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A B S T R A C T   

Although the light use efficiency (LUE) models are widely employed to estimate ecosystem gross primary pro
duction (GPP), the majority of these models inadequately consider the effects of environmental and biological 
factors on GPP, resulting in considerable uncertainty. In addition, most developed LUE models have assumed that 
the maximum LUE (εmax) is a fixed value for different vegetation types, while εmax should be dynamic under 
environmental changes. The canopy nitrogen (N) concentrations were considered to have a significant linear 
relationship with εmax and could be estimated using various vegetation indices. In this study, we selected a 
vegetation index to characterize the canopy N concentrations and further simulate the dynamic εmax. We then 
developed an improved LUE model that simultaneously integrated the effects of canopy N concentrations, 
temperature, water, atmospheric carbon dioxide (CO2) and radiation components on the GPP estimates. Different 
forms of LUE models that partially integrate the above factors were also constructed for comparison. Our results 
showed that (1) the green chlorophyll index (CIgreen) correlated well with measured canopy N concentrations (R2 

= 0.68), and the model using the CIgreen to characterize canopy N concentrations performed the best; (2) the GPP 
estimated using the improved model gave the best accuracy (R2 = 0.69, RMSE = 2.13 gC/m2/d, MAE=1.36 gC/ 
m2/d, IOA = 0.915) and performed well for different vegetation types when validated against the FLUXNET GPP; 
and (3) the estimated GPP had the best accuracy compared with MOD17 GPP and the revised EC-LUE GPP on a 
both daily and yearly scale. Overall, this study was an attempt to integrate N into the LUE model to obtain the 
spatiotemporally dynamic εmax while simultaneously taking into account the impacts of multiple environmental 
variables on the GPP estimates. The proposed model has the potential for satisfactory GPP simulations on a 
global or regional scale.   

1. Introduction 

The total carbon dioxide (CO2) absorbed from the atmosphere via 
photosynthesis by vegetation is defined as the gross primary production 
(GPP), which has an important role in the global carbon budget and 
climate system (Beer et al., 2010; Bonan et al., 2019; Chen et al., 2012; 
Fang et al., 2018). In the context of rapid global change, accurate 
quantification of GPP on a regional or global scale is critical to 
strengthening our comprehension of how the terrestrial ecosystems and 
environmental changes interact (Guan et al., 2021). 

Although the flux observation network based on the eddy covariance 

technique supplies much observational data (such as FLUXNET, Amer
iflux, and Chinaflux), due to the finite number and nonuniform distri
bution of sites, it is still unable to meet the needs of vegetation 
productivity monitoring and evaluation on a regional or global scale 
(Xiao et al., 2008). In recent decades, satellite observations and digital 
earth technologies have become a meaningful way to capture global 
change and the carbon cycle (Wang et al., 2021a). Using models based 
on satellite data to estimate GPP has become an essential and widely 
accepted research method. Over the last few decades, GPP has been 
quantified by many different models, including meteorological-based 
models (Sharpe 1975; Uchijima and Seino 1985), process-based 

* Corresponding author at: State Key Laboratory of Remote Sensing Science, Faculty of Geographical Science, Beijing Normal University, Beijing 100875, China 
E-mail address: sunrui@bnu.edu.cn (R. Sun).  

Contents lists available at ScienceDirect 

Agricultural and Forest Meteorology 

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

https://doi.org/10.1016/j.agrformet.2023.109359 
Received 5 July 2022; Received in revised form 31 January 2023; Accepted 4 February 2023   

mailto:sunrui@bnu.edu.cn
www.sciencedirect.com/science/journal/01681923
https://www.elsevier.com/locate/agrformet
https://doi.org/10.1016/j.agrformet.2023.109359
https://doi.org/10.1016/j.agrformet.2023.109359
https://doi.org/10.1016/j.agrformet.2023.109359
http://crossmark.crossref.org/dialog/?doi=10.1016/j.agrformet.2023.109359&domain=pdf


Agricultural and Forest Meteorology 332 (2023) 109359

2

models (Hunt et al., 1996; Liu et al., 1997; Melillo et al., 1993; Parton 
et al., 1993; Running and Coughlan 1988), light use efficiency (LUE) 
models (Guan et al., 2021; He et al., 2013; Heinsch et al., 2003; 
Monteith 1972; Monteith et al., 1977; Potter et al., 1993; Wang et al., 
2021b; Xiao et al., 2004) and data-driven models (Alemohammad et al., 
2017; Dou and Yang 2018; Ichii et al., 2017; Xiao et al., 2014). Among 
these models, LUE models, which have the advantages of high accuracy, 
simple model structure, and easy access to input requirements, are 
favored by many applications (Bao et al., 2022; Guan et al., 2021; Zheng 
et al., 2020). 

In past years, many studies have tried to improve the estimation of 
terrestrial GPP to minimize the uncertainty in the global carbon cycle 
(Ryu et al., 2019). However, the interannual variations in GPP estimated 
using the LUE models still have considerable deviations from in situ 
measurements (Yuan et al., 2014; Zheng et al., 2020). In addition, there 
are significant differences in the global annual GPP estimates using 
different LUE models (Wang et al., 2021b). One of the major reasons for 
the uncertainty in the GPP estimates is that the influence of environ
mental factors on photosynthesis, such as soil moisture, atmospheric 
CO2, and nitrogen. was not entirely taken into account in the LUE 
models (Stocker et al., 2019). 

