasoning, we formulated the following five hypotheses for
GPP estimation:

H1. The best PLS-based models outperform both SIF retrievals and
multispectral approaches.

H2. Hyperspectral upwelling radiation performs better than reflectance
as PLS input.

H3. Either XC and/or SIF information contributes importantly to the
best PLS models.

H4. Combining XC and SIF leads to improved performance compared to
their separate effects.

H5. Combining XC or SIF with the other information contained in
vegetation spectra improves the performance.

These hypotheses were evaluated at different time scales to account
for different mechanisms underlying diurnal and seasonal variation of
GPP (Fig. 1a). We also investigated the robustness of the estimation
method when applying a PLS model to data from a different growing
season.

2. Materials and methods

2.1. Important definitions and terminology for SIF and XC

SIF and XC are the main dynamic physiological mechanisms related
to photosynthesis affecting spectra of vegetation reflectance or upwel-
ling radiation in the VNIR spectral range. As they are investigated in
detail in this study, a precise definition of the relevant terms is needed
for the further reasoning and analyses. ‘SIF’ is used as a general term to
refer to the phenomenon of fluorescence emission by chlorophyll a
molecules excited by sunlight. As this emitted signal is superposed to
the reflected sunlight, SIF as a quantitative term can be defined as
difference in upwelling radiation signals at a certain wavelength:

=SIF UPW UPWSIF no SIF, , (1)

where λ indicates the wavelength nanometers. UPW SIF, indicates the
total signal including emitted SIF and the sunlight reflected off the
vegetation canopy, while UPW no SIF, contains only the reflected part.
An analogous definition can be made for XC but as it is not an emitted
signal, it is defined based on the change in reflectance:

=XC REF REFXC no XC, , (2)

For the sake of convenience, we define =REF REF no SIF no XC, ,
and =UPW UPW no SIF no XC, , . This notation is used especially when
referring to different PLS models and in figure labels of the results
section for a clearer way to indicate the different cases based on SCOPE
simulations or observations. For example, PLSREF+XC, range is the PLS
model based on the full reflectance signal including XC contributions in
a given spectral range and PLSUPW+SIF, range is the PLS model based on
the full upwelling radiation signal including SIF contributions. When
using subscripts for PLS model specification we use a symbolic addition,
i.e. PLSREF+SIF and PLSUPW+XC are used rather than the mathematically
correct PLSREF+SIF/DNW and PLSUPW+XC×UPW according to equations (1)
and (2), where ‘DNW’ refers to downwelling irradiance. A re-
presentative overview of the model notations used is given in Table 1
together with detailed explanation of the intended meaning. Note that
for the sake of consistency, the same notation is applied to observation-
based and simulation-based results despite the practical impossibility to
use an observation-based model such as PLSREF, 400-900 that does not
include SIF or XC signals. As a general guideline, only when exact
wavelengths are specified as a subscript to either SIF or XC do these
terms refer to the definitions in equations (1) and (2) in the mathe-
matical sense, otherwise they refer to the overall physiological process.
This is mostly relevant for the description in the text.

Based on these definitions as well as results in the literature (Gamon
et al., 1992; Porcar-Castell et al., 2014), it is clear that SIF is more
closely related to GPP as it contains radiation information, while XC is
more closely related to LUE as it is normalized for radiation. Further-
more, based on results from PRI as proxy for LUE at the leaf-level and
short time scales (Gamon et al., 1992), it is expected that XCλ/REFλ is
more strongly related to LUE than XC. In particular, the relationship
between PRI and XC531/REF531 can be motivated in the following way
when considering, for the sake of simplicity, the leaf level. First, we
make the assumption that the main difference between REF531 and
REF570 is XC and that other differences can be neglected. Then, the
numerator of PRI becomes REF531-REF570 ≈ XC531- XC570 = XC531,
since XC570 = 0 (Gamon et al., 1997; Vilfan et al., 2018). Using the
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above assumption again as well as the fact that XC < < REF531, the
denominator of PRI can be written as (REF531+ REF570) ≈ 2×RE-
F531.Thus, PRI can be approximated as 0.5×XC531/REF531. The factor
0.5 is a constant scaling factor, which is irrelevant in the consideration
of dynamics translating into correlations to LUE. We think that the
above assumption that the main difference between REF531 and REF570

is XC is justified for the purpose of this reasoning as the reflectance at
531 and 570 nm is of similar magnitude and mostly influenced by the
same absorption processes (Féret et al., 2017). In broadleaf species,
chlorophyll and carotenoid contents, which could introduced differ-
ences between REF531 and REF570, tend to be highly correlated
(Dechant et al., 2017). It is, of course, not generally valid when pigment
contents are variable as in evergreen needleleaf species, for instance.
Our reasoning was made for the leaf level, but can be extended to the
canopy level when assuming a fixed sun-sensor geometry as well as
stable canopy structure. At no other point in this manuscript did we
make these simplifying assumptions. As XC is a very small relative
change to the reflectance, the normalization of XC with reflectance that
either includes or excludes XC is equivalent for practical purposes. The
term ‘physiological spectral processes’ is used to refer to both SIF and
XC in a more general way.

2.2. In situ data

Our analysis focuses on observations from a rice paddy site in
Cheorwon, South Korea (38.2013°N, 127.2506°E), which is a part of the
Korean Flux network KoFlux as well as AsiaFlux. To quantify GPP, we
conducted enclosed-path eddy covariance measurements at 9 m above
the ground together with relevant meteorological observations, and
processed the data according to the KoFlux data processing protocol
including quality control, gap-filling and CO2 flux partitioning (Hong
et al., 2009; Kang et al., 2018). The eddy covariance system consists of a

three-dimensional sonic anemometer (Model CSAT3, Campbell Scien-
tific Inc., Logan, UT, USA) and a closed-path infrared gas analyzer
(Model LI-7200, LI-COR Inc., Lincoln, NE, USA). Furthermore, two
spectrometer systems measure down- and upwelling irradiance fluxes
continuously. One of them has a narrow wavelength range around the
oxygen A absorption band (730–790 nm) and a high spectral resolution
(full width at half maximum [FWHM] of 0.17 nm, QEPro, Ocean Optics,
Dunedin, FL, USA) and is used to retrieve SIF760 with the singular
vector decomposition method (Guanter et al., 2013). It is operated in a
dual-field-of-view mode using a fiber splitter and shutters. The other
spectrometer system covers the VNIR range at a lower spectral resolu-
tion (FWHM of about 4 nm, Jaz, Ocean Optics) and consists of two
separate spectrometers for down- and upwelling observations. Our
analysis focussed on the rice growing seasons in the years 2016 and
2017. The fraction of absorbed PAR (fPAR) was continuously observed
with a network of low-cost in-situ LED sensors (Kim et al., 2019; Ryu
et al., 2014, 2010a) and gap-filled with PROSAIL (Jacquemoud et al.,
2009; Jacquemoud and Baret, 1990; Verhoef, 1984) simulations (Yang
et al., 2018). We also conducted measurement campaigns approxi-
mately every ten days to determine leaf area index (LAI) with de-
structive sampling and maximum carboxylation capacity (Vcmax) with a
portable gas exchange system (LI-6400, LI-COR Inc., Lincoln, NE, USA)
(Huang et al., 2018). A more detailed description of the site and most of
the measurements concerning the 2016 growing season, in particular
with respect to SIF, can be found in Yang et al. (2018). Observations in
2017 were conducted according to the same protocols as for 2016.

2.3. Process-based modeling

In addition to field observations, we also used process-based simu-
lations to improve our understanding of the processes underlying the
statistical GPP estimation. We used version 1.70 of the SCOPE model
(van der Tol et al., 2009, van der Tol et al., 2014; Vilfan et al., 2018,
2016) to simulate the carbon fluxes and canopy radiative transfer
processes for the 2016 rice growing season. We used the observed
meteorological inputs to force the model as well as the observed LAI,
Vcmax, values that were interpolated for the purpose of model para-
meterization. Leaf biochemical parameters, in particular chlorophyll
content, were estimated from leaf reflectance observations (ASD
FieldSpec 4, Analytical Spectral Devices, Boulder, CO, USA) over the
course of the growing season via inversion of the PROSPECT-5B model
(Féret et al., 2008; Jacquemoud and Baret, 1990) using the metho-
dology described in Dechant et al. (2017). The plausibility of the overall
magnitude as well as the seasonal pattern of the chlorophyll content
results were verified with observations from the 2017 growing season
using a standard chemical extraction method (Yang et al., 2018). The
leaf angle distribution was set as erectophile based on observations of
leaf angles with the levelled digital photography method (Ryu et al.,
2010b). For an overview of model forcing and parameterization, see
Table 2. The biochemical.m function (default) was used to simulate
photosynthesis and SIF and we ran simulations with and without the
new module from the FLUSPECT-CX routine (Vilfan et al., 2018) to
extract XC as the difference in reflectance according to equation (2). SIF
was either included in upwelling irradiance and apparent reflectance
spectra by adding the SIF emission spectra to the upwelling radiation or
excluded by using upwelling reflected and scattered radiation outputs,
which do not include SIF, directly.

2.4. VI-based GPP estimation

To have a reference for the other GPP estimation methods based on
either SIF or multivariate regression, we used two approaches based on
relevant literature to estimate GPP from multispectral VIs. We chose the
best methods from a previous study on GPP estimation in rice (Rossini
et al., 2010) using only reflectance-based indices. In particular, we used
the red-edge NDVI (NDVIRE) (Gitelson and Merzlyak, 1994) at 700 and

Table 1
Overview of model notations for gross primary productivity (GPP) and photo-
synthetic light use efficiency (LUE) estimation used in the results and discussion
sections of the manuscript. Consistent notation is used for simulation- and
observation-based estimations models. Representative examples are given and
analogous cases that can be obtained by replacing sun-induced chlorophyll
fluorescence (SIF) with xanthophyll cycle related spectral changes (XC), up-
welling irradiance (UPW) with reflectance (REF), or GPP with LUE are not
shown here. Note that UPW and REF are defined here as excluding the effects of
SIF and XC. For easier visual distinction every second row is shown with a gray-
shaded background.
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800 nm as fPAR proxy either separately or in combination with the
scaled PRI (sPRI) (Gamon et al., 1992; Rahman et al., 2001) as LUE
proxy. sPRI is defined as (PRI+1)/2. In contrast to Rossini et al. (2010)
who estimated daily mean values of GPP based on near-midday spectral
measurements, we focussed on estimating continous half-hourly GPP
values where radiation is a stronger factor. Therefore, VIs were multi-
plied with PAR to obtain GPP estimates according to the LUE equation
GPP = fPAR × PAR × LUE. As an alternative fPAR proxy, we also
evaluated the normalized spectral difference indices (NDSIs) proposed
by Inoue et al. (2008) at 410 and 550 nm or 420 and 720 nm, respec-
tively. The motivation for this was the good performance reported by
Rossini et al. (2010) and the original study. In the case of observations,
all VIs were calculated by averaging over several nanometers around
the center wavelength in order to reduce noise.

