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Abstract: The uncertainty of carbon fluxes of the terrestrial ecosystem is the highest among all flux
components, calling for more accurate and efficient means to monitor land sinks. Gross primary
productivity (GPP) is a key index to estimate the terrestrial ecosystem carbon flux, which describes
the total amount of organic carbon fixed by green plants through photosynthesis. In recent years,
the solar-induced chlorophyll fluorescence (SIF), which is a probe for vegetation photosynthesis and
can quickly reflect the state of vegetation growth, emerges as a novel and promising proxy to estimate
GPP. The launch of Orbiting Carbon Observatory 2 (OCO-2) further makes it possible to estimate
GPP at a finer spatial resolution compared with Greenhouse Gases Observing Satellite (GOSAT),
Global Ozone Monitoring Experiment-2 (GOME-2) and SCanning Imaging Absorption spectroMeter
for Atmospheric CHartographY (SCIAMACHY). However, whether the relationship between GPP
and SIF is linear or non-linear has always been controversial. In this research, we proposed a new
model to estimate GPP using SIF and the atmospheric CO2 concentration from OCO-2 as critical driven
factors simultaneously (SIF-CO2-GPP model). Evidences from all sites show that the introduction
of the atmospheric CO2 concentration improves accuracies of estimated GPP. Compared with the
SIF-CO2-GPP linear model, we found the SIF-GPP model overestimated GPP in summer and autumn
but underestimated it in spring and winter. A series of simulation experiments based on SCOPE
(Soil-Canopy Observation of Photosynthesis and Energy) was carried out to figure out the possible
mechanism of improved estimates of GPP due to the introduction of atmospheric CO2 concentrations.
These experiments also demonstrate that there could be a non-linear relationship between SIF
and GPP at half an hour timescale. Moreover, such relationships vary with CO2 concentration.
As OCO-2 is capable of providing SIF and XCO2 products with identical spatial and temporal scales,
the SIF-CO2-GPP linear model would be implemented conveniently to monitor GPP using remotely
sensed data. With the help of OCO-3 and its successors, the proposed SIF-CO2-GPP linear model
would play a significant role in monitoring GPP accurately in large geographical extents.
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1. Introduction

The carbon flux of terrestrial ecosystems, with the greatest uncertainty, plays an important role in
the carbon cycle [1]. Terrestrial carbon fluxes are fundamental to understand the feedback mechanism
of terrestrial ecosystems to climate change [2]. However, the imbalance between carbon sources and
carbon sinks results in the so-called “mystery of the missing carbon” [3,4]. Therefore, there is an
urgent need to obtain accurate estimates of terrestrial carbon fluxes [5]. Gross primary productivity
(GPP) is an important indicator for estimating terrestrial carbon fluxes. GPP refers to the amount of
organic carbon fixed by green plants through photosynthesis per unit time; thus, it determines the
initial substances and energy entering terrestrial ecosystems [6,7]. Therefore, an accurate estimation of
GPP is an indispensable step to reduce the uncertainty of terrestrial carbon fluxes.

The eddy covariance (EC) technology is seen as the most accurate method to estimate GPP. The main
features obtained by the EC technology include semi-hourly/hourly fluxes of CO2, heat and humidity.
Ecosystem respiration (ER) is calculated by interpolating Net Ecosystem Exchange (NEE) and temperature
(T) [8–11]. Then, GPP is calculated as the difference between ER and NEE. The flux-tower-derived GPP
products have clear advantages in the accuracy compared with remote sensing products. However,
the footprint of observations of flux towers is small, resulting in a lack of spatial representativeness.
Moreover, the number of flux towers is insufficient to monitoring GPP globally, and the uneven distribution
of flux towers further left huge gaps in many regions. Satellite observations can serve as a good supplement
to flux towers in terms of spatial coverage despite relatively lower accuracy of GPP estimates. For example,
MODIS GPP is calculated using the light use efficiency (LUE) model [12]. The LUE model is the product
of three variables fPAR (the proportion of PAR absorbed by plant canopies), PAR (photosynthetically
active radiation) and LUEP (light use efficiency). LUEP indicates the efficiency of the radiation absorbed
by the vegetation during photosynthesis [13]. LUEP is the critical input parameter of the LUE model,
which is susceptible to plant growth status and ecological environments. Therefore, the light use
efficiency should vary with different environments and growth stages of vegetation theoretically.
However, LUEP is generally determined as a fixed parameter in the LUE model according to specific
vegetation types, resulting in large uncertainties of estimated GPP. In addition, the LUE model requires
a large number of ground parameter inputs, and the uncertainty of those parameters will also propagate
to estimates of GPP [14,15].

Solar-induced chlorophyll fluorescence (SIF) is a probe of vegetation photosynthesis because
most changes in photosynthesis can be reflected by SIF. Hence, SIF opens a new prospect for GPP
estimations [16,17]. Previous studies have demonstrated that SIF-estimated GPP is more accurate
than that of LUE model mainly because SIF is a byproduct of photosynthesis. Hence, water and
heat stress on photosynthesis processes can be reflected by changes in chlorophyll fluorescence
immediately [12,18]. Recent studies show that the accuracy of SIF-estimated GPP is evidently higher
than those estimated by other vegetation indexes, such as the normalized difference vegetation index
(NDVI) and enhanced vegetation index (EVI) [12,18,19]. Some researchers used SIF to calculate
Vcmax (maximum carboxylation capacity), which presented a better GPP estimation accuracy [20,21].
SIF products from the Greenhouse Gases Observing Satellite (GOSAT) [22], the Global Ozone Monitoring
Experiment-2 (GOME-2) [23] and the SCanning Imaging Absorption spectroMeter for Atmospheric
CHartographY (SCIAMACHY) [24] were used to establish models to estimate GPP in the past a few
years. Along with the launch of the Orbiting Carbon Observatory 2 (OCO-2) in 2014, a new SIF product
is now available to estimate GPP at a finer spatial resolution (1.3 × 2.25 km), comparing with previous
products from GOME-2 (40 × 40 km) and GOSAT (10km diameter) [22]. The main task of OCO-2
is to map the global atmospheric CO2 concentration by recording the sunlight reflected from the
Earth’s surface. The main sensor of OCO-2 consists of three high-resolution spectrometers that make
coincident measurements of reflected sunlight in the 1.61 (CO2 weak absorption), 2.06 (CO2 strong
absorption) and 0.76 µm (O2 A-Band) bands. The SIF product can be retrieved using IMAP-DOAS
algorithm of NASA. The general principle of retrieving SIF is based on the filling of Fraunhofer
solar lines. Measuring the partial depth of Fraunhofer spectral lines, which decreases with the
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presence of surface SIF radiation. Previous studies have shown that there is a strong linear/nonlinear
relationship between SIF products of OCO-2 and GPP [25,26]. However, the SIF signal can be affected
by solar and viewing zenith angles [27]. Moreover, the atmospheric CO2 concentration is another
important factor affecting vegetation photosynthesis and GPP [28]. Existing studies have confirmed
that the increasing atmospheric CO2 concentration promotes the rate of photosynthesis of tomato
plants on the scale of individual plants [29]. On the scale of larger vegetation distribution, previous
studies also demonstrated that CO2 has a significant impact on the total primary productivity of
vegetation [30–32]. However, current studies on estimating GPP using satellite-derived SIF products
ignored the possible effect of atmospheric CO2 concentrations on modeling GPP. The SIF-GPP model
could be further improved by the introduction of a new parameter, namely, the atmospheric CO2