In general, the LUE is determined by the maximum LUE (εmax) with 
some adjusted environmental stress factors. Among all environmental 
factors, temperature has an important influence on enzyme activity and 
the electron transport rate, and a sufficient water supply ensures sto
matal openness and physiochemical reactions in plants. These are the 
most common environmental stress factors in LUE models (Bao et al., 
2022; Medlyn et al., 2002). In addition, atmospheric CO2 is another 
critical driving factor of the vegetation photosynthesis; it can diffuse into 
leaves through stomata (Farquhar et al., 1980; Leuning 1995). Many 
studies have shown that increasing CO2 concentrations promote an in
crease in vegetation productivity (Ainsworth and Long 2005; Norby 
et al., 2005; Norby et al., 1999; Wang et al., 2020). According to NOAA’s 
CarbonTracker, version CT2019B (Jacobson et al., 2020), the global 
average atmospheric CO2 concentrations have increased by almost 23% 
since the 1980s, which increased global annual photosynthesis by 
approximately 12% (Keenan et al., 2021). However, with the exception 
of the CFix (Veroustraete et al., 2002), P-model (Stocker et al., 2020), 
revised EC-LUE (Zheng et al., 2020), PRELES models (Kalliokoski et al., 
2018), and the algorithm of dry matter productivity (DMP) products 
(Swinnen et al., 2021), the CO2 fertilization effect has not been included 
in most LUE models, which results in traditional LUE models being 
insensitive to the effect of increasing CO2 concentrations on vegetation 
productivity. Moreover, many current studies have revealed that direct 
and diffuse radiation also have a particular impact on the LUE and 
suggested that the effect of radiation conditions should be considered in 
LUE estimation (Guan et al., 2021; He et al., 2013; Wang et al., 2015; 
Zhang et al., 2011; Zheng et al., 2020). Generally, sunlit leaves tend to 
reach light saturation due to their ability to simultaneously receive 
direct radiation and diffuse radiation, which results in their low LUE. In 
contrast, shaded leaves that only absorb diffuse radiation receive less 
incoming radiation and have a higher LUE than sunlit leaves (Chen et al., 
1999; Guan et al., 2021; He et al., 2013). Alton et al. (2007) indicated 
that for northern forests, temperate forests, and tropical forests, when 
the sky emits mainly diffuse radiation rather than direct radiation, the 
LUE increases by 6%− 33%. Therefore, when the total income radiation 
is constant, the LUE would increase with the proportion of diffuse ra
diation. In addition, many studies have used hyperspectral data to 
calculate the photochemical reflectance index (PRI) and found that it is 
related to LUE. This relationship may help us obtain LUE directly from 
reflectance data (Barton and North 2001; Guo and Trotter 2004). 

Nitrogen (N) is one of the most essential components of enzymes and 
pigments, and its availability is an important constraint for photosyn
thesis (He et al., 2020; Hikosaka 2004; Lepine et al., 2016; Loozen et al., 
2020; Reich 2012; Tang et al., 2018). Balzarolo et al. (2019) discovered 
that the εmax of cold forests increases with N deposition. Nevertheless, 

almost all LUE models disregard the influence of N on GPP estimation. 
Peltoniemi et al. (2012) suggested that canopy N and εmax are linearly 
correlated. In most LUE models, the εmax of each vegetation type is 
assumed to be a constant value, but it should be dynamic under various 
environmental conditions, especially in human activities (Chen et al., 
2021; Lin et al., 2017; Madani et al., 2014; Zhou and Xin 2019). 
Therefore, the εmax estimated by the canopy N, which seasonally and 
spatially varies, makes the LUE models more suitable for the actual 
situation of leaves adapting to changes in environmental conditions 
(Houborg et al., 2009). Unfortunately, although many studies have 
mapped the canopy N distribution using random forests or 
state-of-the-art Bayesian model on a large scale (Butler et al., 2017; 
Loozen et al., 2020; Moreno-Martínez et al., 2018), canopy N variation 
was compressed to a static value (Butler et al., 2017). These existing 
canopy N products or leaf N content products only have spatial distri
butions and lack temporal variation that cannot reflect changes in εmax. 
A previous study also used the PROSAIL model, which is a physically 
based radiative transfer model, to estimate canopy N content (Clevers 
and Kooistra 2012). However, the complex parameters and calculation 
process of the radiative transfer model increase the uncertainty and 
error of the simulation (Marie et al., 2000; Wen et al., 2019). In addition, 
vegetation indices based on satellite or field-measured reflectance have 
been commonly utilized to estimate canopy N concentrations on a local 
scale due to their simple calculations and high accuracy (Chen et al., 
2010; He et al., 2020; He et al., 2016; Loozen et al., 2018; Ollinger et al., 
2008; Verrelst et al., 2021; Wen et al., 2019). Therefore, calculating εmax 
using a vegetation index that characterizes canopy N concentrations 
may have implications for GPP simulations and facilitate the evaluation 
of the long-term impacts of N deposition on GPP (Dong et al., 2017). 

Overall, it is necessary to integrate the temperature, water, radiation 
components, CO2 fertilization and N into the LUE model to improve the 
quantification of GPP. The primary objectives are listed as follows: 1) to 
select a vegetation index that can characterize the vegetation canopy N 
concentrations and to develop a LUE model considering multiple envi
ronmental factors and canopy N concentrations; 2) to evaluate the 
effectiveness and accuracy of this model using in situ observations and 
to compare it with multiple forms of models that do not fully consider 
environmental factors and N; and 3) to compare our model with other 
LUE models on a daily and annual scale. 