2.5. Multivariate regression and general statistical analysis

2.5.1. Introduction of the main method and evaluation approach
We used Partial Least Square (PLS) regression (Wold et al., 1984;

Wold et al., 1993) to estimate half-hourly GPP from hyperspectral data.
PLS is a multivariate regression method widely used in the fields of
chemometrics (Kumar et al., 2014; Mehmood and Ahmed, 2015) and
biophysical parameter estimation of vegetation and soils (Asner et al.,
2011; Singh et al., 2015; Viscarra Rossel et al., 2006). It is suitable for
the type of input data we used, which is characterized by a high degree
of collinearity as well as a number of spectral channels on the same
order of magnitude as, or even much larger than, the number of ob-
servations to be estimated (Dormann et al., 2013). We used the R (R
Core Team, 2012) package pls (Mevik et al., 2013) for our analysis. We
divided the 2016 growing season into two equal parts for model cali-
bration and validation by randomly selecting whole days in the growing
season that were either assigned to calibration or validation datasets.
The 2017 observation data were not used in the calibration and had the
sole purpose of testing the robustness when applying the model cali-
brated with the 2016 training data. The same approach to calibration
and evaluation was also used for simple linear regression models of far-
red SIF and VI-based models to ensure direct comparability of the re-
sults. The SCOPE simulation results were only assessed for the 2016
data but with the same calibration/validation approach as for the ob-
servations in 2016.

As the random splitting of the 2016 growing season datasets could,
in principle, lead to biased results based on a particular selection of data
for training and validation, we repeated the analyses by conducting 100
different random splits. Then, median values of R2 and RMSE were
calculated for the results reported in the form of tables and barplot
figures. For scatter plot figures, however, the validation results of the
same single split were reported as it is challenging to visually display
the results from the 100 splits and the differences were reasonably
small. Statistical significance of differences between the median values
of the 100 splits for different models (e.g. based on a different spectral
range) was tested with Mood's median test. Median-rather than mean
value-based statistics were chosen as the distributions of values were
not Gaussian.

The number of latent variables (NLV) in PLS models was auto-
matically selected based on a minimization of cross-validation root-
mean-square-error (RMSE) of the training dataset. However, rather
than selecting the actual minimum value, we chose the lowest NLV that
had a 1% higher cross-validation RMSE than the minimum value. The
motivation for this was to use a more conservative number in cases
where the region around the minimum RMSE is very flat as this lead to
a more parsimonious model and minimizes the risk of overfitting (for an
illustration of this, see Fig. S1 in the supplementary material).

Although our analyses focussed strongly on the seasonal time scale
and half-hourly temporal resolution, we nevertheless examined the
separate contributions of seasonal and diurnal variability. First, we
calculated daily mean values to isolate seasonal variability. Second, we
subtracted the daily mean value from each day's half-hourly values to
obtain a detrended time series at the seasonal scale and half-hourly
temporal resolution that includes only diurnal variability.

2.5.2. Framework of analysis to test for optimal input data and influence of
SIF and XC

The main objectives of the detailed analysis of simulation- and ob-
servation-based GPP estimation with PLS were to 1) test if UPW or REF
input leads to better performance and 2) investigate the contributions
of SIF and XC to the estimation. The overall processing flow containing
analyses for both these aspects is presented in detail in Fig. 2.

For the simulation-based approach, SCOPE is run in forward mode
either with or without SIF and XC; in both cases, the target traits of GPP
and LUE are estimated using either reflectance or upwelling irradiance
in relevant spectral ranges (Fig. 3). The results of REF vs. UPW are then
compared with the results of a given input data type for cases with
physiological spectral processes vs. cases without them. For the ob-
servation-based approach, a different strategy is used to determine
whether SIF and XC contribute to the estimation as these processes
cannot be switched on or off as in the model. Therefore, spectral ranges
either covering SIF and XC or adjacent ones that do not include these
processes are selected as the basis for the PLS estimation (Fig. 3). Re-
sults are then compared for REF vs. UPW as well as the different
spectral ranges. An overview of the selected spectral ranges together
with the relevant physiological processes and their spectral signatures is
shown in Fig. 3. ‘Full range’ is used to indicate the whole VNIR spectral
range from about 400 to 900 nm. As the approach for observations
shown in Fig. 2b can also be applied for the simulations including SIF
and XC, we conducted a direct comparison of the observation and si-
mulation results for this case.

To test hypothesis H1 (multi-vs. hyperspectral) in more detail and to
test hypothesis H5 (improvements when combining XC or SIF with re-
maining information), it is instructive to conduct the following ana-
lyses. First, further subdivide the SIF and XC spectral ranges to identify
the most relevant wavelength regions, with the extreme case being
single wavelength bands (for H1). Second, compare the estimation
performance of pure (or direct) SIF and XC model outputs with the
more realistic mixed cases such as SIF + UPW and XC + REF for which
PLS has to perform a sort of implicit retrieval of SIF and XC signals from
the background (for H5). Results from the corresponding analyses

Table 2
Overview of origin and values of most important forcing variables and para-
meters for the SCOPE model simulation of the rice paddy data in the growing
season 2016. Average, standard deviation (SD) and range are given for each
input variable, obs. Is the abbreviation for observed. Chlorophyll content (Cab,
in μg cm−2), maximum carboxylation capacity (Vcmax,25, in μmol m−2 s−1),
incoming shortwave (Rin, in W m−2) and long wave radiation (Rli, in W m−2),
leaf area index (LAI, unitless), air temperature (Tair, in deg. Celsius), and air
pressure (Pair, in hPa), actual water vapour pressure (ea, in hPa), ambient CO2

concentration (XCO2, in ppm), wind speed (u, in m s−1) and canopy height (hc,
in m) are given. For the other parameters, default values were used.

parameter/variable origin average (SD) range

Cab content interpolated from
PROSPECT inversion of
leaf reflectance obs.

25.2 (6.0) 11.0–36.0

Vcmax,25 interpolated obs. 83.4 (24.6) 46.8–119.7
Leaf angle distribution obs. erectophile (-) -
Rin obs. 533.7 (272.5) 100.2–1081.3
Rli obs. 392.9 (37.8) 278.2–465.4
LAI interpolated obs. 3.0 (1.8) 0.0–5.9
Tair obs. 25.0 (4.5) 9.1–33.7
Pair obs. 982.4 (4.9) 959.8–998.0
ea obs. 21.2 (6.4) 6.2–33.9
XCO2 obs. 391.0 (19.5) 343.1–504.9
u obs. 1.8 (1.3) 0.0–7.3
hc obs. 1 (-) -
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Fig. 2. Overview of a) simulation-based and b) observation-based approaches to investigate two important aspects of the statistical estimation of gross primary
productivity (GPP) from hyperspectral data with the multivariate regression method partial least squares (PLS). First, the contributions from two main physiological
spectral processes, sun-induced chlorophyll fluorescence (SIF) and xanthophyll-related spectral changes (XC), to the estimation is quantified. Second, the most
suitable input data for estimating GPP or photosynthetic light use efficiency (LUE) is evaluated. For the model-based approach, SCOPE simulations were run either
with or without SIF and XC and for different spectral ranges, while for the observation-based approach the spectral ranges were the only method to include or exclude
SIF and XC.

Fig. 3. Overview of the two main spectral
ranges (500–570 nm and 650–850 nm) used
in the analysis as well as the corresponding
physiological spectral processes. A SCOPE-
simulated canopy upwelling irradiance
(UPW) spectrum in the visible near-infrared
range is shown in panel a) either with sun-
induced chlorophyll fluorescence (SIF) and
xanthophyll-related spectral changes (XC)
or without these two processes. In panel b)
the difference between the spectrum in-
cluding (SIF, XC) and the spectrum without
them is shown. The dashed gray vertical
lines indicate the separation between dif-
ferent spectral intervals and the green and
red shading indicate the spectral regions
where XC and SIF affect the UPW spectra.
While the focus for the simulation-based
analysis was on these two spectral intervals
S1 and S2, for the observation-based ana-
lysis, the adjacent intervals S1′, S1″ and S2′
were added to evaluate the performance
when excluding SIF and XC. (For inter-
pretation of the references to color in this
figure legend, the reader is referred to the
Web version of this article.)
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combining these two aspects (spectral range and pure vs. mixed) are
presented in the following. For these analyses, SIF estimation results
focus on GPP while XC estimation results focus on LUE. This is based on
our reasoning in Section 2.1 that SIF can be defined as difference in
UPW signals and XC as difference in REF signals and that fluxes such as
GPP are better predicted from terms that contain radiation, i.e. UPW,
while efficiencies, such as LUE, that do not directly contain radiation,
are better predicted from REF or REF-related terms.

The results section is organized in three parts. The first part focussed
on observations and observation-based results, the second part directly
compared observation- and simulation-based results, and the third part
focusses on detailed analyses that are only possible with the simulation
results. An overview of the structure of the results section in terms of
the main objectives, the hypotheses tested and the data used is shown in
Table 3.

3. Results

3.1. Rice paddy observations and observation-based GPP estimation results

3.1.1. Overview of in-situ measurements directly used in GPP estimation
We continuously measured PAR, NDVIRE, GPP and SIF in the 2016

and 2017 growing seasons (Fig. 4). Maximum PAR was around
2000 μmol m−2 s−1 and showed the expected seasonality. NDVIRE

closely tracked the rice growing seasons and peaked at a value of about
0.77 around the day of year 200 in both years. The shape of the curves

differed somewhat, however, with a flatter plateau during the 2016
growing season. Between the growing seasons the values of NDVIRE

were consistently low (between 0.1 and 0.2) and showed a small de-
crease in the time around the transplantation date when the rice paddy
was flooded. GPP also had similar peak values of about 40 μmol m−2

s−1 but showed a longer growing season in 2016 and a more peaked
seasonal shape in 2017. SIF760 generally showed close correspondence
to GPP but had more abrupt changes during green-up and after harvest.
However, SIF did not appear to show changes in seasonal pattern in the
two years. Maximum values were similar at around 6 mW m−2 nm−1.