concentration. Therefore, we propose to investigate the effect of atmospheric CO2 concentrations on
estimating GPP using SIF products. Because OCO-2 provides of column-averaged CO2 dry air mole
fraction, abbreviated as XCO2 hereafter, and SIF simultaneously. Which will be very easy to take the
atmospheric CO2 concentration into the new model of GPP.

The rest of this work is organized as follows. Section 2 introduces the study area, datasets and methods.
The results are demonstrated in Section 3. Discussions are provided in Section 4. Finally, we conclude the
whole study in Section 5.

2. Materials and Methods

2.1. Study Area

In order to find a suitable study area, we screened all flux towers coinciding geographically
with OCO-2 footprints in North America. Finally, we chose 12 EC flux sites in North America as
shown in Figure 1, because both EC flux data and OCO-2 data are available, and vegetation types are
homogeneous at those sites. There are 6 major biome types, namely, Evergreen Needleleaf Forests
(3 sites), Mixed Forests (2 sites), Deciduous Broadleaf Forests (2 sites), Permanent Wetlands (3 sites),
Grasslands (1 site) and Open shrublands (1 site). More details of selected sites are described in Table 1.
Those sites are most in the mid-latitude region, ensuring that there are adequate OCO-2 data. Besides,
both SIF and GPP products are available at these sites.

2.2. Data Source

In this study, the datasets used included OCO-2 products, EC Flux Tower datasets and MODIS data.
We used SIF and XCO2 data from OCO-2. The data versions of SIF and XCO2 are OCO2_L2_Lite_SIF.8r
and OCO2_L2_Lite_FP.8r, respectively. The SIF product was calculated using the IMAP-DOAS
algorithm. The SIF product was retrieved using two Fraunhofer lines centering at 757 nm and 771
nm, respectively. There are three observation modes for OCO-2, namely, nadir, glint and target mode.
In order to avoid additional errors, we only select SIF products in the same observation mode for each
site. If there are SIF products with more than two observation modes for a single site, the observation
mode with the largest amount of data was selected. With that criterion, we used SIF data of target mode
for US-PFa and US-WCr, used those of glint mode for CA-TPD. For the rest of the sites, we used SIF
data of nadir mode. Moreover, we extracted XCO2 data and their corresponding quality identification
from OCO-2 datasets spanning from 2014 to 2019.

In this study, we used land cover classification 2 (University of Maryland UMD format) of
MCD12Q1 from MODIS as auxiliary data to evaluate the study area. Land cover types of North
America contain 17 different types. Different vegetation types are represented by different colors.
(Figure 1). Due to the proximity of several selected study areas to each other, we have expanded some
of the study areas to provide a clear description of the locations of these flux towers. In addition to
remote sensing products, we also used GPP and surface CO2 concentrations from EC flux towers.
Both of these products were downloaded from the Ameriflux website.
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Figure 1. Location and attribute of selected EC sites. (a) An enlarged image showing sites of US-PFa, 
US-Syv, US-WCr, US-Los and US-Ro4. (b) An enlarged image showing sites of CA-TP3, CA-TP4 and 
TPD. (c) The location map of the study area; the five-pointed star indicates the location of the study 
area, and the base map is created in ARCGIS using MCD12Q1 data. 

Table 1. Detailed information of eddy covariance (EC) Flux Towers, including site’s name, latitude, 
longitude, the year of data used and its institution (ENF: Evergreen Needleleaf Forests, DBF: 
Deciduous Broadleaf Forests, GRA: Grasslands, OSH: Open shrublands, MF: Mixed Forest, WET: 
Permeland Wetlands). 
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CA-TPD 42.64 −80.56 2014–2015 DBF McMaster University 
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US-Syv 46.24 −89.35 2014–2018 MF University of Wisconsin 

US-PFa 45.95 −90.27 2014–2018 MF University of Wisconsin 

US-SCC 61.31 −121.30 2014–2016 ENF University of California 

US-EML 63.88 −149.25 2014–2018 OSH University of Northern Arizona 

US-Ro4 44.68 −122.03 2014–2019 GRA USDA-ARS 

US-PHM 42.47 −70.83 2014–2018 WET Marine Biological Laboratory 
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Figure 1. Location and attribute of selected EC sites. (a) An enlarged image showing sites of US-PFa,
US-Syv, US-WCr, US-Los and US-Ro4. (b) An enlarged image showing sites of CA-TP3, CA-TP4 and
TPD. (c) The location map of the study area; the five-pointed star indicates the location of the study
area, and the base map is created in ARCGIS using MCD12Q1 data.

Table 1. Detailed information of eddy covariance (EC) Flux Towers, including site’s name, latitude,
longitude, the year of data used and its institution (ENF: Evergreen Needleleaf Forests, DBF: Deciduous
Broadleaf Forests, GRA: Grasslands, OSH: Open shrublands, MF: Mixed Forest, WET: Permeland Wetlands).