2. Data and methods 

2.1. Data 

2.1.1. Flux and measured data 
The FLUXNET2015 dataset (https://FLUXNET.fluxdata.org/) in

cludes carbon flux and other meteorological variables over 200 sites 
globally. In this study, we obtained daily GPP based on the nighttime 
partitioning method (GPP_NT_VUT_REF) and meteorological variables, 
including incident shortwave radiation (SW), air temperature (Ta), 
vapor pressure deficit (VPD), latent heat flux (LE) and sensible heat flux 
(H), for model development and validation. First, we chose high-quality 
data with a quality flag above 0.8 and deleted the negative GPP values to 
ensure the quality of the data. Second, we aggregated the daily values to 
an 8-day time step to match the 8-day temporal resolution of the leaf 
area index (LAI) and the fraction of absorbed photosynthetically active 
radiation (FPAR) products. This step ensured that high-quality valid 
values exceeded 5 days per the 8-day time step. To verify the homoge
neity of the surrounding landscape of sites, we selected FLUXNET sites 
with land cover types consistent with moderate-resolution imaging 
spectroradiometer (MODIS) land cover products and filtered these sites 
with high-spatial-resolution Google Earth imagery to ensure that the 
land cover of these sites was the same as the dominant type within a 5 
km × 5 km window around the site. Last, a total of 104 sites were 
selected (Fig. 1, Table S5). The land cover type of each site is consistent 
with the MODIS land cover product (MCD12Q1), including 22 evergreen 
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needleleaf forest (ENF), 5 evergreen broadleaf forest, 1 deciduous nee
dleleaf forest (DNF), 10 deciduous broadleaf forest (DBF), 6 mixed forest 
(MF), 3 closed shrubland (CSH), 10 open shrubland (OSH), 4 woody 
savanna (WSAV), 8 savanna (SAV), 14 grassland (GRA), 8 permanent 
wetland (WET), and 13 cropland (CRO) sites. 

To corroborate the ability of the selected vegetation index to char
acterize canopy N concentrations, we collected canopy mean N con
centration measurements from previous studies that had time stamps 
(Table S1). The canopy N concentrations were determined by the mean 
of dry-mass-based foliar N concentrations for all species in multiple field 
plots within each site (Ollinger et al., 2008). 

2.1.2. Satellite and reanalysis input data 
The Global Change Data Processing and Analysis Center of Beijing 

Normal University generated and published the Global land surface 
satellite (GLASS) product set (Liang et al., 2013), and the LAI is a 
product in the GLASS series products. The latest version of the GLASS 
AVHRR LAI product from 1981 to 2018, which was derived from the 
Long-Term Data Record (LTDR) of the Advanced Very High Resolution 
Radiometer (AVHRR) reflectance data (GLASS AVHRR) with a spatio
temporal resolution of 0.05◦ and 8 days (http://www.glass.umd.edu/L 
AI/AVHRR/), is more continuous in spatiotemporal distribution (Xiao 
et al., 2017). Here, we obtained the GLASS AVHRR LAI product from 
2001 to 2014 as vegetation structure parameters to drive the models and 
used it to decompose the APAR into the APAR of shaded leaves (APARsh) 
and that of sunlit leaves (APARsu). The GLASS AVHRR FPAR product 
was derived from the GLASS AVHRR LAI products (http://www.glass. 
umd.edu/FAPAR/AVHRR/) with the same spatiotemporal resolution 
as the LAI product (Xiao et al., 2018). 

The NOAA Earth System Research Laboratory (ESRL) provided 
global three-hourly distributions of the CO2 mole fraction with a 3◦ × 2◦

spatial resolution (Jacobson et al., 2020) (https://gml.noaa.gov/aftp/pr 
oducts/carbontracker/co2/molefractions/co2_total/). We obtained CO2 

mole fraction data files for CT2019B from 2001 to 2014 and aggregated 
them into daily average CO2 concentrations, which were used to 
calculate the CO2 fertilization effect in the models. 

Since MODIS reflectance data can provide long time series data and 
support global applications, we collected MODIS reflectance products 
MCD43A4 with a 500 m spatial resolution and MYDOCGA with a 1 km 
spatial resolution, which contain MODIS reflectance bands 1 to 7 and 
bands 8 to 16, respectively. To select vegetation indices that charac
terize canopy N concentrations for the εmax estimation, we extracted 
reflectance data for each band at FLUXNET sites from 2001 to 2014. The 
reflectance data were controlled by quality data, and the original time 
series vegetation indices were smoothed using the Savitzky‒Golay (S-G) 
filtering method (Savitzky and Golay 1964). 

The input remote sensing data of the model were resampled to a 
0.05◦ × 0.05◦ spatial resolution by bilinear interpolation to match the 
LAI and FPAR data to satisfy the application of the model on a global 
scale. 

2.2. Model description 

To investigate the simulation effect of the model developed in this 
study, we constructed four forms of LUE models for comparison. 