3.1.2. Comparison of multi-vs. hyperspectral GPP estimation over two
growing seasons

We found that estimating GPP with the PLS method using full VNIR
spectral range upwelling irradiance as input resulted in better perfor-
mance than simple linear regression models based on SIF760 or NDVIRE

(Fig. 5). More precisely, we found the following pattern in terms of
decreasing estimation performance when considering R2 values:
PLS > SIF760 > NDVIRE. The analogous pattern of increasing RMSE
values held in all cases except the validation 2017 where NDVIRE-based
GPP estimated had a slightly smaller RMSE than SIF760-based estimates
(Fig. 5f,i). This could be attributed to a larger bias for SIF760 than for
NDVIRE (8.49 μmol m−2 s−1 vs. −1.10 μmol m−2 s−1). The bias in all
other cases was very small (absolute value ≤ 0.25 μmol m−2 s−1),
which notably includes the validation 2017 case for PLS (Fig. 5c). The
following pattern of RMSE values held for all cases no matter the es-
timation method: training 2016 < validation 2016 < validation
2017. The same pattern also held for the absolute values of the bias
except for PLS where the 2017 validation bias was slightly smaller than
the 2016 validation bias. While R2 values showed differences among
methods of 10%–20%, RMSE values were 40–70% higher for SIF760-
and NDVIRE-based estimation compared to PLS.

3.2. Detailed analyses of UPW vs. REF as input and influence of SIF and XC
on GPP estimation (direct comparison of observation and simulation results)

3.2.1. Impact of using UPW or REF as input for PLS
We compared GPP estimation performance of observation- and

SCOPE simulation-based PLS models when using either UPW or REF as
inputs. For this analysis and the rest of the results section, we restricted
the 2016 dataset to the growing season (day of the year 120 to 247) as
the goal was to investigate vegetation and compare the results to those
based on the SCOPE simulations. For the sake of simplicity, it is in-
structive to first only consider models using the whole VNIR range
(400–900 nm) spectra.

We found that UPW input led to considerably better results than
REF for both observations and simulations (Fig. 6). For the SCOPE si-
mulations, R2 increased from 0.83 to 0.96 and RMSE was halved from
4.44 to 2.22 when using UPW rather than REF. For the observations, R2

increased from 0.79 to 0.88 and RMSE was reduced from 5.17 to 3.92.
Note that these results refer to the single splits into training and vali-
dation sets shown in Fig. 6 and therefore can differ slightly from the
more comprehensive results based on 100 repeated splits reported in
Table 4 and Fig. 7. Apart from the clear performance differences in
terms of R2 and RMSE metrics, there were nonlinear patterns in the
residuals of REF-based models (Fig. 6b,d), while UPW-based models did
not show strong deviations from linearity (Fig. 6a,c). More specifically,
the REF-based PLS models showed underestimation in the middle of the
GPP range of around 10–25 μmol CO2 m−2 s−1 but overestimated for
the high values of GPP above about 25 μmol CO2 m−2 s−1. This pattern
was apparent in both simulation- and observation-based results. The
observation-based results using UPW input showed some scattered
points with larger estimation errors in the high range of GPP values
with a tendency towards overestimation. More detailed results re-
garding the performance differences for UPW- vs. REF-based PLS
models are presented in the other results subsections below. The LUE

Table 3
Overview of organization of the results section in terms of main objectives,
focus on observations or simulations, focus on hypotheses and the datasets used
in terms of time period and variables. All of the main objectives are ultimately
referring to the estimation of gross primary productivity (GPP) or photo-
synthetic light use efficiency (LUE). Relevant observations and simulations also
include sun-induced chlorophyll fluorescence (SIF), xanthophyll cycle related
spectral changes (XC), red-edge NDVI (NDVIRE), absorbed photosynthetically
active radiation (APAR), upwelling radiation (UPW), and reflectance (REF).
DOY indicates the day of year. The second row has a shaded background for
easier visual distinction. Whether observations or simulations were used in
different subsections is highlighted with underlines.
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Fig. 4. Overview of observed and estimated time
series in the rice paddy for the years 2016 and 2017.
PAR (a) and GPP (b) are from the eddy flux tower
instruments, SIF (c) was retrieved from a high spec-
tral resolution spectrometer and red edge NDVI
(NDVIRE), shown with a second y-axis in panel a),
was calculated from a lower spectral resolution in-
strument. Half-hourly values are shown as partly
transparent, filled circles to indicate areas of higher
point density. The base color in panels (b) and (c) is
black but gray in panel (a) to more clearly distinguish
it from the daily NDVIRE values and reference lines. A
dotted vertical line in blue indicates the transition
from 2016 to 2017 and dashed gray vertical lines
indicate dates of rice transplantation and harvest.
(For interpretation of the references to color in this
figure legend, the reader is referred to the Web ver-
sion of this article.)

Fig. 5. Overview of estimation results for the
half-hourly GPP observations (GPPobs) based on
different methods and for different data. The
unit of GPP is μmol CO2 m−2 s−1 in all cases.
PLS-based GPP estimates (GPPPLS) using upwel-
ling irradiance as input in the VNIR spectral
range are shown in panels a)-c), SIF-based GPP
estimates (GPPSIF) that use a univariate linear
regression model to estimate GPP from far-red
SIF are shown in panels d)-f) and red-edge NDVI
(NDVIRE )-based estimates (GPPNDVIre) are
shown in panels g)-i). NDVIRE was multiplied
with photosynthetically active radiation (PAR)
to account for radiation. Both the training and
validation results are shown, the whole 2017
dataset was exclusively used as independent va-
lidation. The red line indicates the one-to-one
line and values of squared Pearson correlation
(R2) and root-mean-square-error (RMSE) are
shown in each panel. Data are displayed as par-
tially transparent filled circles for a better vi-
sualization of point density. (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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estimation results analogous to Fig. 6 are presented in the supplemen-
tary material (Fig. S2) and showed discrepancies between simulations
and observations.

3.2.2. Impact of spectral range and input choice in combination with
underlying mechanisms

For this analysis, the goal was to identify underlying mechanisms of
PLS models by selecting relevant spectral ranges and comparing the
results (Figs. 2 and 3). We also applied the same approach used for the
observations (Fig. 2b) to the full SCOPE simulations including SIF and
XC for direct comparability.

For GPP estimation, we found that upwelling irradiance (UPW)
outperformed reflectance (REF) for both observations and SCOPE si-
mulations and for all spectral regions (Fig. 7a,c). While the improve-
ments of UPW over REF models in terms of R2 were of moderate
magnitude (increases of up to 45%, and 22% for observations and si-
mulations, respectively), they corresponded to much stronger im-
provements in terms of RMSE values (reduction of up to 46% and 57%
for observations, and simulation, respectively) (Figs. 7 and S3, the
analogous figure for RMSE). Differences in R2 between UPW and REF
models tended to be larger for the observations, while differences be-
tween spectral intervals were more pronounced for the simulations. In
particular, the spectral regions including XC and SIF showed con-
siderably better performance for the SCOPE UPW models compared to
other spectral regions (Fig. 7a). The simulation-based UPW model in
the XC spectral region showed the best performance but did not sig-
nificantly differ from the full VNIR model. Except for this case and the
UPW models in the 400–500 and 570–650 ranges, all other simulation-

based models were significantly different. SCOPE REF-based models did
not respond strongly to SIF or XC. For the observations, REF-based
models showed larger differences between spectral regions than UPW-
based models that were more comparable except for the 400–500 nm
region with considerably lower R2. The differences for the observation-
based REF models, however, were not as clearly linked to SIF or XC as
for the simulations (Fig. 7b). All observation-based models had sig-
nificantly different performance except for the differences between the
UPW models in the XC and the full VNIR ranges, the SIF and the full
VNIR ranges, and the REF models in the SIF and full VNIR ranges. The
worst REF models for both observations and simulations were located in
the NIR spectral region (850–900 nm). The best performing PLS models
were UPW-based and achieved median R2 values of 0.87–0.89 and re-
lative RMSE values (rRMSE = RMSE normalized by the mean value) of
0.27–0.29. A selection of results is reported in more detail in Table 4.
The simulation results in Fig. 7 are presented in an alternative, simpler
way in Fig. S4 that corresponds more directly to the processing flow
outlined in Fig. 2a.

For LUE estimation, the results of observation- and simulation-based
results differed more strongly compared to GPP estimation (Fig. 7b,d).
Overall, LUE estimation performance was much lower for observations
than simulations (R2 < 0.5 and R2 up to 0.9, respectively). However,
there were similarities between observation- and simulation-based re-
sults in terms of the performance patterns across different spectral re-
gions for the REF-based models. In particular, the best performance was
achieved in the XC spectral region and the full VNIR case for the si-
mulations, while the XC spectral region more clearly outperformed the
VNIR case for the observations. Some notable differences between

Fig. 6. Comparison of PLS model performance for
GPP estimation when using upwelling irradiance
(UPW) or reflectance (REF) as inputs. a), b) SCOPE
simulation-based and c),d) observation-based results.
The unit of GPP is μmol CO2 m−2 s−1 in all cases.
Results are shown for the 2016 growing season at
half-hourly time step. For all PLS models, the full
VNIR range (400–900 nm) was used including SIF
and XC processes. For the observation-based results,
GPP was obtained from eddy covariance and VNIR
spectra from a tower-based spectrometer, while for
the simulation-based results all outputs were ob-
tained from the SCOPE model (see Section 2.3). The
red line indicates the one-to-one line. Data are dis-
played as partially transparent filled circles for a
better visualization of point density. (For interpreta-
tion of the references to color in this figure legend,
the reader is referred to the Web version of this ar-
ticle.)
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simulation and observation results include the large difference in per-
formance between UPW and REF models in the 850–900 nm region for
the simulation in contrast to the comparable performance for the ob-
servations. Furthermore, the best REF-based models more clearly out-
performed the best UPW-based models for the simulations compared to
the observations. Nevertheless, for the simulations, the difference be-
tween the best REF- and UPW-based models was rather small
(ΔR2 = 0.08 for full VNIR). For the simulations, all models had sig-
nificantly different performance, while for the observations, there were
only three model pairs that did not differ significantly: the XC range vs.
570–650 nm UPW models, the 850–950 nm vs. full VNIR models, and
the 850–950 nm REF vs. UPW models.

The patterns in the number of latent variables (NLV) for GPP and
LUE estimation showed similar tendencies with higher values for the
SIF and full VNIR spectral regions compared to XC. The patterns of REF
and UPW models were very similar but with a tendency toward slightly
higher values for UPW models (Fig. S5). Despite these similarities be-
tween simulation- and observation-based results, the former had a clear
and stronger increase towards the full VNIR region with values larger
than 20 compared to values smaller than 10 for the observations. Re-
gression coefficient spectra of PLS models are shown in the supple-
mentary material (Figs. S6 and S7 for observations, Figs. S8 and S9 for
simulations). The analogous results to Fig. 7 for PAR, APAR and fPAR
rather than GPP and LUE are shown in Fig. A3 of the appendix.