Site Lat (◦) Lon (◦) Year Type Institution

CA-TP3 42.71 −80.35 2014–2017 ENF McMaster University
CA-TP4 42.71 −80.36 2014–2017 ENF McMaster University
US-Los 46.09 −89.98 2014–2019 WET University of Wisconsin

CA-TPD 42.64 −80.56 2014–2015 DBF McMaster University
US-Srr 38.20 −122.03 2014–2017 WET USGS
US-Syv 46.24 −89.35 2014–2018 MF University of Wisconsin
US-PFa 45.95 −90.27 2014–2018 MF University of Wisconsin
US-SCC 61.31 −121.30 2014–2016 ENF University of California
US-EML 63.88 −149.25 2014–2018 OSH University of Northern Arizona
US-Ro4 44.68 −122.03 2014–2019 GRA USDA-ARS

US-PHM 42.47 −70.83 2014–2018 WET Marine Biological Laboratory
US-WCr 45.81 −90.27 2014–2018 DBF University of Wisconsin

We did a preliminary processing of the data. XCO2 data with “xCO2_quality_flag” equal to
1 were also eliminated. For EC tower’s products, there are several missing measurements in the
original products of the surface CO2 mole fraction and GPP measurements. We have applied spline
interpolation to fill these missing values. For the CO2 data of the flux tower, we take the frictional
wind speed 0.2 as the threshold value. Only when the frictional wind speed is greater than 0.2 can we
consider the CO2 data to be valid [33].
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2.3. Method

The core idea of this work is to prove that the atmospheric CO2 concentration is a critical factor
determining the performances of modelling GPP using OCO-2 SIF data. Based on that, we try to propose
a SIF-CO2-GPP model to better reproduce GPP. Hence, there are several procedures to be followed.
Firstly, we need to determine which SIF product of OCO-2 datasets would be more appropriate as the
input of the SIF-GPP model /SIF-CO2-GPP model. Secondly, we need to figure out the most suitable
timescale in modeling GPP using SIF. After that, it is the most important part of this work to compare
the performances of commonly used SIF-GPP model and propose the SIF-CO2-GPP model. On that
basis, we need to prove there is a strong relationship between the surface CO2 concentration and XCO2

so that all inputs of the SIF-CO2-GPP model would be obtained from satellite-based means. Finally,
it is also necessary to find out plausible mechanisms to explain why and how the inclusion of CO2

concentration helps promoting performances of modeling GPP using SIF.

2.3.1. The Linear Relationship of EC GPP and OCO-2 SIF at Different Bands and Timescales

Figure 2 shows the workflow of this study. First of all, we tried to evaluate the performances
of SIF-GPP models in terms of the timescale. Therefore, SIF-GPP models were established using
instantaneous and daily SIF data, respectively. We selected the OCO-2 product within 10 km of the
EC tower for comparison with the GPP product of the EC flux tower. The SIF product of OCO-2 is
the instantaneous data in two bands, 757 nm (ins757) and 771 nm (ins771). We also converted the
instantaneous SIF data to daily data (SIF757 and SIF771) using the daily average correction factor from
the OCO-2 L2 file. Since the average of SIF771 is 1.2 to 1.5 times smaller than SIF757, we multiplied the
value of SIF771 by 1.5. For the convenience of comparison, the value of SIF771 is multiplied by 1.2–1.5.
We multiplied the value of SIF771 by a factor of 1.5. The instantaneous GPP (insGPP) is calculated as
the average of hourly/semi-hourly GPP data between 1:00 and 2:00 pm local time. In this study, all EC
tower stations provide semi-hourly GPP except US-PFa, which provides hourly GPP data. On that
basis, linear correlations between instantaneous SIF data (ins757 and ins771) and instantaneous GPP
(insGPP) were established and analyzed. Moreover, we converted the hourly/semi-hourly GPP data of
EC towers to daily GPP after filling some missing data using an interpolation process. Then, we have
examined the linear correlation between daily SIF (SIF757 and SIF 771) and daily GPP. Furthermore,
we compared performances of linear models those utilize SIF data of different bands (757 nm and
771 nm) as independent variables at both timescales to find out which SIF data is more suitable for
estimating GPP. In evaluations of linear models, goodness of fit, R2, is used to describe the degree of
interpretation of GPP by SIF. The correlation coefficient (R) indicates how close the two variables are.
We used p to represent the significance of the model. It is generally considered that the linear analysis
is significant when p value is less than 0.005.

Figure 2. The flow diagram of this study.
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2.3.2. SCOPE Model

Theoretically, the atmospheric CO2 concentration could be an important factor affecting
photosynthesis of vegetation, and many studies have shown that CO2 has a fertilizing effect on
most vegetation [28,34,35]. In this study, SCOPE model (Soil-Canopy Observation of Photosynthesis
and Energy) is used to explore the mechanism of how CO2 affects GPP estimation. SCOPE model is a
vertical (1-D), integrated, radiative transfer and energy balance model [36], which can be applied to the
quantitative study of canopy fluorescence spectrum and net photosynthetic of the canopy. SCOPE
model consists of two modules: Fluspect, which is used to simulate the radiation transmission of
reflected light, transmitted light and fluorescence inside the blade, and Biochemical module, which is
used to calculated the photosynthetic rate and the ratio of absorbing radiation to fluorescence in C3
and C4 plants [37].

In this study. Firstly, we used the SCOPE model to simulate GPP with a varying SIF and
different settings of atmospheric CO2 concentrations. Then, we can analyze the effect of different CO2

concentrations on the linear relationship of SIF-GPP. The required input parameters of the SCOPE model
include meteorological data (incoming shortwave and long-wave radiation, air temperature, humidity,
wind speed and CO2 concentration), leaf area index(LAI), leaf angle distribution, leaf chlorophyll
content(Cab), stomatal conductance parameter (m), maximum carboxylation capacity(Vcmo) and so on.
In order to explore the effect of the CO2 concentrations on daily variation characteristics of vegetation
canopy GPP and SIF, the model parameters were set as follows: (1) Biochemical parameters: Set Vcmo

to 90 according to Kothavala’s work [38]. When C3 plants have enough water m(Ball-Berry stomatal
conductance parameter) should be set to 9 [39]. Dark respiration (Rdparam) was set to 0, so that the
net photosynthesis of canopy output is equivalent to GPP [40]. (2) The meteorological data, which
spans from 8:00 am to 18:00 pm on April 14, 2015, with a time resolution of half an hour, were acquired
from US-Syv flux towers. (3) Finally, the atmospheric CO2 concentration was set to 8 levels, namely,
300, 350, 375, 400, 425, 450, 475 and 500 ppm. The remaining input parameters were set as defaults of
the SCOPE model.