First, we constructed the most commonly employed LUE model as 
Form 1 (Eq. (1)). The GPP of the vegetation canopy was calculated as 
follows: 

Form 1: 

GPP = εmax × f (W) × f (T) × PAR × FPAR (1)  

where εmax is the maximum LUE of the whole canopy; f(W) and f(T) are 
the scalars of water and temperature, respectively; and PAR was 
calculated from shortwave radiation as follows: 

PAR = 0.48 × SW (2) 

Fig. 1. The MODIS land cover product (MCD12Q1) with the International Geosphere-Biosphere Program (IGBP) classification schemes and the distribution of 
FLUXNET sites used in this study. The vegetation types at these sites include evergreen needleleaf forest (ENF), evergreen broadleaf forest (EBF), deciduous nee
dleleaf forest (DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed shrubland (CSH), open shrubland (OSH), woody savanna (WSAV), savanna (SAV), 
grassland (GRA), permanent wetland (WET), cropland (CRO), urban areas (UA), snow and ice (SI), barren or sparsely vegetated (BSV), water body (WB), and 
cropland/nature vegetation mosaic (C/NV). 
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where SW represents the shortwave radiation variable obtained from 
FLUXNET site data. 

f(T) was calculated based on the equation developed in the Terres
trial Ecosystem Model (TEM) (Raich et al., 1991; Yuan et al., 2014; Yuan 
et al., 2007; Zheng et al., 2020). f(T) was calculated as follows: 

f (T) =
(Ta − Tmin)(Ta − Tmax)

(Ta − Tmin)(Ta − Tmax) −
(
Ta − Topt

)2 (3)  

where Ta represents the air temperature ( ◦C); Topt, Tmin and Tmax are the 
optimum, minimum, and maximum air temperatures, respectively, for 
vegetation growth; Tmax was set to 40 ◦C in this study; and Topt and Tmin 

for various vegetation types were determined according to Huang et al. 
(2019) and Yang et al. (2021) (Table S4). 

For f(W), we used the evaporative fraction (EF) to characterize the 
effect of water on photosynthesis. Previous studies have suggested that 
EF can better reflect soil moisture conditions and indicate regional 
heterogeneity of soil moisture compared to VPD (Kurc and Small 2004; 
Suleiman and Crago 2004; Yuan et al., 2007). The LUE is more sensitive 
to EF than VPD (Wang et al., 2021c; Zhang et al., 2015); it was calcu
lated as follows: 

f (W) = EF =
LE

LE + H
(4)  

where LE and H denote the latent heat flux (W/m2) and sensible heat 
flux (W/m2), respectively. 

Second, the CO2 fertilization effect was integrated into the LUE 
model described in Form 1, and GPP was calculated as follows: 

Form 2: 

GPP = εmax × f (W) × f (T) × f (CO2) × PAR × FPAR (5)  

where f(CO2) represents the effect of atmospheric CO2 on GPP and was 
calculated with reference to the revised EC-LUE model (Zheng et al., 
2020) as follows: 

f (CO2) =
Ci − φ
Ci + 2φ

(6)  

Ci = [CO2] × χ (7)  

where φ is the CO2 compensation point in the absence of dark respiration 
and was set for different vegetation types according to Zheng et al. 
(2020) (Table S4); Ci indicates the internal leaf CO2 concentration and 
was calculated using the product of the atmospheric CO2 concentration 
([CO2]) and χ, which represents the ratio of Ci and [CO2] and can be 
calculated as follows: 

χ =
ξ

ξ +
̅̅̅̅̅̅̅̅̅̅
VPD

√ (8)  

ξ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
356.51K

1.6η∗

√

(9)  

where parameter ξ represents the sensitivity of χ to VPD, K is the 
Michaelis‒Menten coefficient of Rubisco, and η∗ is the viscosity of water 
relative to its value at 25 ◦C. 

K = Kc

(

1+
PO

KO

)

(10)  

Kc = 39.97 × e
79.43×(Ta − 298.15)

298.15×R×Ta (11)  

Ko = 27, 480 × e
36.38×(Ta − 298.15)

298.15×R×Ta (12)  

where PO is the partial pressure of O2, approximated as 21,278.25 Pa; Kc 
and Ko are the Michaelis‒Menten constants of CO2 and O2, respectively; 

Ta is the air temperature with unit K; and R is the molar gas constant and 
is set to 8.314 J/mol/K. 

Third, we further considered the effect of sunlit and shaded leaves. 
Previous studies have indicated that the differences between the LUE of 
sunlit leaves and that of shaded leaves are mainly influenced by light 
intensity and that their εmax should be similar (Guan et al., 2021; 
Koyama and Kikuzawa 2010; Leverenz 1987). Liu et al. (2021) found 
that the relationship between PAR and LUE follows a hyperbolic rela
tionship and that the LUE significantly decreases with increasing PAR. 
To account for the nonlinear response of the LUE to APAR, MÄKelÄ 
et al. (2008) defined a rectangular hyperbolic light modifier to correct 
for the LUE. Guan et al. (2021) used the scalar of photosynthetic photon 
flux density (PPFD) of shaded and sunlit leaves as the radiation 
constraint for the LUE model. Based on the above studies, we applied the 
PAR of the shaded (PARsh) and sunlit leaves (PARsu) to calculate the 
radiation constraints and decomposed the APAR into the APAR of the 
shaded leaves (APARsh) and sunlit leaves (APARsu) with reference to the 
BEPS model (Chen et al., 1999). The calculation of Form 3 is presented 
as follows: 

Form 3: 

GPP = εmax × f (W) × f (T) × f (CO2)

× (f (PARsu)×APARsu + f (PARsh)×APARsh) (13)  

where f(PARsu) and f(PARsh) are the radiation scalars for sunlit leaves 
and shaded leaves, respectively, calculated as Eq. (14) and Eq. (15). 

f (PARsu) =
1

a × PARsu + 1
(14)  

f (PARsh) =
1

a × PARsh + 1
(15)  

where a is optimized for different vegetation types. 
PARsu, PARsh, APARsu and APARsh are calculated based on the BEPS 

model (Chen et al., 1999) as follows: 