3.2.3. Influence of time scale and temporal resolution (seasonal vs. diurnal
variability)

We found that at the seasonal time scale, the pattern for GPP esti-
mation performance ranking based on daily mean values was very si-
milar to that of the half-hourly data (Table 4). This held for both ob-
servations and simulations but for simulations R2 values were almost
the same (ΔR2 = 0.03 for the best models), while the half-hourly values
were more clearly lower for the observations (ΔR2 = 0.08 for the best
models). The highest R2 values achieved for the daily mean values were
0.97 and 0.98 for observations and simulations, respectively. Notably,
for the daily mean values, the PLSUPW, 850-900 models performed almost
as well as the best models including SIF or XC. The largest discrepancies
between simulation- and observation-based results for the daily mean
values was the much poorer performance of NDVIRE-based models for
the simulations compared to observations (R2 values < 0.4 and >
0.77, respectively). While UPW850-900 performed as well or slightly
better than SIF760 across all variability cases, this was not the case for
the simulations. The detailed LUE estimation results are shown in Table
S1 of the supplementary material.

Overall, the agreement between simulation- and observation-based
GPP estimation results was best for the seasonal variation case (daily
mean values) and gradually decreased over the seasonal + diurnal case
to the diurnal variability case. While the simulation-based results had
very high R2 values even for the diurnal variability alone (R2 up to
0.89), the observation-based results had only moderate linear correla-
tions that did not differ by much from those of APAR (maximum R2 of
0.60 vs. 0.53 for APAR). Furthermore, only the simulation results
showed clearly better diurnal performance of models that included XC
compared to those that included SIF. The results of the PLSREF model
were close to the best PLSUPW models for the seasonal variability
(ΔR2 = 0.04 and 0.05 for observations and simulations, respectively)
but showed considerably worse performance for the diurnal variability
case (ΔR2 = 0.30 and 0.40).

For the direct evaluation of XC and SIF impacts on GPP and LUE
estimation, we found that improvements were strongest for the diurnal
variability, intermediate for the seasonal + diurnal variability and
weakest for the seasonal variability (Fig. 8, Tables 4 and S1). This
pattern was consistent no matter if UPW or REF was used as model
input for GPP estimation and held also for LUE estimation. However, for
GPP estimation, the effects were considerably stronger for UPW-based
models compared to REF-based models, while the opposite was the case
for LUE estimation. Overall, the SIF and XC effects on REF-based LUE
estimation were considerably stronger than the effects on UPW-based
GPP estimation (Fig. 8). XC effects were considerably stronger than SIF
effects no matter if GPP or LUE were estimated and irrespective of the
use of REF or UPW as inputs. Differences in performance between the
seasonal variability and the diurnal variability when including XC and
SIF were smaller for the XC spectral range compared to SIF (ΔR2 values
of about 0.1 and 0.2, respectively). This held for both GPP and LUE
estimation (Fig. 8).

NDSI-based results are not reported in Table 4 as they performed
similarly for diurnal but considerably worse for seasonal variability
compared to the corresponding NDVIRE models.

3.3. Detailed analyses of simulation-based results

Using the process-based model SCOPE, several aspects of SIF and XC
effects can be investigated in more detail. This includes the perfor-
mance of pure SIF and XC model outputs compared to mixed signals as
encountered in real observations, as well as the wavelength dependence
of GPP and LUE estimation based on SIF and XC. The results of the
corresponding analyses are reported in the following sections.

3.3.1. Multi-vs. hyperspectral SIF and XC and effects of retrieval from
mixed signals

Concerning the effects of retrieving SIF or XC from mixed signals,

Table 4
Overview of GPP estimation performance in terms of squared Pearson corre-
lation (R2) for the validation dataset in 2016 at different time scales and tem-
poral resolutions. All results are based on half-hourly field observations and the
50% validation from the 2016 growing season. For the diurnal variability, two
metrics are shown: first, the, the median correlation over all days and second,
the correlation of the seasonally detrended time series. PAR stands for photo-
synthetically active radiation (PAR), APAR for absorbed PAR, NDVIRE for
normalized difference red-edge vegetation index, sPRI for scaled photochemical
reflectance index, REF for reflectance and UPW for upwelling irradiance. The
two columns for diurnal variability only are shaded in gray. The highest R2

values for each column are printed in bold and the values for independently
measured APAR are underlined for easier comparison to this benchmark. The
corresponding results for LUE estimation is shown as Table S1 of the supple-
mentary material.
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we found opposing results. For SIF-based GPP estimation, the PLS
model based on UPW + SIF slightly outperformed the corresponding
model based on the pure SIF output from SCOPE (ΔR2 = 0.04; Fig. 9b,c)
and this was valid also for the 50 nm wide spectral intervals covering
the SIF emission range (Fig. 10a). For XC-based LUE estimation, in
contrast, the PLS model using the pure XC/REF output from SCOPE
slightly outperformed the model based on REF + XC (ΔR2 = 0.03;
Fig. 9f,g). This difference appeared to be partly caused by a relatively
low number of outlying points, however, while the majority of the
points closely resembled the pattern from the pure XC signal. The pure
(XC/REF)531 model showed a high degree of linearity in the relation-
ship to LUE and adding the hyperspectral information essentially only
further decreased the error but did not increase the linear correlation
much (Fig. 9e,f). SIF760, in contrast showed strong saturation effects in
the relationship to GPP (Fig. 9a) and adding pure hyperspectral and
then mixed hyperspectral information considerably increased the line-
arity (R2 from 0.8 over 0.89 to 0.93, respectively; Fig. 9a,b,c). The UPW
model including XC for GPP also showed the highest degree of linearity
and small errors (Fig. 9d), while the REF model including SIF showed a
linear relationship to LUE but with considerably larger scatter than the
corresponding XC models (Fig. 9g,h).

3.3.2. Detailed analysis of wavelength dependence of SIF and XC effects
Concerning the wavelength dependence of SIF- and XC-based esti-

mation performance, we found different patterns for SIF and XC. XC/
REF-based LUE estimation had low sensitivity to wavelength (max-
imum ΔR2 = 0.05) and showed an overall decreasing performance from
smaller to longer wavelengths (Fig. 10b). When dividing the XC spectral
regions into three equally large parts each about 20 nm wide, the dif-
ferences for the corresponding PLS models using either the pure XC/
REF or the mixed XC + REF signals were even smaller than for single

wavelengths and had only slightly lower R2 as the models covering the
full XC range. All differences in performance between XC-based models
in spectral intervals were statistically significant. In contrast to XC, for
SIF, there were considerable differences for single wavelengths (max-
imum ΔR2 = 0.18) showing two relatively flat levels of performance for
red and far-red SIF connected by an increase around the red edge region
(700–740 mn). The PLS models based on 50 nm wide intervals dividing
the whole SIF emission range into four equal parts did not reproduce
the pattern of single wavelengths (Fig. 10a). In fact, they showed a
tendency towards an opposite pattern with worst performance in the
800–850 nm interval for the mixed SIF + UPW case and the
750–800 nm interval for the pure SIF case. While there was a clear
decreasing pattern for smaller wavelength to longer wavelength inter-
vals for pure SIF, the mixed signal was very stable with non-significant
differences except for the 800–850 nm interval. Similar to XC, the
whole range PLS results for SIF were only slightly higher than the best
performing intervals (ΔR2≤0.04). For the pure SIF interval-based
models, all difference were significant except for the 700–750 nm and
the 800–850 nm ranges.

4. Discussion

We investigated several aspects of the optimal input as well as the
underlying mechanisms of PLS-based GPP estimation with both model
simulations and field observation data. Overall, when combining sea-
sonal and diurnal results, we found consistent results for observations
and simulations for the four hypotheses that could be tested in both
cases, namely H1, H2, H3, and H4 (see overview of the hypothesis
evaluation in Table 5). We could confirm the better performance of
multivariate hyperspectral over multispectral GPP estimation ap-
proaches (H1) and the better performance of upwelling irradiance over

Fig. 7. Estimation performance of PLS re-
gression models for gross primary pro-
ductivity (GPP) and photosynthetic light use
efficiency (LUE) using observations from the
rice paddy site. The estimation performance
is given based on different inputs in terms of
reflectance (REF) or upwelling irradiance
(UPW) and the spectral ranges as well as the
active physiological processes are indicated
below the bars. Results based on SCOPE si-
mulations are shown in panels a) and b),
and observation-based results are presented
in panels c) and d). The effects of physiolo-
gical spectral processes are sun-induced
chlorophyll fluorescence (SIF) and xantho-
phyll-related spectral changes (XC) are
evaluated based on the corresponding spec-
tral ranges. In addition, for the simulations,
also the direct effects of including SIF and
XC are shown as red and green shaded areas,
respectively. In the upper left corner of each
panel, the mean uncertainty over all spectral
ranges is given for UPW and REF models in
corresponding colors. Validation results are
shown based on 50% of the 2016 growing
season withheld from the model calibration.
(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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reflectance as input for PLS for GPP estimation (H2). Moreover, we
found that the best PLS models used XC and/or SIF information (H3).
This was clearly the case for the diurnal variability, but could only very
narrowly confirmed for the seasonal variability. We rejected the hy-
pothesis that there are improvements when combining SIF and XC for
GPP estimation (H4), indicating that the information contained in these
two signals is redundant. Potential enhanced effects of SIF and XC when
combined with other spectral information related to scattering and
absorption processes could only be tested for simulations and we found
small positive effects for SIF and negative effects for XC (H5).

A more detailed evaluation of the hypotheses as well as a general
discussion of our results is given in the following sections. Section 4.1
focusses on the evaluation of H1, Section 4.2 on H2 and Section 4.3
combines the evaluation of H3-H5. Limitations and the generality of our
approach are discussed in Sections 4.4 and 4.5, respectively.