2.3.3. Detection of CO2 Correction for SIF-GPP Model

In order to explore the impact of atmospheric CO2 concentrations on estimating GPP,
we constructed a SIF-CO2-GPP linear model to estimate GPP and compared it with the frequently used
SIF-GPP model. When constructing the SIF-CO2-GPP model, we used the surface CO2 mole fraction
data of the EC flux towers. The SIF-CO2-GPP model utilizes the daily SIF757 as the primary variable
and the CO2 mole fraction as the secondary variable to estimate GPP (Hereafter, GPPM represents the
result of the SIF-CO2-GPP model while GPPS represents the result of the SIF-GPP model). We used
the method of k-fold cross validation to compare the SIF-GPP model with the SIF-CO2-GPP model.
In other words, the samples were divided into k portions. These k-1 portions were used for establishing
the model and 1 portion was used for validation. Then we repeated k times of the above procedures
so that all samples were used for the validation. For sites that have more than 10 samples, k is 10.
Otherwise, k is 4. By comparing performances of the SIF-GPP model and the SIF-CO2-GPP model,
we tried to find out whether the introduction of CO2 mole fraction can improve the accuracy of
estimating GPP, since the ultimate goal of both models is to estimate the regional GPP by remotely
sensed proxy parameters. Here we conduct additional experiments to investigate the relationship
between the surface CO2 molar fraction measured by the EC flux tower and the XCO2 obtained by
OCO-2. We selected four flux towers with sufficient XCO2 data to establish a linear relationship
between surface CO2 molecular weight and XCO2. Since the EC flux tower and the OCO-2 footprint
barely overlap, the XCO2 data for OCO-2 within 10 km of the EC flux tower were averaged and
compared to the surface CO2 molar fraction measured in the EC flux tower. Finally, the gridded GPPS

and GPPM were produced using OCO-2 products in surroundings of US-PFa on four representative
days of different seasons. The coverage and spatial resolution are ~20 × 20 km and 1 km, respectively.
Differences between areal GPPS and GPPM were demonstrated in terms of spatial and temporal scales.
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3. Results

3.1. Selection of Appropriate Bands and Timescales

Figure 3 illustrates the linear relationship between instantaneous SIF of different bands and
instantaneous GPP. In general, there is a strong linear relationship between SIF and GPP. For most
towers, ins757 was more strongly correlated to tower-measured GPP than ins771. Therefore, the ins757
could be a better proxy to estimate instantaneous GPP than ins771. Our results are consistent with the
hypothesis of a previous study [18]. A plausible reason to explain such results would be that 771 nm
is farther away from the peak of SIF spectrum than 757 nm. We also speculate that the insufficient
sample size would lead to an unstable and inaccurate model and that could be responsible for the
exception [12].Remote Sens. 2019, 11, x FOR PEER REVIEW 8 of 21 

 

  
Figure 3. The linear relationship between instantaneous solar-induced chlorophyll fluorescence (SIF) 
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are presented in colorful lines for different independent variables. 
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Figure 3. The linear relationship between instantaneous solar-induced chlorophyll fluorescence (SIF)
and instantaneous gross primary productivity (GPP) for different EC flux towers. The red circle
represents the data of ins757 while the black dot represents the data of ins771. The linear relationships
are presented in colorful lines for different independent variables.

The linear relationships between daily SIF and daily GPP at 12 sites were shown in Figure 4.
Overall, R2 of linear models for daily GPP estimating are evidently higher than those for instantaneous
GPP. Besides, the advantage of SIF products of 757 nm has been further strengthened over SIF products
of 771 nm in terms of estimations of daily GPP. Consequently, we concluded that OCO-2 SIF products
of 757 nm are better than those of 771 nm in estimating GPP, and it is better to estimate daily GPP
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than instantaneous GPP. In order to figure out which timescale of the SIF data is more suitable for
estimating GPP, we compare the coefficient of determination R2 of ins757-GPP and daily757-GPP
in Table 2. Except for CA-TP4, CA-SCC, US-EML and US-Los, R2 of -SIF757-GPP at other sites is
significantly higher than that of ins757-GPP. Therefore, we can conclude that daily SIF data is more
suitable for estimating GPP.Remote Sens. 2019, 11, x FOR PEER REVIEW 9 of 21 
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Figure 4. The linear relationship between daily SIF and daily GPP for different EC flux towers. The red
circle represents the data of daily757 while the black dot represents the data of daily771. The linear
relationships are presented in colorful lines for different independent variables.

Table 2. Comparisons of R2 of SIF-GPP models at instantaneous and daily scales.

Site ins757-GPP Daily757-GPP

US-Srr 0.30 (p < 0.001) 0.53 (p < 0.001)
US-WCr 0.67 (p < 0.001) 0.80 (p < 0.001)
US-Syv 0.18 (p < 0.001) 0.61 (p < 0.001)
US-PFa 0.60 (p < 0.001) 0.72 (p < 0.001)
CA-TP3 0.40 (p < 0.001) 0.47 (p < 0.001)
CA-TP4 0.47 (p < 0.001) 0.41 (p < 0.001)
CA-SCC 0.74 (p < 0.001) 0.68 (p < 0.001)
US-EML 0.81 (p < 0.001) 0.73 (p < 0.001)
US-PHM 0.60 (p < 0.001) 0.75 (p < 0.001)
US-Ro4 0.74 (p < 0.001) 0.87 (p < 0.001)
US-TPD 0.36 (p < 0.001) 0.40 (p < 0.001)
US-Los 0.81 (p < 0.001) 0.64 (p < 0.001)
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3.2. The Performance is Improved Due to the Addition of CO2

Table 3 demonstrates the fitted formulae and R2 of SIF-GPP models and SIF-CO2-GPP models.
R2 of models surges after the introduction of surface CO2 concentrations, implying that the CO2

concentration plays a critical role in modeling GPP. In statistics, the coefficient of determination (R2)
indicates the ability of the dependent variable to predict the dependent variable. A significant increase
in R2 indicates that surface CO2 concentration is a non-negligible variable for estimating GPP. In all 12
sites, R2 was improved to varying degrees at all 12 sites (3%–41%) after the introduction of the surface
CO2 concentrations. Table 3 also shows an interesting a phenomenon that the increase rate has a
negative correlation with R2 of the SIF-GPP model. Table 3 also shows an interesting phenomenon, as 9
of the 12 study sites had negative CO2 coefficients in the study area. The increase of model performance
due to the introduction of CO2 could be explained by the fact that the effect of CO2 correction mitigates
the non-linear relationship between daily SIF and daily GPP. It is worth noting that it is by no means
negative coefficients of CO2 imply a high CO2 concentration would cause a decreasing of GPP because
the linear regression indicates a correlation but not causality. Details on a possible mechanism on how
CO2 concentrations regulate GPP will be discussed in Sections 4.1 and 4.2.

Table 3. Comparison of the SIF-GPP model and the SIF-CO2-GPP model. Increase rate is the difference
between the R2 of both models. The CO2 data comes from the EC flux tower.