PARsh =
PARdif − PARdif ,u

LAI
+ C (16)  

PARsu =
PARdir × cos(β)

cos(θ)
+ PARsh (17)  

PARdif ,u = PARdif × e

(

− 0.5×Ω× LAI
cos(θ)

)

(18)  

cos(θ) = 0.537 − 0.025 × LAI (19)  

C = 0.07 × Ω × PARdir × (1.1 − 0.1×LAI) × e(− cos(θ)) (20)  

APARsu = (1 − α) × PARsu × LAIsu (21)  

APARsh = (1 − α) × PARsh × LAIsh (22)  

where PARdif and PARdir are the diffuse PAR and direct PAR, respec
tively; PARdif was calculated by parameter calibration using the clear 
sky index according to Chen et al. (1999) and He et al. (2013); PARdir is 
the residual of PAR minus PARdif ; C is the multiple scattering effects of 
direct radiation; β is set to 60◦ indicating the mean leaf-sun angle; θ is 
the solar zenith angle; θ is a representative zenith angle for diffuse ra
diation transmission; Ω and α are the clumping index and canopy al
bedo, respectively, which were set for different vegetation types 
according to Tang et al. (2007) and Zhang et al. (2010) (Table S4), 
respectively; and LAIsu and LAIsh denote the LAI of sunlit leaves and 
shaded leaves, respectively, and are calculated as follows: 
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LAIsu = 2 × cos(θ) ×
(

1 − e

(

− 0.5×Ω× LAI
cos(θ)

)

)
(23)  

LAIsh = LAI − LAIsu (24) 

Last, we tried to incorporate canopy N concentrations into the LUE 
model. The εmax is determined by the physiological traits of leaves, while 
canopy N was linearly correlated with the εmax regardless of irradiance 
level (Guan et al., 2021; Peltoniemi et al., 2012). Therefore, we intro
duced the vegetation index, which characterizes the canopy N concen
trations, into the model to calculate εmax. The model of Form 4 is 
expressed as follows: 

Form 4: 

GPP = (p× [NI] + q) × f (W) × f (T) × f (CO2)

× [f (PARsu)×APARsu + f (PARsh)×APARsh] (25)  

where p and q are parameters optimized for different vegetation types 
and [NI] represents the vegetation index selected to characterize the 
canopy N concentrations. We collected the vegetation indices applied in 
previous studies to estimate canopy N (Table S2), which were used to 
drive the model. The optimal vegetation index resulting in the best 
model performance was determined as the nitrogen index in this model. 

2.3. Model parameterization and evaluation 

The Shuffled Complex Evolution Procedure developed at the Uni
versity of Arizona (SCE-UA) is a global optimization algorithm whose 
objective is to determine the optimal values of parameters within a 
particular range that ensure that the cost function is minimized (Duan 
et al., 1992). The cost function is expressed as follow:  

where RMSE is the root-mean-square error, calculated as Equation (28); 
n is the total number of data used for model parameter optimization; xi 
and yi represent in situ GPP and estimated GPP, respectively, from each 
model; and x and y are the mean values of in situ GPP and estimated 
GPP. 

In this study, εmax in Form1 and Form2; εmax and a in Form3; and p, q 
and a in Form4 were optimized for each vegetation type using the SCE- 
UA algorithm. To ensure the robustness of the model, we applied a 10- 
fold cross-validation method to optimize the parameters and validate 
the model. We randomly divided the in situ GPP of each vegetation type 
into 10 groups, using one group of data in turn for validation and the 
remaining 9 groups of data to optimize the parameters, ensuring that all 
data were involved in model calibration and validation. The coefficient 
of determination (R2), RMSE, and mean absolute error (MAE) were 
utilized to evaluate the accuracy of the GPP estimation. Furthermore, 
the index of agreement (IOA), which measures the degree of agreement 
between the estimates and the observations, was selected (Peng et al., 
2017; Zhang 2015). The logical range of IOA is 0 to 1, where 1 indicates 
that the model estimates are consistent with the observations, and 
0 represents complete disagreement. These metrics are calculated as 
follows: 

R2 =

∑n
i=1(yi − x)2

∑n
i=1(xi − x)2 (27)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − xi)
2

n

√

(28)  

MAE =

∑n
i=1|yi − xi|

n
(29)  

IOA = 1 −

∑n
i=1(yi − xi)

2

∑n
i=1(|yi − x| + |xi − x|)2 (30) 

The MOD17 GPP was the first regular, near real-time, and free-access 
dataset that has been widely employed to monitor terrestrial ecosys
tems. The revised EC-LUE model considered the effects of temperature 
and VPD on LUE and further integrated the effects of radiation compo
sition and atmospheric CO2 concentration. In this study, the MOD17 
algorithm (Zhao et al., 2005) and revised EC-LUE (rEC-LUE) model 
(Zheng et al., 2020) were selected for comparison with our model. We 
recalibrated the MOD17 model and rEC-LUE model based on the same 
data and methods utilized in our model. The means of the optimized 
parameter values of each vegetation type were employed in the models. 
GPP simulations based on the MOD17 model (GPPMOD17) and rEC-LUE 
model (GPPrECLUE) were compared with our GPP estimates on a daily 
and annual scale. 