4.1. Hyperspectral vs. multispectral methods

We could demonstrate that, for in situ data, PLS-based GPP esti-
mation can outperform both SIF760 retrievals from a high spectral re-
solution spectrometer as well as VI-based methods that were previously
found to show a good performance (Fig. 5, Table 4). The SCOPE si-
mulations also showed better performance for hyperspectral PLS
models compared to VI-based methods or SIF760 (Figs. 9, 10, and
Table 4). These findings confirm our hypothesis H1 that by taking into
account hyperspectral information with a suitable method of analysis,

we can optimize the extraction of relevant information for GPP esti-
mation. However, a closer inspection of our results reveals considerable
differences between seasonal and diurnal variability for the evaluation
of H1. The observations showed better performance for the hyper-
spectral PLS models in case of seasonal variability, while the im-
provement for diurnal variability was small (Tables 4 and S1). The
SCOPE simulations, however, showed larger advantages of hyperspec-
tral PLS models for the diurnal variability compared to the seasonal
variability despite also showing clear improvements for the seasonal
variability (Tables 4 and S1). Also, we found that both for observations
and simulations, the advantage of hyperspectral REF-based PLS models
over multispectral methods was only clearly visible for daily mean
values but not half-hourly values (Tables 4 and S1). This is related to
the weak sensitivity of REF-based models to SIF and XC, which con-
tribute most relevant information at diurnal time scales (Section 4.3,
Fig. 1a). We also tested the normalized difference spectral indices
(NDSIs) identified by Inoue et al. (2008) to show strong seasonal cor-
relations to LUE in rice but did not find better performance than for
NDVIRE (results not shown). Our results for rice differed from previous
studies on soybean and corn indicating strong seasonal relationships of
GPP and NDVIRE or chlorophyll red-edge indices (Gitelson et al., 2005;
Peng et al., 2013, 2011). In contrast to the simulations, our observation-
based results showed relatively small differences between multispectral
methods such as SIF760, NDVIRE, and UPW850-900 (Fig. 5, Table 4). In
particular, it is notable that UPW850-900 performed as well as SIF760 for
the cases including seasonal variability (Table 4). This might be related

Fig. 8. Overview of simulation-based GPP and LUE
estimation performance for diurnal, diurnal + sea-
sonal and seasonal variability. All results are based
on SCOPE simulations combined with PLS regression
with either upwelling irradiance (UPW) or re-
flectance (REF) as input. In panel a), the UPW-based
GPP estimation results in the spectral range
500–570 nm and in panel b), the REF-based models
for LUE estimation results in the spectral range
650–850 nm are shown. Effects of sun-induced
chlorophyll fluorescence (SIF) and xanthophyll-re-
lated spectral changes (XC) on the estimation per-
formance were directly evaluated by including or
excluding the processes in the simulations. The con-
tributions from SIF and XC to the results are shown as
red and green shaded areas, respectively. (For inter-
pretation of the references to color in this figure le-
gend, the reader is referred to the Web version of this
article.)
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to previous findings on the good performance of NIRV for GPP esti-
mation (Badgley et al., 2017, 2019), as the flooding in the rice paddy
results in small soil background effects and UPW850-900 can be con-
sidered as the NIR radiation reflected by the vegetation. R2 and RMSE
values did not differ strongly between NDVIRE and SIF760. However,
SIF760 was rather linearly related to GPP, while NDVIRE showed

indications of a nonlinear and more complex relationship to GPP
(Fig. 5d–i).

In contrast to our results, Matthes et al. (2015) found better per-
formance of NDVIRE than reflectance-based PLS in a rice paddy and this
was consistent from instantaneous up to monthly time scales. In a
pasture, however, this result was essentially reversed (Matthes et al.,

Fig. 9. Overview of multi- and hyperspectral a) gross primary productivity (GPP) and b) photosynthetic light use efficiency (LUE) estimation results based on half-
hourly SCOPE simulations and either univariate linear regression models (LM) or multivariate partial least square (PLS) regression. Validation results for the 2016
growing season are shown. rRMSE is the relative RMSE for which the mean value was used as normalization. Results for the pure, i.e. the direct model output, of sun-
induced chlorophyll fluorescence (SIF) and xanthophyll cycle-related spectral changes (XC) signals are presented in panels a-d, while results for the more realistic
mixed signals, i.e. superposition of SIF or XC with upwelling irradiance (UPW) or reflectance (REF) are presented in panels e-h. While the upper row of panels
strongly focussed on SIF (highlighted in red color) and the lower row on XC (highlighted in green color), the last column the two are exchanged to facilitate a direct
comparison of performances for the same target variables. The wavelength for the multispectral case and the wavelength ranges for the hyperspectral cases are
specified in the subscripts of the models and reported in units of nanometer. (For interpretation of the references to color in this figure legend, the reader is referred to
the Web version of this article.)

Fig. 10. Overview of wavelength depen-
dence of half-hourly gross primary pro-
ductivity (GPP) or photosynthetic light use
efficiency (LUE) estimation performance
using partial least squares (PLS) regression
on the basis of a) sun-induced chlorophyll
fluorescence (SIF) and b) xanthophyll cycle-
related spectral changes (XC). For both
cases, three different estimation approaches
are compared: first, the single wavelength of
the direct signal (continuous black lines);
second, the PLS model for a certain interval
indicated by the horizontal extent of the
gray or brown lines and third, the PLS model
for the whole wavelength range (dotted gray
or brown lines) displayed. Gray color is used
for PLS model based on the pure SIF or XC
signals, i.e. the direct model output, brown
color is used for mixed signals of superposed
upwelling irradiance (UWP) and SIF or re-
flectance (REF) and XC. Normalized ex-
ample spectra of SIF and XC from the time

series are given for reference in dashed lines and are further distinguished from R2 results with colors (red for SIF, green for XC). Note that the XC spectrum is given in
absolute values rather than including its negative sign to facilitate the visual comparison with SIF. (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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2015). The overall strength of the relationships in both ecosystems was
much lower in Matthes et al. (2015) than for our observations. DuBois
et al. (2018) found better performance of NDSI-based PLS models across
diverse ecosystems in California than any single NDSI although their
data included the short wave infrared spectral region in addition to the
VNIR. Huemmrich et al. (2017) also found better performance of re-
flectance-based PLS models compared to NDSI and other VI-based ap-
proaches but used temporally highly sparse, discontinuous observa-
tions. While no study to date attempted GPP estimation from UPW
using PLS, recently Hyperion hyperspectral satellite data was used to
estimate LUE from REF for a wide variety of ecosystems across different
continents (Huemmrich et al., 2019). Huemmrich et al. (2019) found
considerably better performance of the PLS model compared to other
multispectral approaches for daily integrated LUE (R2 = 0.81 vs.
R2 < 0.55, respectively) and reported improved performance when
including/using reflectance in the short-wave infrared region
(1000–2375 nm). However, these results were also based on a limited
dataset (79 observations) that strongly focussed on spatial variation.
The heterogeneity in the results from the literature indicates that a
consistent approach in terms of model input, including spectral range
and potential pre-processing, should be applied at different ecosystems
and spatiotemporal scales to obtain more generally valid conclusions.
The increased availability of hyperspectral satellite data in the future
should facilitate such evaluations on a consistent methodological basis
(Section 4.5).

Interestingly, we found that rather narrow spectral ranges per-
formed as well as considerably wider ranges. In the case of observa-
tions, using the 850–900 nm interval resulted in performance com-
parable to the whole SIF or VNIR range for the seasonal and
seasonal + diurnal variability cases (Fig. 7, Table 4). In the case of
simulations, the XC spectral range and even 20 nm wide subsets per-
formed almost as well as the whole VNIR range (Fig. 10). While this
clearly indicates that not the whole information contained in the VNIR
hyperspectral data is needed for optimal GPP estimation, it does not
imply that multispectral observations in the narrow range could per-
form equally well. The reason for this is that, especially for the SCOPE
model results that relied more strongly on SIF and XC, a multivariate
statistical method that can separate these weak signals from the much
stronger background signals is required. Such a method typically re-
quires hyperspectral information, especially in the case of XC (Table 6).
We are not aware of any studies conducting a comparable evaluation of

the performance of sub-intervals of the available spectral range for PLS
estimation, but we believe it is instructive to do so and it should be
investigated further in future studies.

Our results indicated that PRI (or its scaled version sPRI) has very
limited potential for improving GPP estimation at the canopy level,
particularly regarding the diurnal component of the variability
(Table 4). In fact, we found in the SCOPE simulations that canopy-level
PRI is almost insensitive to XC (Fig. 11a). This can be understood as the
magnitude of XC is very small compared to the REF signal to which XC
is superposed (Fig. 3b) and that, at least in evergreen needleleaf eco-
systems, the seasonal variation of REF is dominated by pigment pool
changes rather than XC (Gamon et al., 2016; Wong and Gamon, 2015a,
2015b). We found that the difference of PRI with/without XC, which is
linearly related to (XC/REF)531 (Section 2.1), is very strongly related to
LUE (Fig. 11b). However, the approach of using the early morning
values as proxy for PRI without XC as proposed in previous studies
(Magney et al., 2016; Vilfan et al., 2018) appears to have very limited
potential (Fig. 11c). The large discrepancy can be explained by other
factors affecting the diurnal variability in PRI, such as geometrical ef-
fects of sun-sensor viewing geometry that actually affect the whole
spectral range to some degree (Verrelst et al., 2015)(Fig. 1a). Such
geometrical effects can also cause differences in the fraction of sun and
shade leaves in view as well as effects of the fraction of diffuse to total
downwelling irradiance (Damm et al., 2015). It remains to be seen
whether these factors can be corrected well enough using multispectral
methods to obtain a considerably better PRI-based estimation of LUE at
the canopy level.

While hyperspectral observations could in principle also be used to
attempt an inversion of SCOPE for XC in a similar way as Celesti et al.
(2018) conducted for SIF, we think that the retrieval of XC is likely
more challenging. The difficulty of directly validating canopy-level XC
mentioned above is a great challenge, and reasonable retrieval of XC
with model inversion that was recently demonstrated at the leaf level
(Vilfan et al., 2019) might not be feasible at the canopy level.