Site
SIF-GPP Model SIF-CO2-GPP Model Increase Rate

(%)Fitted Formula R2 Fitted Formula R2

US-Srr GPP = 44.97 * × SIF − 2.67 0.53 GPP = 11.52 × SIF − 0.16 × CO2 + 65.37 0.70 32%
US-WCr GPP = 21.06 × SIF − 1.78 0.80 GPP = 19.80 × SIF − 0.05 × CO2 + 18.49 0.83 4%
US-Syv GPP = 20.50 × SIF + 1.98 0.61 GPP = 9.37 × SIF − 0.53 × CO2 + 214.29 0.86 41%
US-PFa GPP = 15.86 × SIF − 0.64 0.72 GPP = 11.52 × SIF − 0.16 × CO2 + 65.37 0.88 19%
US-TP3 GPP = 30.05 × SIF + 2.97 0.47 GPP = 29.42 × SIF − 0.41 × CO2 + 150.73 0.63 34%
US-TP4 GPP = 29.20 × SIF + 2.90 0.41 GPP = 9.42 × SIF − 0.47 × CO2 + 179.32 0.67 33%
CA-SCC GPP = 42.70 × SIF − 0.80 0.68 GPP = 33.81 × SIF − 0.05 × CO2 + 22.64 0.73 7%
US-EML GPP = 18.56 × SIF + 0.73 0.73 GPP = 23.48 × SIF + 0.07 × CO2 − 27.53 0.80 10%
US-TPD GPP = 27.70 × SIF + 7.02 0.40 GPP = 32.30 × SIF + 0.11 × CO2 − 37.61 0.50 25%
US-Ro4 GPP = 42.92 × SIF − 1.09 0.87 GPP = 49.09 × SIF + 0.08 × CO2 − 36.03 0.90 3%

US-PHM GPP = 17.82 × SIF − 0.64 0.75 GPP = 17.74 × SIF − 0.001 × CO2 − 0.40 0.77 3%
US-Los GPP = 8.77 × SIF − 0.01 0.64 GPP = 8.256 × SIF − 0.07 × CO2 + 29.57 0.69 9%

Figure 5 shows linear relationships between modeled GPP and measured GPP in different sites.
We used the measured GPP of EC Flux towers represents truth value. Then, we used the method of
leave-one-out cross validation to compare the SIF-GPP model with the SIF-CO2-GPP model. R of
GPP-GPPM is higher than that of GPP-GPPS at all sites. We also calculated root-mean-square error
(RMSE), which represents the deviation between the estimates of models and true values (Table 4).
The RMSE of SIF-CO2-GPP models are lower than those of SIF-GPP models at 8 out of 12 sites,
suggesting better performances of SIF-CO2-GPP models. In the meantime, slopes of linear relationships
between GPP and GPPM are much more close to 1 than those between GPP and GPPS. All the above
results indicate that the SIF-CO2-GPP model is superior to the traditional SIF-GPP model.

Table 4. Root-mean-square error (RMSE) of SIF-GPP and SIF-CO2-GPP model. The unit is g Cm−2 day−1.

Sites SIF-GPP SIF-CO2-GPP

US-Srr 2.37 1.80
US-WCr 1.72 1.71
US-Syv 1.86 1.86
US-PFa 1.51 1.20
CA-TP3 2.40 1.87
CA-TP4 2.89 1.28
CA-SCC 2.09 1.45
US-EML 2.11 1.26
US-PHM 1.21 1.23
US-Ro4 2.43 2.45
US-TPD 3.09 2.79
US-Los 2.74 2.80
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Figure 5. Validation of the SIF-GPP model and the SIF-CO2-GPP model for different EC flux towers.
The black dots represent the GPP estimated by the SIF-CO2-GPP model, and the red circles represent
the GPP estimated by the SIF-GPP model. The fit lines for GPP of the flux towers and GPPM are
indicated by black lines. Fitting lines for GPP for flux towers and GPPS are indicated by red lines.

3.3. Relationships between XCO2 and Surface CO2 Mixing Ratio

In Table 3, we used the surface CO2 mixing ratio measured by EC flux towers as the input of
the SIF-CO2-GPP models. However, the ultimate goal of the proposed model is to map distributions
of GPP in large extents. Hence, it is critical to find an appropriate proxy to the surface CO2 mixing
ratio. XCO2 is the main products of OCO-2. Both XCO2 and SIF products are retrieved from spectral
measurements of OCO-2. Therefore, XCO2 and SIF products of OCO-2 share the same footprints with
respect to both time and space dimensions. If there was a robust relationship between surface CO2

mixing ratio and XCO2, it would be a key foundation for mapping GPP globally using the proposed
SIF-CO2-GPP model. Hence, additional experiments were conducted to investigate the relationship
between the CO2 mixing ratio observed in the EC flux tower (hereafter referred to as tower CO2) and
the XCO2 product of OCO-2. For this sake, we carried out an additional experiment to explore the
relationship between surface CO2 mixing ratio of EC flux towers, abbreviated as Tower CO2 hereafter,
and XCO2 products of OCO-2. Figure 6 illustrates the linear correlation between XCO2 of OCO-2 and
Tower CO2. x represents XCO2 of OCO-2 while y stands for Tower CO2, and N is the number of valid



Remote Sens. 2020, 12, 1377 11 of 19

samples. CA-TP4, CA-TPD and US-Syv had less than 8 samples, resulting in an unreliable relationship
between XCO2 and tower CO2. Therefore, these sites were excluded from this experiment. First of
all, R between XCO2 and Tower CO2 fluctuate between 0.54 and 0.87, showing there are strong linear
correlation between XCO2 and Tower CO2. That feature would be very beneficial to replacing surface
CO2 mixing ratio by XCO2 in the SIF-CO2-GPP model. Meanwhile, it is also illustrated that slopes of
linear relationship between XCO2 and tower CO2 deviate significantly from 1. It is hence concluded
that there is need for correlating XCO2 and surface CO2 mixing ratio by means of observations and
atmospheric models. Another alternative solution is to directly establish the SIF-CO2-GPP model using
XCO2 instead of Tower CO2 if there were adequate valid samples.Remote Sens. 2019, 11, x FOR PEER REVIEW 13 of 21 

 

 

Figure 6. Linear relationships between XCO2 of OCO-2 and measured surface CO2 mixing ratio of EC 
flux towers. Dots indicate CO2 of EC towers and XCO2 fit points at the flux towers, and black lines 
indicate the fit line 

3.4. Mapping GPP using OCO-2 SIF and XCO2 Products 

Finally, we have mapped the gridded GPP based on the traditional SIF-GPP model and SIF-CO2-
GPP model to explore new features of the proposed model. In this experiment, we used SIF757 and 
XCO2 products of OCO-2 spanning from 2015 to 2016, which are around 20km of US-PFa, to generate 
GPPM and GPPS products with a spatial resolution of 1km (14 April 2015, 1 June 2015, 14 September 
2016, 1 November 2016). Though the data amount of SIF and XCO2 products around US-PFa is the 
largest in all 12 sites, there are still considerable missing data, especially for 1 November 2016, which 
results in blank parts in Figure 7.  