In addition, to assess the sensitivity of the model to different vari
ables including temperature, radiation, water, LAI, CO2 concentration 
and N index, we established two scenarios. The first scenario was the 
GPP per 8 days (GPPog) calculated by the original model. In the second 
scenario, one of the variables was changed while keeping the other 
variables unchanged. Specifically, we increased all time series of the 
variable i by a standard deviation, which was separately calculated ac
cording to the all time series data of each site, and kept the remaining 
variables unchanged. In this scenario, the GPP simulations were set to 

GPPi. The sensitivity of that variable was expressed as the difference 
between the total annual GPPi and GPPog, calculated as follows: 

Sensitivityi =
∑

GPPi −
∑

GPPog (31)  

3. Results 

3.1. Comparison of the GPP simulation from different indices 
characterizing N 

The vegetation indices characterizing the canopy N concentrations 
(N-indices) described in Table S2 were used to calculate εmax. The per
formance of these indices was evaluated by comparing the accuracy of 
the GPP estimated by the models (Form 4 in Section 2.2) developed 
using these indices; and the results are shown in Fig. 2. The green 
chlorophyll index (CIgreen) gave the best performance with an R2 of 0.68, 
an RMSE of 2.13 gC/m2/d, a MAE of 1.36 gC/m2/d, and an IOA of 0.915, 
followed by the chlorophyll/carotenoid index (CCI), green normalized 
difference vegetation index (GNDVI) and near-infrared reflectance 
(NIR). Among these indices, the R2 between the GPP estimated using the 
modified simple ratio (MSR) and the FLUXNET GPP was the lowest at 
0.65, the RMSE was the highest at 2.31 gC/m2/d, and its MAE and IOA 
were 1.45 gC/m2/d and 0.889, respectively. Therefore, we selected 
CIgreen as the spectral index characterizing the canopy N concentrations 
and introduced it to the LUE model to calculate εmax in this study. In the 

d = 1 −
RMSE2

∑n
i=1(xi − x)2

+
∑n

i=1(yi − x)2
+ 2 ×

⃒
⃒
⃒
⃒

∑n

i=1
(xi − x)(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n

i=1
(xi − x)2

∑n

i=1
(yi − y)2

√ ×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(xi − x)2
√

×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − x)2
√ ⃒

⃒
⃒
⃒

(26)   
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following results and discussion section, the [NI] in the model of Form 4 
was CIgreen. The parameters optimized according to CIgreen are shown in 
Table S3. 

In this study, we employed measured canopy N concentrations from 
previous studies and the average CIgreen for the period corresponding to 
the canopy N concentrations to further corroborate that CIgreen can be 
used to characterize canopy N concentrations. As shown in Fig. 3, a 
strong correlation between the CIgreen and the measured canopy N 
concentration was obtained, with CIgreen explaining 68% of the variation 

in the canopy N concentrations. 

3.2. Model performance of different forms 

Fig. 4 shows the validations of the estimated GPP from different 
forms of the models. Fig. 4(a) indicates that the GPP estimates based on 
the model of Form 1 (GPPForm1), considering only temperature and 
water, performed the worst among all forms of models. As shown in 
Fig. 4(b), the estimated GPP (GPPForm2) based on the model of Form 2 
had less improvement compared to GPPForm1. Although the model of 
Form 2 further integrated the effect of CO2 concentration based on Form 
1, the estimation accuracy improved less compared to GPPForm1 in the 
site-scale validation. However, the effect of CO2 concentration may be 
amplified in global long-term GPP estimates. Sunlit and shaded leaves 
had a significant impact on the accuracy of GPP estimates, as shown in 
Fig. 4(c). In terms of each metric, the estimated GPP based on the model 
of Form 3 (GPPForm3) had an accuracy that was substantially better than 
that of GPPForm2. The estimated GPP based on the model of Form 4, 
which simultaneously considered temperature, water, CO2, radiation 
components, and CIgreen, which characterized canopy N concentrations 
(GPPForm4), had the best performance (Fig. 4(d)). 

For different vegetation types, the performance of each model is 
shown in Fig. 5. All forms of model-estimated GPP reflected high R2 

values for CRO, DBF, ENF, GRA, SAV, WET, and WSA greater than 0.6 
and IOA values greater than 0.850. For different forms of models, the 
performances of Form 1 and Form 2 were similar in terms of R2 and 
RMSE for each vegetation type, and the performance of Form 2 
improved in GPP estimates of DNF, EBF, and WSA according to the MAE 
and IOA. The model of Form 3 had a significant improvement in CSH, 
DBF, DNF, and OSH. The model of form 4 had better performance in GPP 
estimation for different vegetation types, especially CSH, DNF, EBF, and 
OSH, and the estimation accuracy further improved compared to Form 
3. 

Fig. 2. (a) Coefficient of determination (R2), (b) root-mean-square error (RMSE), (c) mean absolute error (MAE), and (d) index of agreement (IOA) of the GPP 
estimated model (Form 4) driven by different vegetation indices. 