Our SCOPE model results for the wavelength dependence of SIF-GPP
relationships are noteworthy (Figs. 9, 10). We found that when using
SIF in an effectively multispectral way, as is commonly done by using
conventional retrieval algorithms, far-red SIF clearly outperforms red
SIF in direct contrast to the SCOPE simulation results reported by
Verrelst et al. (2015). Our result can be understood on the basis of the
well-known reabsorption of emitted SIF by chlorophyll for red SIF and
appears to be consistent with a previous observation-based study at an
eddy covariance site in a wheat field (Goulas et al., 2017). Furthermore,
our results were also confirmed by recent findings based on high spatial
resolution airborne SIF retrievals over a mixed forest that showed a
clear relationship of far-red SIF to simulated GPP (R2 = 0.46) but no
significant correlation of red SIF to simulated GPP (Tagliabue et al.,
2019). We verified that our results were not affected by the option in
SCOPE to simulate SIF emitted from photosystem one separately and
also found that when correcting the canopy-level SIF for the re-
absorption and scattering effects, the total emitted SIF from all leaves
still showed a similar wavelength dependence (Fig. B1 in Appendix B).
Thus, our simulation results, together with the observation-based
findings of Goulas et al. (2017) and Tagliabue et al. (2019), indicate
that the previous findings of stronger performance of red compared to
far-red SIF to estimate GPP by Verrelst et al. (2015) may have to be
reevaluated. Nevertheless, when subdividing the SIF spectral range into
50 nm wide intervals, using the pure SIF output for PLS modeling partly
showed a similar tendency to the results of Verrelst et al. (2015) for
single wavelengths. This indicates that while the relevant information is
also contained in the red emission range of SIF, it can only be extracted
using a multivariate method such as PLS using hyperspectral data.
When considering the scattering and (re)absorption effects, it becomes
apparent that the underlying simulated SIF emission spectrum has
wavelength independent estimation performance (Fig. B1). Therefore,
PLS effectively appears to be able to correct for these radiative transfer

Table 5
Overview of the evaluation of the hypotheses stated in the introduction. Results
are shown both for seasonal (based on daily mean values), combined seasonal
and diurnal variability (based on 30 min values) and diurnal variability (based
on 30 min values). The results are based on Tables 4 and S1. All results refer to
GPP estimation except for the simulation results concerning XC for H5 that refer
to LUE estimation. UPW stands for upwelling radiation, REF for reflectance, PLS
for partial least squares, SIF for sun-induced chlorophyll fluorescence, and XC
for xanthophyll cycle-related spectral changes. The symbol ‘ > ’ indicates su-
perior performance, the number of + symbols (from 0 to 3) indicates the dif-
ference in performance based on actual results, were a simple Yes’
without + signs indicates a marginal, but statistically significant, difference of
e.g. 0.01 in R2 values. ‘?’ indicates the hypotheses could not be tested using
observations. The simulations results are shown on a gray shaded background
for easeier visual distiction.
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processes when given suitable input data. When using the more realistic
mixed signal scenario where SIF is superposed to UPW, estimation
performance was more stable for the different subintervals (Fig. 10a).
This was despite similar tendencies of decreasing performance of PLSSIF

and the baseline case PLSUPW, indicating increasing improvement ef-
fects when combining SIF and other spectral information for longer
wavelengths up to 800 nm (Fig. S10a).

4.2. Optimal PLS input choice for different target variables (REF vs. UPW)

Our results demonstrated that REF as input for PLS-based GPP es-
timation is suboptimal at half-hourly temporal resolution and that UPW
showed considerably better results (Figs. 6, 7, Table 4). We could de-
monstrate that this result was more generally valid also for estimating
APAR (Figs. A1, A2, and A3 in the appendix). This confirms our hy-
pothesis H2 and is not surprising given the importance of incoming
radiation as main driver of photosynthesis at short time scales. As the
upwelling irradiance contains also information on the fraction of diffuse
PAR via its spectral signature, which is inherited form the downwelling

irradiance, there is a mechanistic basis also for LUE changes related to
indirect radiation effects of sky conditions (Gu et al., 2002). The dif-
ferences in R2 and RMSE between the best REF-based model and the
best UPW models for the half-hourly values at the seasonal time scale
were considerable (Figs. 6, 7, Table 4). In addition, the REF-based
models showed clear nonlinearities, while UPW-based models did not
(Fig. 6). These differences between REF- and UPW-based models were
consistent for both observations and simulations indicating that the
nonlinearity is a general issue with REF-based GPP estimation. Non-
linear regression methods might partly overcome this problem, but it is
unlikely that this would result in better performance than UPW-based
estimation due to absence of direct information related to radiation in
REF.

Conceptually, using REF as the sole input for GPP estimation re-
sembles an approach that reduces GPP to the two factors fPAR and LUE
(Fig. 1b). This could work reasonably well at longer time scales, e.g.
weekly to monthly, where the contribution form PAR is considerably
reduced. Indeed, our results show that REF-based GPP estimation was
closest to UPW-based models for seasonal variability (Table 4).

Table 6
Overview of several important aspects of the dynamic physiological spectral processes sun-induced chlorophyll fluorescence (SIF) and xanthophyll cycle-related
spectral changes (XC) in terms of conceptual understanding and practical application. Hyper refers to hyperspectral and multi to multispectral. REF indicates
reflectance and UPW upwelling radiation. GPP is gross primary productivity, LUE the photosynthetic light use efficiency. The results on the characteristics of the
relationships to GPP or LUE refers to half-hourly data at a seasonal time scale.

physiological process defined as difference in
(spectral range in nm)

most direct
relationship to

multispectral signal practical GPP (LUE)
estimation using PLS

relevant
example

retrieval relationship to GPP or LUE has strong

wavelength
dependence

linearity

XC REF (500–570) LUE XC531/REF531 hyper No Yes hyper UPW (hyper REF)
SIF UPW (650–850) GPP SIF760

SIF687

hyper/multi Yes No hyper UPW (hyper REF)

Fig. 11. Overview of key SCOPE-simulated
results related to the performance of the
photochemical reflectance index (PRI) for
photosynthetic light use efficiency (LUE)
estimation at the canopy scale and half-
hourly time step. a) the relationship be-
tween PRI simulated with and without the
xanthophyll cycle-related spectral changes
(XC) module, b) the relationship of the dif-
ference between these two PRIs to LUE and
c) the relationship of the proxy for the PRI
difference to LUE that uses early morning
values as approximation to zero XC.
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However, at short time scales where PAR is an important factor, this
approach is clearly limited, as indicated by the relatively poor perfor-
mance of REF-based models for diurnal variability (Table 4). For a more
detailed understanding, it is instructive to directly compare the per-
formance of REF- and UPW-based models for all three relevant factors
in the light use efficiency formulation of GPP, i.e. fPAR, PAR and LUE.
Overall, REF performed better than UPW for fPAR and LUE terms, but
UPW performed better for PAR and APAR (Fig. 7, A3). This is consistent
with the reasoning made in the introduction and shows the key dis-
advantage of using REF for GPP estimation at short time scales. In a nut-
shell, the key difference of REF and UPW for GPP estimation is that
UPW contains both direct information on the vegetation characteristics
and the incoming radiation, while REF is strongly dominated by vege-
tation characteristics and only contains weak, indirect signals related to
incoming radiation. Therefore, UPW-based models only need to de-
compose the existing REF and DNW information, while REF-based
models need to reconstruct DNW information on the basis of indirect
proxies related to atmospheric conditions, sun-sensor geometry and XC
and SIF. A more detailed discussion of the PAR and APAR estimation
results is given in Appendix A.

REF only narrowly outperformed UPW for PLS-based estimation of
LUE. The differences of REF compared to UPW models in LUE predic-
tions were notably smaller compared to GPP estimation (Figs. 7 and
S1). Moreover, REF-based GPP models only outperformed UPW-based
GPP models for the case of including XC (Figs. 7, S3, S4). The smaller
gap in performance between REF and UPW for LUE compared to GPP
estimation can be explained using the same logic as above: UPW con-
tains direct REF information but it needs to be separated from DNW
information, which results in an error.

Given the good performance of UPW for GPP and APAR estimation
and the good performance of REF for LUE and fPAR estimation (Fig. 7,
A1-A3), the following two-step approaches can be considered as po-
tential alternatives to direct GPP and LUE estimation. First, GPP could
be estimated as the product of the separate REF-based estimates of LUE
and fPAR and independently determined PAR (Fig. S11). Second, LUE
could be estimated by separately estimating GPP and APAR from UPW
and then dividing the two. We found that, at least for the simulations,
this UPW-based LUE estimation performed worse than the direct REF-
based approach (results not shown). This was partly due to the lower
impact of estimation errors in GPP and APAR during the early green-up
because of low absolute values resulting in lower accuracy and preci-
sion for LUE during that period. The REF-based GPP estimation fra-
mework, in contrast, does not suffer from such limitations as the lower-
level efficiency terms are directly estimated from suitable input data
and achieved comparable performance as direct UPW-based GPP esti-
mation for the SCOPE simulations. The promising findings of
Huemmrich et al. (2019) for REF-based LUE estimation indicate the
potential of the two-step REF-based framework. However, the re-
maining part on obtaining high quality APAR estimates remains to be
demonstrated. Despite its potential, there are potential practical dis-
advantages to the two-step REF-based approach as both up- and
downwelling hyperspectral observations are required, which is more
complex to achieve in practice and can imply cross-calibration issues.
Moreover, achieving a high signal to noise ratio in reflectance is more
challenging than for the up- and downwelling components, which could
explain that the two-step REF-based approach for GPP estimation did
not perform as well as the direct UPW-based approach in the case of our
observations.

Given the results indicating better performance of REF for LUE and
UPW for APAR and GPP estimation, there might be potential for further
improvements when combining REF and UPW as inputs for PLS models.
Adding DNW explicitly might also be considered. We therefore tested a
certain number of combinations of REF, UPW and DNW by simply
concatenating the corresponding spectra. As PLS is a linear model, we
included combinations with 1/DNW as part of the input as the division
is a nonlinear operation but is important to obtain REF from UPW or

UPW from REF in linear operations. We found that for GPP estimation,
no combination of inputs clearly outperformed the simple UPW model
in case of the simulation, and only REF combined with UPW marginally
outperformed the simple UPW model in case of observations (Table S2).
For LUE estimation, simulation results indicated that UPW or REF
combined with 1/DNW outperformed the simple REF-based model,
although the differences were also not large (maximum ΔR2 compared
to simple UPW of 0.05). Observation results for LUE estimation were
not improved by combining input variables. Overall, these results in-
dicate that UPW alone already contains all relevant information for GPP
estimation, while there is potential for small improvements in LUE es-
timation compared to REF alone.

We are not aware of any previous study that used upwelling (ir)
radiance as input to PLS models for GPP estimation, let alone compared
it to reflectance-based models but future studies should take this aspect
into account, especially at shorter time scales for which incoming ra-
diation is highly relevant.

4.3. Underlying mechanisms

We found that not the same mechanisms were underlying the ob-
servation- and simulation-based PLS models. For the simulations, we
demonstrated the beneficial effects of SIF and XC on GPP estimation
performance both for seasonal and diurnal variability (Fig. 7, Table 4)
with an unambiguous method. Therefore, we confirmed hypothesis H3
that SIF and XC play an important role in the GPP hyperspectral esti-
mation for the simulations (Table 4). For the observations, however, we
found that the best PLS models for seasonal variability where not based
on XC or SIF but that for diurnal variability they were (Table 4). This
can therefore be interpreted as partial confirmation of H3 for the
diurnal case, for which also the simulations showed the larger effects of
XC and SIF. These results are consistent with our reasoning that XC and
SIF could help improve the GPP estimation performance for diurnal
variability (Fig. 1a). For the observation-based results, however, we
found that the performance of the best PLS models for diurnal varia-
bility was only slightly better than that of APAR (Table 4).