Figure 7 shows gridded GPPS and GPPM on 4 representative days of different seasons around 
US-PFa EC flux tower. Overall, GPPS and GPPM products exhibit similar seasonality, i.e., high GPP 
in summer and fall and low GPP in spring and winter. In the spring, the vegetation begins to grow 
along with the rising temperature. Hence, GPP in spring is higher than GPP in winter. The mean GPP 
of summer is the highest in all seasons because the driven parameter of GPP-estimating model, SIF, 
reaches peak in summer along with the strong effect of photosynthesis. The date we chose for autumn 
belongs to early autumn in this study. The vegetation has not completely withered, resulting in a 
higher GDP in the fall simulation than in the spring.  In winter, the photosynthesis of vegetation 
becomes weak because of the low temperature. The mean annual temperature of US-PFa is 4.33 ℃ in 
winter. Hence, the mean GPP drops to the lowest. We averaged all the GPP grids data estimated by 
SIF-CO2-GPP model and SIF-GPP model within 20×20 km for each day. Then, we compared the 
modeled GPP and measured GPP. The measured GPP of flux towers are 2.09, 7.03, 4.15 and 1.59 for 
four representative days (Apr 14, 2015, Jun 1, 2015, Sep 14, 2016, and Nov 1, 2016). The unit is g Cm-

2d-1. The mean GPPM estimated by SIF-CO2-GPP model are 2.09, 6.90, 4.33 and 1.61. The mean GPPS 
estimated by SIF-GPP model are 1.84, 7.93, 4.45 and 1.43. Therefore, it is concluded that the SIF-CO2-
GPP model is more suitable for estimating GPP and yields a higher precision than the SIF-GPP model.  

380 390 400 410 420 430
380

390

400

410

420

430

390 400 410 420 430
390

400

410

420

430

380 390 400 410 420 430
380

390

400

410

420

430

360 380 400 420 440 460
360

380

400

420

440

460

380 400 420 440 460
380

400

420

440

460

380 390 400 410 420 430
380

390

400

410

420

430

380 400 420 440 460
380

400

420

440

460

380 400 420 440 460360
360

380

400

420

440

460

390 400 410 420 430
390

400

410

420

430

N=14
y=1.73*x-288.88

(a)CA-SCC

R=0.78, p<0.001

N=14
y=1.51*x-192.34

(b)CA-TP3

R=0.86, p<0.001

N=8
y=1.65*x-256.31

(c)CA-TPD

R=0.87, p<0.001

N=9
y=2.23*x-482.06

T
ow

er
 C

O
2(μ

m
ol

/m
ol

)

(d)US-EML

R=0.74, p<0.001

OCO-2 CO
2
(ppm)

N=18
y=1.02*x-3.82

N=26
y=1.38*x-139.56

(e)US-Los

R=0.76, p<0.001

(f)US-PFa

R=0.79, p<0.001

N=19
y=1.32*x-119.16

(g)US-PHM

R=0.54, p<0.001

N=13
y=3.55*x-1036.91

(h)US-Srr

R=0.79, p<0.001

N=11
y=0.45*x+228.97

(i)US-WCr

R=0.77, p<0.001

Figure 6. Linear relationships between XCO2 of OCO-2 and measured surface CO2 mixing ratio of EC
flux towers. Dots indicate CO2 of EC towers and XCO2 fit points at the flux towers, and black lines
indicate the fit line.

3.4. Mapping GPP using OCO-2 SIF and XCO2 Products

Finally, we have mapped the gridded GPP based on the traditional SIF-GPP model and
SIF-CO2-GPP model to explore new features of the proposed model. In this experiment, we used
SIF757 and XCO2 products of OCO-2 spanning from 2015 to 2016, which are around 20 km of US-PFa,
to generate GPPM and GPPS products with a spatial resolution of 1km (14 April 2015, 1 June 2015,
14 September 2016, 1 November 2016). Though the data amount of SIF and XCO2 products around
US-PFa is the largest in all 12 sites, there are still considerable missing data, especially for 1 November
2016, which results in blank parts in Figure 7.

Figure 7 shows gridded GPPS and GPPM on 4 representative days of different seasons around
US-PFa EC flux tower. Overall, GPPS and GPPM products exhibit similar seasonality, i.e., high GPP
in summer and fall and low GPP in spring and winter. In the spring, the vegetation begins to grow
along with the rising temperature. Hence, GPP in spring is higher than GPP in winter. The mean
GPP of summer is the highest in all seasons because the driven parameter of GPP-estimating model,
SIF, reaches peak in summer along with the strong effect of photosynthesis. The date we chose for
autumn belongs to early autumn in this study. The vegetation has not completely withered, resulting in a
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higher GDP in the fall simulation than in the spring. In winter, the photosynthesis of vegetation becomes
weak because of the low temperature. The mean annual temperature of US-PFa is 4.33 ◦C in winter.
Hence, the mean GPP drops to the lowest. We averaged all the GPP grids data estimated by SIF-CO2-GPP
model and SIF-GPP model within 20 × 20 km for each day. Then, we compared the modeled GPP and
measured GPP. The measured GPP of flux towers are 2.09, 7.03, 4.15 and 1.59 for four representative
days (Apr 14, 2015, Jun 1, 2015, Sep 14, 2016, and Nov 1, 2016). The unit is g Cm−2d−1. The mean GPPM
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On the whole, there are evident differences between GPPS and GPPM in spring, summer, autumn,
and winter. The SIF-CO2-GPP model leans to overestimate GPP in spring and winter, but underestimate
GPP in summer and autumn, comparing with the SIF-GPP model. The value of GPPM is closer to
the measured GPP value of the flux tower, which indicates to some extent that the SIF-CO2-GPP
model is able to estimate GPP with higher accuracy. Therefore, we can conclude that the effect of
CO2 is not simply shrinking or amplifying estimated GPP. The introduction of CO2 helps reduce
estimated GPP in some conditions but helps increase estimated GPP in other conditions. This is why
we argue that negative coefficients of CO2, as shown in Table 3, should not be attributed to a high
CO2 concentration causing a decrease in GPP or vice versa. We should notice that the level of CO2

concentration is regulated by the intensity of the photosynthesis. Consequently, it is impossible to
keep the CO2 concentration at a constant level under natural conditions when the intensity of SIF is
varying. To explore and explain the correction effect of the CO2 concentration on GPP, we carried out
extra simulation experiments using the SCOPE model in the next section.