Fig. 3. Relationship between CIgreen and canopy N concentrations (%). The 
pink area indicates the 95% confidence interval. 
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3.3. Seasonal variation in GPP estimated by different form models 

Seasonal variation is also an important indicator for assessing the 
reliability of GPP simulations. A qualitative assessment of the seasonal 
variation was also conducted for some representative sites for the 12 
vegetation types, as shown in Fig. 6. The seasonal variation in εmax in 
Form 4 for each vegetation type is displayed in Fig. 7, where εmax in 
Form 1, Form 2, and Form 3 was constant. The GPP estimates of the 
different vegetation types based on different models exhibited seasonal 
variation. Among these GPP estimates, GPPForm1 and GPPForm2 were 
similar, and the seasonal variations in GPPForm3 and GPPForm4 were 
closer to that in FLUXNET GPP than that in GPPForm1 and GPPForm2. 
Without considering the radiation components, GPPForm1 and GPPForm2 
were significantly underestimated at peak GPP values at the DBF and 
SAV sites. Compared to FLUXNET GPP, GPPForm3 was overestimated at 
the CSH, EBF, GRA, and WET sites and underestimated at the DNF and 
OSH sites. However, at these sites, GPPForm4 performed better due to the 
dynamic adjustment of εmax (Fig. 7). 

3.4. Comparison with MOD17 and the revised EC-LUE models 

Based on the recalibrated MOD17 and rEC-LUE models, we calcu
lated GPPMOD17 and GPPrECLUE for the complete time series of 64 sites 
with observations over three years for comparison with GPPForm4 on a 
daily and annual scale. Fig. 8 shows the validation of 8-day GPPForm4, 
GPPrECLUE, and GPPMOD17 for daily values. Compared to GPPMOD17, 
GPPrECLUE and GPPForm4 had better performance, especially GPPForm4. 
Fig. 9 shows a comparison of the three annual GPP estimates. GPPForm4 
still performed best among the three GPP estimations, especially the 
scatter plot, which was closer to the 1:1 line, indicating less underesti
mation compared to GPPrECLUE, and GPPMOD17. 

3.5. Sensitivities of GPP simulations to multiple variables 

The correlation analysis indicated that the environmental and 
vegetation physiological factors have different roles in estimating daily 
GPPForm4 (Fig. 10), and Fig. 11 shows the sensitivities of GPP simula
tions to multiple variables. Among all variables, GPP simulations were 
highly sensitive to radiation and moisture conditions, and GPP simula
tions were significantly correlated with PAR and EF. Since the LAI re
flects structural information about the plants, its seasonal variation is 
similar to that of GPP, and the LAI has the strongest correlation with GPP 
simulation. However, the LAI was mainly used to calculate the propor
tion of shaded and sunlit leaves, and the sensitivity of GPP simulations to 
the LAI was not the highest in our model. The GPP simulations were 
positively correlated with temperature (r of 0.53), while the sensitivity 
of GPP to temperature had a high degree of dispersion. For some vege
tation types or sites, higher temperatures could reduce annual GPP. On a 
daily scale, there was a negative correlation between the atmospheric 
CO2 concentration and the GPP simulations. The site-scale GPP simu
lations were relatively insensitive to the atmospheric CO2 concentration. 
However, the CO2 concentration may have a greater contribution to the 
interannual variation in GPP on a global scale. CIgreen, as the N index 
selected in this study, is closely related to the chlorophyll and N contents 
of vegetation, indirectly reflects the vegetation growth status, and has a 
strong correlation with the GPP simulations. In the site GPP simulation 
based on our model, CIgreen had a role in regulating LUE and achieving 
dynamic εmax, which made the GPP simulations less sensitive to CIgreen. 

Fig. 4. Comparisons of the GPP estimates derived from different forms of models. The red dashed line is the 1:1 line, and the solid black line is the regression line.  
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4. Discussion 

4.1. Impact of multiple environmental and vegetation biophysical factors 
on the GPP simulations 

In this study, based on the LUE model that considered only tem
perature and water (Model of Form 1), the effect of atmospheric CO2 
concentration (Model of Form 2), the radiation components (Model of 
Form 3), and a vegetation index characterizing canopy N concentrations 
(Model of Form 4) were gradually integrated. After comparison and 
validation, the model of Form 4 performed best. Radiation, water, and 
temperature were required variables in all forms of models in this study. 
Since radiation was the most crucial energy driver in the model, the 
estimated GPPForm4 correlated well with PAR. Temperature influences 
the stomatal activity of vegetation during photosynthesis (Bao et al., 
2022). The optimum temperature could promote vegetation photosyn
thetic rates, resulting in high LUE, while high temperature could lead to 
stomatal closure and low temperature could reduce enzyme activity, 
which also leads to a large difference in the sensitivity of GPP simula
tions to temperature. The stomatal conductance influenced by plant 
water stress regulates water and carbon exchange between leaves and 
the atmosphere (Pei et al., 2022). In this study, the EF was chosen as the 
probe of water stress in the LUE model. Compared to soil water in
dicators (e.g., soil water saturation and soil water content) and atmo
spheric humidity indicators (e.g., VPD), EF is more sensitive to plant 
water content (Zhang et al., 2015). A lower EF indicates that photo
synthetic activity is limited by water, which means that less energy is 
available for water evaporation and carbon uptake, while a higher EF 
indicates that more energy is allocated to latent heat, resulting in a 
stronger water exchange between the ecosystem and the atmosphere 
(Bao et al., 2022). 

The effect of atmospheric CO2 concentration was integrated into the 
LUE model. Although as the fuel of photosynthesis, a continued rise in 
atmospheric CO2 positively contributed to the increase in GPP (Bao 
et al., 2022; Kolby Smith et al. 2016), these two have different seasonal 
patterns, which also resulted in a negative correlation between GPP 
simulations and CO2 on a daily scale. The photosynthetic efficiency of 
vegetation reached its highest value during the growing season, which 
induced the lowest atmospheric CO2 concentration in the year, while 
during the nongrowing season, the photosynthetic efficiency reached its 
lowest value, resulting in the highest CO2 concentration of the year. 
Moreover, the CO2 fertilization effect is spatially and temporally het
erogeneous, which may have a more obvious influence on the quanti
fication of global GPP (Bao et al., 2022; Liu et al., 2016). 