One of the main results of the simulation-based analyses was that
XC showed better estimation performance for GPP than SIF (Figs. 7a
and 9). This is surprising in the sense that most recent efforts of hy-
perspectral GPP estimation focussed on SIF rather than the XC spectral
region. However, as our observation-based results (Fig. 7b) did not
clearly confirm this aspect of the SCOPE model results, we think the
simulation result indicating strong potential of XC needs further careful
investigation and efforts should be made to further evaluate the per-
formance of the XC module in SCOPE. As pointed out above (Section
4.1), however, this is very challenging at the canopy scale.

Another noteworthy aspect in our results is that we did not find a
clear improvement when combining the effects of SIF and XC by using
the full VNIR spectral regions (Figs. 7 and S4 and Table 4) and thus had
to reject hypothesis H4 both for observations and simulations (Table 5).
This indicates a limitation to the achievable estimation performance
and is in contradiction to previous studies showing such improvements
when combining SIF and PRI (Cheng et al., 2013; Rossini et al., 2010;
Schickling et al., 2016). While our observation-based results appeared
to indicate improvements when combining SIF and XC for the REF-
based PLS models, the performance was worse than the corresponding
UPW-based models and the alternative hypothesis H5, stating that ei-
ther SIF or XC show improved performance when combined with other
spectral information, cannot be rejected. The latter was also true in the
case of diurnal performance for UPW-based models that showed a
slightly better result when combining SIF and XC (Table 4). Moreover,
the observation-based results did not show a corresponding effect for
LUE estimation (Fig. 7d, Table S1).

The performance patterns for the observations were notably dif-
ferent from the SCOPE simulations. Above all, the SIF and XC spectral
regions only marginally outperformed the NIR region of 850–900 nm
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(Fig. 7c) where none of these two signals is present in any form. We
therefore only found very weak support for the hypothesis H3 in case of
observations at the season time scale. Several relevant aspects should be
considered in this context.

First, limitations such as low signal to noise ratio in our observations
could potentially explain why SIF and XC information could not be well
extracted. We used observations from a relatively low spectral resolu-
tion instrument (FWHM = 4 nm) when considering commonly used SIF
retrieval algorithms which would in turn require a high signal–to-noise
ratio (Damm et al., 2011). However, PLS works differently from the
commonly used retrieval algorithms and might partly even overcome
such a limitation as its signal extraction is not limited to strong
Fraunhofer or atmospheric absorption features. Moreover, we directly
compared the UPW-based PLS performance for GPP between the VNIR
spectrometer and a very high spectral resolution instrument
(FWHM = 0.17 nm) in the spectral range 730–780 nm and did not find
better performance of the high resolution data (Fig. C1 in the ap-
pendix). This indicates that the low spectral resolution instrument data
was not suffering from issues strongly limiting the signal extraction of
SIF, at least in this spectral range.

Second, there are findings in the literature that the NIR reflectance
of vegetation has a strong linear relationship with both GPP and SIF at
long time and large spatial scales (Badgley et al., 2019, 2017). NIR
reflectance is strongly related to canopy structural traits such as leaf
area index and leaf angle distribution (Jacquemoud, 1993). In parti-
cular, it was shown that the NIR reflectance of dense vegetation is
closely related to the multiple scattering controlling the fraction of NIR
radiation escaping the canopy, which also strongly affects the top-of-
canopy far-red SIF signal (Liu et al., 2018; Yang and van der Tol, 2018;
Zeng et al., 2019). It is noteworthy that, in our results, UPW850-900 even
slightly outperformed SIF760 in the case of observations and for both
seasonal and diurnal variability, although the diurnal performance was
at a similar level as for APAR (Table 4). We did not further investigate
the effect of soil background that are reduced when using the product of
NDVI and NIR reflectance (Badgley et al., 2017) on our results as this
goes beyond the scope of our study. However, as the rice paddy is al-
most permanently flooded and water is strongly absorbing the incoming
light, the effects are expected to be marginal.

4.4. Limitations of the study

We are aware that, despite a considerable effort to conduct a com-
prehensive study using both simulations and observations, our results
are limited in certain respects. For example, there is a general concern
with observation-based LUE estimation. LUE showed very high and
rather erratic results for low fPAR values early in the growing season
which results in suboptimal estimation results (Fig. 7d). The reason for
the somewhat unrealistic behavior of LUE during this period may be
due to the larger effects of measurement noise and bias compared to the
rest of the growing season when fPAR and GPP have much higher ab-
solute values. Also, we found a bias in the SIF760 results for 2017
compared to 2016 despite intensive efforts to correct for calibration
errors but this does not affect correlation, i.e. R2, only RMSE values.

For the SCOPE simulations, several aspects should be taken into
consideration. First, the module in FLUSPECT-CX (Vilfan et al., 2018)
that simulates dynamic spectral changes based on xanthophyll cycle
processes is still relatively new and should be more widely evaluated.
Second, the simulation of downwelling hyperspectral irradiance in
SCOPE is limited due to the absence of information to update the at-
mospheric parameters. A more comprehensive simulation would
therefore consider the atmospheric component more explicitly and si-
mulate downwelling spectra with MODTRAN based on observed
aerosol contents and realistic cloud parameterization. This is expected
to decrease the estimation performance somewhat as the atmospheric
variation needs to be modelled in addition to the vegetation dynamics.
This is not a limitation of our observation-based results, however, as in

this case the atmospheric variability is included in the signal. Third, all
our simulations were conducted without adding noise to the model
output. It is well known how sensitive SIF retrieval is to noise in
combination with the spectral resolution (Damm et al., 2011; Guanter
et al., 2013) and it is clear that XC can similarly be masked by noise.
Therefore, future studies should more carefully evaluate the effects of
noise on the results but a comprehensive evaluation goes beyond the
scope of our study which has the goal to evaluate the potential of GPP
estimation based on SIF or XC in an idealized setting. As we did not
conduct a detailed analysis of noise effects, we cannot exclude that
some of the performance patterns in the observation-based GPP and
LUE estimation results could be partly caused by noise in the ob-
servations. For example, UPW observations generally tend to have a
higher signal-to-noise ratio than REF observations. The reason for this is
that in REF, the large signals of incoming and outgoing sun light partly
cancel out mathematically when taking the ratio of UPW over DNW
resulting in much lower values, while the noise differs and does not
cancel out. Furthermore, increased noise due to lower sensitivity of the
detectors at the edges of the range leads to lower signal-to-noise ratios
in the 400–500 and 850–900 nm intervals compared to the inter-
mediate spectral ranges. This could partly explain the poorer GPP es-
timation performance of the 400–500 nm interval compared to the
other intervals not related with SIF or XC for the observations, e.g. the
570-560 nm range. This would be consistent with the similar perfor-
mance of the 400–500 nm range compared to the 570–650 nm range for
the SCOPE simulations. The good performance of the 850–900 nm
range despite considerable noise in the observations appears not con-
sistent with this reasoning. However, noise in the signals is only one
relevant factor and there might be other factors explaining the better
performance in the NIR range compared to the 400–500 nm range that
are not well captured in the simulations.

Our main goal in this study was to use SCOPE to simulate re-
lationships between variables and compare those relationships to the
observed relationships rather than directly comparing simulated and
observed dynamics of a given output variable such as GPP. We never-
theless compared the results of the full simulation with XC and SIF
directly to observations for a plausibility test. The results are presented
in Appendix D and indicated strong dependence of the level of agree-
ment on the targeted output variable.

4.5. Generality and large scale applicability

Our results for both the rice paddy simulations and observations
showed very good performance of the PLS-based GPP estimation for
upwelling hyperspectral irradiance as input. In particular, the con-
sistent performance when applying the model that was calibrated with
part of the 2016 growing season to the 2017 data set demonstrates a
considerable degree of robustness of the method. However, rice paddies
are a highly managed type of ecosystem in two important respects.
First, it is fertilized at the beginning of the growing season, practically
eliminating nutrient limitation (Huang et al., 2018). This translates into
a rather strong relationship between GPP and APAR that is typical for
crops but not natural ecosystems such as forests, which show a clear
saturation of GPP for high APAR (Ruimy et al., 1995; Turner et al.,
2003). Second, it is almost permanently flooded, which effectively
eliminates drought stress. Therefore, a crucial test for our approach
would be its evaluation for natural ecosystems that exhibit a con-
siderable degree of stress, in particular heat stress, drought stress and
nutrient limitation. Results by Matthes et al. (2015) indicated larger
advantages of PLS over NDVIRE in a pasture compared to a rice paddy.
Furthermore, it would be instructive to evaluate our approach for ve-
getation with C4 photosynthetic pathway. In addition, it remains to be
determined if the PLS-based method could perform well for ecosystems
with very different canopy structure, e.g. coniferous species.

Especially the promising results from previous studies at the eco-
system and global scale (DuBois et al., 2018; Huemmrich et al., 2019,
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2017) suggest that our approach could be applied at larger scales and
for different ecosystems. Thus, one possibility would be to directly
apply the method to hyperspectral satellite observations that are ex-
pected to become increasingly available in the near future in missions
such as the 400–2500 nm covering EnMAP (Guanter et al., 2015) and
the VNIR covering FLEX (Drusch et al., 2017). In fact, as our results
showed similar performance even for parts of the VNIR range, currently
available data from TROPOMI (Veefkind et al., 2012) covering the red-
edge also appears promising. However, these satellites are or will be
operated on sun-synchronous orbits and will only be able to provide
snapshot information at the time of the overpass separated by one day
in case of TROPOMI, four days in case of EnMAP, or even approxi-
mately one month in case of FLEX. Hyperspectral observations from
geostationary missions such as TEMPO (Zoogman et al., 2017), in
contrast, could use the full potential of the method to estimate GPP at
very high temporal resolutions although there might still be a limitation
in terms of spatial resolution.

An important aspect to consider when using satellite top-of-atmo-
sphere radiance data rather than REF are the considerable effects of
atmospheric absorption and scattering on the signal. However, a recent
sensitivity analysis of combined vegetation and atmospheric radiative
transfer models reported dominance of vegetation signals in relevant
spectral regions (Verrelst et al., 2019). Furthermore, multivariate re-
gression methods might be able to disentangle atmospheric from ve-
getation signals even in regions of stronger overlap when provided with
suitable training data.

The LUE-based approach using REF described in Section 4.2 and
partly evaluated by Huemmrich et al. (2019) could also be attempted at
the global scale using spatiotemporally continuous hyperspectral REF
data in combination with existing fPAR products (e.g. MODIS) and high
quality PAR products that ideally also include a decomposition into
diffuse and direct radiation. Such PAR products at high spatiotemporal
resolution have been lacking at the global scale but one was recently
published (Ryu et al., 2018).