3.5. Mechanism of CO2 Affecting Modeling of GPP

Our results have shown that considering atmospheric CO2 concentrations can improve the
accuracy of the GPP estimates. However, it is uncertain whether this improvement is statistically
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artificial or driven by real ecological processes. Therefore, we used the SCOPE model to explore the
possible mechanisms behind the statistical results. SIF of two bands were included in this experiment.
Figure 8 shows relationships between SIF and simulated GPP. To highlight the effect of the atmospheric
CO2 concentration, each dot is colored according to its atmospheric CO2 concentration. Two main
conclusions can be drawn from Figure 8. Firstly, there is a non-linear relationship between SIF
and simulated GPP within half an hour. Current researchers usually applied an adjustment factor
to convert instantaneous SIF to daily SIF, then built linear relationships with daily GPP. However,
some researches have shown that the relationship between SIF and GPP could be non-linear. At present,
there is no uniform conclusion as to whether SIF and GPP are linear or non-linear. Therefore, if we
represent the nonlinear relationship in terms of linear relationship, it tends to lead to overestimation
and underestimation of the GPP. The same phenomenon is shown in Figure 8. From Figure 7, we can
conclude that CO2 corrects for the SIF-GPP linear model overestimating GPP in summer and fall
and underestimating GPP in spring and winter. Therefore, adding CO2 to the SIF-GPP linear model
may result in an equilibrium between the linear and non-linear relationship of SIF and GPP. Second,
linear regression models are not sufficient to accurately link SIF and GPP when atmospheric CO2

concentrations change. It is clear that the simulated GPP at high CO2 concentrations is higher
than that at low CO2 concentrations, and the higher the SIF intensity, the greater the difference
in the simulated GPP at different CO2 concentrations, and the results of the SCOPE simulation
are consistent with the previous statistical results. These results re-emphasize that the effects of
atmospheric CO2 concentrations should be considered when modelling GPP using SIF as a key driver.
A plausible explanation for this result is that atmospheric CO2 concentration is a key constraint on
photosynthetic efficiency.
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Figure 8. Sensitivity analysis of the effects of different levels of atmospheric CO2 concentrations on
SIF-GPP relationship. (a) SIF757 versus GPP; (b) SIF771 versus GPP.

Photosynthesis consists of light reactions and dark reactions. Light reactions are chlorophyll’s
conversion of light energy into electrical energy and then into active chemical energy, which is finally
stored in ATP (ATP adenosine triphosphate). The essence of the dark reaction is the assimilation of
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CO2 to CH2O under the action of various enzymes in the chloroplast stroma. Therefore, CO2 is the
main raw material for photosynthesis and an important factor affecting the intensity of photosynthetic.
GPP is the amount of organic carbon fixed by green plants per unit area through photosynthesis per
unit time. CO2 assimilation rate refers to the amount of dry matter added to plants per unit time and
per unit assimilated area. If the CO2 assimilation rate increased, then the amount of fixed organic
carbon per unit time would increase simultaneously.

4. Discussions

4.1. Reasons for Differences between SIF-GPP and SIF-CO2-GPP Model

Previous studies had shown that the atmospheric CO2 concentration is a non-negligible driving
factor of GPP. The influence of the atmospheric CO2 concentration on ecosystems could even exceed
the temperature and precipitation [41,42]. Under the environment of the surging atmospheric CO2

concentration, the photosynthesis of vegetation would be enhanced, which is the so-called CO2

fertilization effect [34]. When the CO2 concentration rises, the CO2 concentration between plant cells
increases, which is the main factor affecting the photosynthetic rate of vegetation [43]. Therefore,
the increase in the atmospheric CO2 concentration would effectively promote the improvement
of ecosystem productivity. In the meantime, it is also illustrated that when the atmospheric CO2

concentration is elevated to a very high level, the photosynthesis of vegetation will be in turn reduced
to the original efficiency [44–46]. Therefore, we believe it is necessary to consider the effects of
atmospheric CO2 concentrations when trying to estimate GPP using SIF products as key driven factor.
There is a significant seasonal change in CO2 in the forest, peaking before the spring and dropping to
troughs at the end of the summer [35]. Figure 7a,e shows that GPPM is higher than GPPS in the spring,
and we calculated the monthly average CO2 concentration for four selected months using in situ CO2

measurements from the US-PFa flux tower. The monthly surface average CO2 concentration of EC
tower in April is 407.84 ppm, which is the second higher, second only to that in winter. Spring is often
accompanied by a surge in CO2 concentration to promote the germination of vegetation. We speculate
that SIF-GPP model does not take the atmospheric CO2 concentration into account and thus ignore
the CO2 fertilization effect. That could explain why GPPM is higher than GPPS at this stage. Actually,
the fact that the increasing CO2 concentration in a short term promotes photosynthesis of vegetation
has been reported widely [30,47]. It is thus implied that the vegetation carbon sequestration capacity
could be underestimated in spring if GPP was estimated using SIF data alone. Figure 7b,f shows that
GPPM is lower than GPPS in summer. The monthly surface concentration is 402.25 ppm for June.
The vegetation is lush, and daytime is long in summer. Strong photosynthesis in summer reduces
CO2 concentration in the canopy to lower than that in the free atmosphere [35]. Relatively lower CO2

concentration inhibits the effect of vegetation photosynthesis [48]. That could explain why GPPM is
lower than GPPS in summer. Figure 7c,g shows that GPPM is lower than GPPS in autumn. The monthly
surface concentration is 401.52 ppm for September. The CO2 concentration in the early autumn is
lower than that in summer. Low concentrations of CO2 and gradual deciduous vegetation reduce
the photosynthetic rate of vegetation, limiting the fertilization effect of CO2. Therefore, the value
of GPPM is lower compared with GPPS. The value of GPPM is closer to the measured GPP of the
EC Flux Towers, which supports the above discussion to some extent. Figure 7d,h shows that the
mean GPPM is higher than the mean GPPS in winter. In temperate forests, GPP should drop to an
extremely low level in winter. The monthly surface CO2 concentration in November is 411.73 ppm.
CO2 concentration increases rapidly during the winter. A surge in CO2 concentration promotes
photosynthesis of vegetation [49]. That could partly explain why SIF-CO2-GPP model overestimate
GPP comparing with the SIF-GPP model. Besides, there are several “hotspots” in the map of GPPS

as shown in Figure 7h. We think that such “hotspots” could be wrong estimates. The SIF-CO2-GPP
model corrects those “hotspots” in its results. We think that the homogeneous distribution of GPP
with a very low value would be more in line with the growth state of vegetation in winter. Therefore,
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the SIF-CO2-GPP model also improves the accuracy of the SIF estimates for winter GPP. The inclusion
of atmospheric CO2 concentrations in the model will significantly improve the accuracy of the estimates
and better present the spatial distribution of the GPP.