Irrespective of the exact satellite data used or the choice of either a
direct GPP estimation or a multi-step approach based on LUE estima-
tion combined with fPAR and PAR, we expect that our approach could
lead to considerably improved global GPP. This might help to improve
previous approaches that have already been applied to statistically
upscale GPP estimates from FLUXNET observations using satellite re-
mote sensing and more recently developed multivariate regression
methods that are commonly referred to as machine learning algorithms
(Bodesheim et al., 2018; Jung et al., 2019, 2011).

5. Conclusions

We investigated the possibility of estimating GPP from continuous,
half-hourly hyperspectral observations in a rice paddy with the

multivariate regression method PLS and tested different options for the
input data. We demonstrated that upwelling irradiance outperformed
reflectance for GPP estimation with a model that was robust enough to
be applied across years. Furthermore, we found that the PLS-based GPP
estimation considerably outperformed both far-red sun-induced chlor-
ophyll fluorescence and vegetation index-based approaches for half-
hourly and daily mean values. A detailed analysis considering different
spectral ranges indicated that the best estimation models were not
clearly based on sun-induced chlorophyll fluorescence or xanthophyll
cycle-related spectral changes as spectral ranges not affected by these
factors, especially the near-infrared range, showed comparable esti-
mation performance. However, the results for diurnal variation in-
dicated a small contribution of sun-induced chlorophyll fluorescence or
xanthophyll cycle-related spectral changes.

We compared our observation-based results to the analogous results
using process-based simulations with the SCOPE model. We confirmed
the better performance of upwelling irradiance over reflectance for GPP
estimation. In contrast to the observation-based results, the simulation-
based results clearly indicated that the xanthophyll cycle-related
spectral changes in the visible range contain more relevant information
for GPP and LUE estimation than solar-induced chlorophyll fluores-
cence and that both considerably improve GPP estimation over multi-
spectral methods both in terms of seasonal and diurnal variability.
Another important finding was the absence of improvement when
combining xanthophyll-related spectral changes and SIF for estimating
GPP by using the full visible-near-infrared spectral range.

We believe that our findings are highly relevant for future research
on data-driven GPP estimation based on hyperspectral observations
that will become more important with increasing availability of hy-
perspectral satellite data products.
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Appendix A. APAR and fPAR estimation using PLS

In addition to GPP and LUE, we also estimated PAR, APAR and fPAR in an analogous way from UPW and REF observations and simulations. This
was done for the two following reasons: first, to improve the interpretation of the GPP results, as APAR is an important component in GPP (Fig. 1b);
second, to more generally test the hypothesis that fluxes such as GPP and APAR are better estimated from UPW and efficiencies such as fPAR and LUE
are better estimated from REF. Overall, both observation and simulation-based results confirmed this hypothesis (Figs. A1, A2).
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Fig. A1. PAR, fPAR and APAR estimation performance results using PLS and rice paddy observations from the 2016 growing season. The full VNIR spectral range was
used here.

The results for the observations showed very high performance of UPW-based APAR estimation across the whole VNIR range and much more
limited estimation for REF-based PLS models (Figs. A1 and A3d-f). The pattern for REF-based estimation shows some parallels to the GPP results
(Fig. 7c,d). For fPAR, REF-based models consistently outperformed UPW-based models.

Fig. A2. PAR, fPAR and APAR estimation performance using PLS and SCOPE simulations for the 2016 rice growing season. The full VNIR spectral range was used
here. Results are analogous to Fig. A1.

The results for the SCOPE simulations showed qualitatively consistent results with observations, although the differences between UPW- and
REF-based models were smaller for PAR and APAR and partly larger for fPAR (Figs. A2 and A3a-c). The pattern for REF-based estimation of PAR and
APAR closely tracked the pattern of UPW-based GPP estimation results (Fig. 7a,b) suggesting that the REF-based PAR models actually implicitly use
LUE information and an APAR-LUE relationship to improve over the baseline cases without SIF and XC. Especially the simulated performance pattern
of REF-based PAR and APAR estimation for different spectral intervals showed similar tendencies to the observations (Fig. A3). A noteworthy
difference in patterns of UPW models for PAR and fPAR estimation was the much poorer performance for the simulated 850–900 nm cases compared
to the observed ones, which might be related to incomplete modelling of soil background effects due to a static input for the soil spectrum.
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Fig. A3. Overview of Par, APAR and fPAR estimation from UPW or REF. For the simulation-based results in panels a), b) and c), the effects of including XC and/or SIF
are indicated by shading in green and red, respectively. The figure is analogous to Fig. 7 in the main text.

The much better REF-based PAR estimation performance of simulations compared to observations (R2 of 0.9 vs. 0.5, respectively) is likely related
to the limited consideration of the variation of atmospheric parameters in SCOPE in contrast to the observations, which capture the full variability of
atmospheric conditions across several months including the rainy season (see also Section 4.4).

Appendix B. Effects of scattering and reabsorption of SIF inside leaves and within the canopy on GPP estimation performance

It is well known from radiative transfer theory (Fournier et al., 2012; Vilfan et al., 2016; Yang and van der Tol, 2018) and also some experimental
literature (Romero et al., 2018; Van Wittenberghe et al., 2015) that reabsorption effects both inside the leaves and within the canopy affect SIF in the
red spectral region (approx. 650–720 nm) and that scattering within the canopy affects SIF in the far-red spectral region (approx. 720–850 nm).
Recently, this aspect has attracted more attention in the SIF research community and several studies investigated approaches to quantify the
scattering effects as well as study the effects of correcting SIF for these effects, especially at the canopy scale, on the relationships to APAR (Du et al.,
2017; Liu et al., 2018; Zeng et al., 2019). However, the impact of the scattering and reabsorption on the relationship between SIF and GPP have so far
not been reported, despite being of great interest. Therefore, we include corresponding results from our SCOPE simulations here that compare SIF-
GPP relationships at the canopy level, i.e. canopy escaping SIF, the leaf level, i.e. total emitted SIF by all leaves in the canopy, and at the photosystem
level, i.e. total emitted SIF within all leaves in the canopy. The results are presented in Fig. B1 for all wavelengths in the SIF emission range and two
different simulation options. In contrast to widely held expectations that leaf emitted SIF should show a better relationship to GPP than canopy
escaping SIF, our results showed a slight tendency toward the opposite for far-red SIF. Only for red SIF there was a slight improvement for leaf
emitted SIF and a considerable improvement for photosystem emitted SIF. We did not find major differences in the results of the two simulation
options available in SCOPE. The constant performance of photosystem emitted SIF in both cases is not surprising as in Fig. B1a a fixed spectral shape
is scaled with the same number for each wavelength and in case of Fig. B1b the contribution from photosystem 1 is constant and therefore does not
affect the correlation to GPP.
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Fig. B1. Comparison of different SIF simulation options in SCOPE and their effects on relationships of SIF to GPP in terms of squared Pearson correlation. In a) the
default option is chosen to not separately calculate contributions from photosystem I (PSI) and photosystem II (PSII), while in b) the option to calculate contributions
from both photosystems separately is chosen. In addition, results are given for different levels of the signal in order to disentangle the physiological signal from the
leaf and canopy structure – related scattering processes: the results for canopy escaping SIF are shown in solid lines, the results for the SIF emitted from all leaves in
the canopy are given in dashed lines, and the photosystem-level emitted SIF from all leaves is shown in dotted lines. R2 results are shown as black lines and the
corresponding normalized SIF spectra for an example 30 min time step are shown in gray to visualize the effects of scattering processes on the spectral shape.

Appendix C. Dependence of PLS-based GPP estimation on spectral resolution

Commonly used SIF retrieval methods are known to be very sensitive to spectral resolution in combination with signal-to-noise-ratio (Damm
et al., 2011; Guanter et al., 2013). Although this might not apply in the same way to a PLS-based implicit retrieval when estimating GPP, we
investigated potential limitations of our results based on a VNIR spectrometer with a relatively low spectral resolution (FHWM = 4 nm). For this, we
compared the UPW-based PLS estimation performance around the oxygen A band of the low resolution instrument with a high spectral resolution
instrument (FHWM = 0.17 nm) in the spectral range 730–780 nm for which there was a spectral overlap from both instruments. We reduced the
2016 rice paddy dataset to the intersection dataset of both instruments to ensure direct comparability of the results. We found slightly superior
performance of the low resolution instrument (Fig. C1) indicating that our results were not limited by the spectral resolution, at least in the spectral
range of 730–780 nm where the strongest signal for far-red SIF is located.

Fig. C1. Comparison of the UPW-based GPP estimation of a) the high resolution spectrometer (FWHM = 0.17 nm) with b) the low resolution spectrometer
(FWHM = 4 nm) for the same spectral range (730–780 nm) and the intersection dataset of the 2016 rice growing season. GPP is given in units of μmol m−2 s−1.

Appendix D. Direct comparison of SCOPE simulation results with observations

We compared the results of the full SCOPE simulation with XC and SIF directly to in-situ observations for a plausibility test. We found the best
performance for APAR (R2 = 0.91), strong correlation for SIF (R2 = 83), moderate performance for GPP (R2 = 0.68), and limited agreement for PRI
(R2 = 0.56). We suspect that the better performance of SIF compared to GPP is likely related to the stronger SIF-APAR relationship (Yang et al.,
2018) and the good agreement for APAR. While the discrepancy between observed and simulated PRI suggests some limitations, several important
aspects should be considered. First, the apparent mismatch of simulated PRI does not necessarily indicate an underlying problem with the new
version of FLUSPECT for XC simulation (Vilfan et al., 2018) as we found that XC only very small effects on the canopy-level PRI as pointed out in
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Section 4.1 and shown in Fig. 11. Instead we found a very high sensitivity of the simulated canopy PRI to the Cab forcing (results not shown). As the
latter was based on interpolated estimates from PROSPECT inversion of leaf reflectance observations, a bias cannot be excluded. Second, PRI was not
the only simulated output that did not agree well with the observations. For example, NDVIRE also showed clear discrepancies as well as the canopy
NIR reflectance. The latter is known to be strongly related to the LAI forcing as well as other fixed parameter settings affecting canopy structure. We
conclude that the forward simulation of canopy reflectance related properties in the rice paddy is challenging despite our extensive efforts to
measure relevant variables over the growing seasons.

Fig. D1. Overview of SCOPE-simulated (sim.) vs. observed (obs.) variables for the 2016 rice growing season and half-hourly values. GPP and APAR are given in units
of μmol m−2 s−1, SIF760 is given in mW m−2, and PRI and NDVIRE are unitless. Points are shown as partly transparent, filled circles to visualize point density.

Appendix. E Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.rse.2019.111435.
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