Moreover, a reasonable mechanism to explain improvements brought by the SIF-CO2-GPP model
can be expressed as follows. When the CO2 concentration at surface leaves increases, the value of
the CO2 compensation point reduces and the carboxylation rate increases, which would increase
the gross photosynthetic rate. Meanwhile, the respiration would be limited with the increasing the
CO2 concentration, resulting in increasing in the net photosynthetic rate. Eventually, the GPP would
become higher and vice versa. Looking back to Figure 7, we can see that comparing with the SIF-GPP
model, the SIF-CO2-GPP model overestimated GPP in winter and underestimated GPP in summer.
Such results are consistent with the above mechanism.

4.2. Uncertainties and Limitations

Though the proposed SIF-CO2-GPP model shows promising potentials to map GPP with a
better accuracy, there are still several problems to be solved in the future to reach better performance.
The uncertainty and limitation of the proposed method are mainly attributed to the following three
aspects. First of all, although the spatial resolution of products of OCO-2 satellite is improved
compared with other satellites, the footprint is still large compared with those of EC Flux Towers [18].
We demonstrate the footprint of OCO-2 SIF products on October 2014 in Figure 9. As can be seen from
Figure 9, the spatial coverage of OCO-2 SIF products is relatively dense between 30◦S and 30◦N than
those in high-latitude regions. That would hinder applications of the proposed method in high-latitude
regions where boreal forests locate. Owing to the same reason, there would be a fraction of products
of target mode, which would be inappropriate as an input of the proposed model. Even if we had
tried our best to select research areas where the vegetation type is uniform, the coarse resolution
could still lead to ignorance of heterogeneity in a single pixel, which would eventually reduce the
reliability of GPP estimates. The fluorescence detector (Flex) is due to be launched around 2022, which
will provide SIF products with finer resolution comparing with those of OCO-2. That would help
reduce the error caused by the insufficient resolution of existing SIF products. Moreover, studies have
shown that SIF saturates at a relatively low light intensity. This also affects the accuracy of using SIF
to estimate GPP [50]. Secondly, the coverage of OCO-2 is sparser than that of MODIS, which results
in limited observations for most EC flux towers. This is also a common disadvantage of estimating
GPP using satellite-based SIF products with respect to LUE models. As a consequence, the probability
of coincidences of the ground stations and the satellite footprints is significantly reduced due to the
incomplete coverage of OCO-2. Tackling that problem, we have to lower the criteria for judging
coincidences of EC flux towers and SIF products of OCO-2 in this study. Then, such spatial mismatch
leads to inevitable errors in SIF, which is the key input of the GPP-estimating model and eventually
propagates to estimates of GPP. Consequently, it is of great significance to develop some combined
methods to complement the advantages of two different categories of models, namely, SIF-driven
models and LUE models. Finally, the SIF data observed in the Target mode is evidently affected by
VZA, but in this study, we did not consider this factor. Moreover, we realized that when processing SIF
data, the SIF value near 0 should be retained to ensure the accuracy of the experimental results because
of the error of the SIF retrieve algorithm. In addition, the impact of CO2 on vegetation is complex,
closely related to the growth state of vegetation and the type of vegetation, which calls for further
research in the field of botany.

This study is a tentative exploration on estimating GPP using XCO2 and SIF products of OCO-2,
due to the limited number of accessible EC flux towers. In future works, we are going to further
improve the SIF-CO2-GPP model using products of more EC flux towers to realize mapping of GPP
globally with higher accuracy.
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5. Conclusions

The SIF product becomes the emerging proxy to estimate GPP with a higher accuracy globally
along with the launch of OCO-2. Moreover, several previous studies in the field of botany had
mentioned that the atmospheric CO2 concentration is a critical factor in determining the photosynthesis
efficiency. In this study, we proposed a SIF-CO2-GPP model to take the effect of the atmospheric CO2

concentration on photosynthesis into considerations of estimating GPP, aiming at better modeling
of GPP by means of satellite products. This study confirms that the effect of atmospheric CO2

concentrations on the photosynthesis efficiency can be also observed at a larger spatial scale, which is
a promising feature to estimate GPP using remotely sensed products. Our results showed that the
SIF-CO2-GPP linear model (R2 = 0.63 − 0.90, p < 0.001) is more suitable to estimate GPP comparing
with the linear SIF-GPP model (R2 = 0.41 − 0.87, p < 0.001). In addition, the concentration of CO2

in the surface atmosphere is one of the key factors affecting GPP because it is the raw material for
photosynthesis. We use the SCOPE model to prove that the atmospheric CO2 concentration is a
factor affecting the modeling of GPP. A reasonable mechanism could be that the increment of CO2

concentration at leave’s surface would induce intercellular CO2 concentration and the CO2 assimilation
rate raise. That eventually would cause a rise of GPP and vice versa. Moreover, there is a strongly linear
relationship between XCO2 of OCO-2 and surface CO2 mixing ratio of EC Flux towers (R = 0.54 − 0.87,
p < 0.001), laying the foundation for utilizing the SIF-CO2-GPP model to monitor global distributions of
GPP using OCO-2 or other similar satellites. The availability of intensive OCO-2 products surrounding
the US-PFa site allows us to generate grid SIF and XCO2 and then to estimate gridded GPP at the
landscape scale for different seasons using SIF-CO2-GPP model and SIF-GPP model. Taking results of
the SIF-CO2-GPP model as a benchmark, the traditional SIF-GPP model underestimates GPP in spring
and winter and overestimates GPP in summer and autumn. Besides, we also confirmed that daily SIF
is more suitable for estimating GPP than instantaneous SIF. In addition, SIF757 is also more strongly
correlated with GPP than SIF771 for most forests. In future works, investigations on relationships
among SIF, XCO2 and GPP should be deepened for more vegetation types and more latitude zones
after obtaining more in situ measurements of EC flux towers. Furthermore, along with forthcoming
products from GOSAT-3, OCO-3 and FLEX, we believe that the SIF-CO2-GPP model would help obtain
accurate GPP estimates with high spatial resolution and large coverage, providing better data and new
prospects for climate change and carbon cycle studies.
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