The maximum carboxylation rate and electron transport rate are 
limiting factors for the photosynthetic rates of sunlit leaves and shaded 
leaves, respectively, in the vegetation canopy (Chen 1999; De Pury and 
Farquhar 1997; Guan et al., 2021; Propastin et al., 2012). Because 
shaded leaves can only receive diffuse radiation and are not easily 
saturated, there are specific differences in APAR and LUE between 
shaded leaves and sunlit leaves (Guan et al., 2021). After the radiative 
component was considered in the model, the performance of Form3 was 
significantly better than that of Form1 and Form2. In addition, 
compared with other models, the estimation accuracy of rEC-LUE and 
Form4 considering the radiation component was better than that of 
MOD17. Insufficient consideration of the contribution of shade leaves 
leads to underestimation of GPP in areas with dense vegetation cover 
(Chen et al., 2020; He et al., 2018). 

In previous studies, CIgreen was considered to have a good relation
ship with N concentrations. He et al. (2016) obtained an R2 of 
0.60~0.75 for the relationship between canopy N concentrations of 
winter wheat and CIgreen at different viewing zenith angles. Mutowo 

Fig. 5. Comparison of GPP estimates of different vegetation types by different forms of models.  
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et al. (2018) found CIgreen to have the highest importance among mul
tiple vegetation indices when using the random forest algorithm to 
predict foliar N concentrations of woodland. Clevers and Gitelson 
(2013) discovered that the CIgreen and canopy N of grass and potato were 
linearly correlated (R2 values of 0.77 and 0.89, respectively). In this 
study, we used satellite reflectance to calculate CIgreen, and although N 
itself may not be the only variable driving the observed pattern, leaf N 
concentrations influence leaf traits related to photosynthetic capacity 
that affect reflectance (Ollinger et al., 2008). From the structure of the 
model, CIgreen was integrated into the LUE model to obtain dynamic 
εmax. Previous studies have also shown that CIgreen can be used to esti
mate the maximum photosynthesis velocity at a high PAR level of 2000 
(µmol/m2/s), which can be converted to maximum incident LUE or even 
εmax, and suggested that CIgreen has good potential for estimating sea
sonal changes in εmax (Kanako et al., 2014; Thanyapraneedkul et al., 
2012). Notably, εmax is a large source of uncertainty. The εmax of vege
tation spatially varies, which previously was partially attributed to dif
ferences in plant species (Peltoniemi et al., 2012). Even for the same 
vegetation, εmax may be different (Madani et al., 2014). Lin et al. (2017) 

suggested that εmax for most vegetation types seasonally varies. Hou
borg et al. (2009) proposed the importance of considering the seasonal 
variability in εmax in the LUE model and believed that dynamic εmax 
could make the model more suitable because foliage adaptively re
sponds to seasonal fluctuations in environmental conditions. 

In this study, we developed a newly introduced LUE framework 
based on the linear relationship of εmax with canopy nitrogen content. 
Moreno-Martínez et al. (2018) have developed a modular processing 
chain to derive global high-resolution maps of nitrogen content per dry 
mass. Although this dataset only have spatial distribution, there was still 
a significant positive correlation (r = 0.57) between the average value of 
εmax in the growing season from 2001 to 2015 based on CIgreen and N 
content at the spatial scale (Fig. S1). 

Our model linked the N index with dynamic εmax, which provided an 
idea for the LUE model and improved the accuracy of the GPP estimates. 
In addition, dynamic εmax allows the estimated GPP to be as close as 
possible to the observations in terms of seasonal variability and may 
have a greater impact on the global GPP estimation. 

Fig. 6. Seasonal variations in the Fluxnet GPP and simulated GPP for different vegetation types. DOY means the day of the year.  
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Fig. 7. Seasonal variations in εmax of different forms of models for different vegetation types. DOY means the day of the year.  

Fig. 8. Comparison of daily (a) GPPForm4, (b) GPPrECLUE and (c) GPPMOD17 at 8-day intervals.  
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4.2. Uncertainties analysis 

The above results demonstrated the good performance of the 
improved LUE model that integrated multiple environmental variables 
and the N-index by validation against FLUXNET GPP and other satellite 
GPP models. However, GPP estimated by our model may still be 
underestimated, which was mostly caused by uncertainty in the models.  

(1) Although we used MODIS reflectance data to calculate the 
vegetation index characterizing canopy N concentrations in this 
study, the use of hyperspectral sensors likely have greater po
tential. Many studies used hyperspectral data to calculate the 
indices and revealed that these indices can be well correlated 
with foliar or canopy N. For example, Trotter et al. (2002) indi
cated a strong correlation between PRI and LUE for plant species 
with significant differences in leaf N content. Loozen et al. (2018) 
discovered significant log-linear relationships between the Me
dium Resolution Imaging Spectrometer (MERIS) Terrestrial 
Chlorophyll Index (MTCI) and canopy N concentration. Chen 

et al. (2010) established the Double-peak Canopy Index (DCNI) 
and suggested that it correlated with N concentrations in crop
land. Hyperspectral sensors can obtain more information about 
plant traits or nitrogen content from narrow reflectance bands. 
However, the spectral resolution of the sensors and the time span 
of the available data prevent us from applying these hyper
spectral indices to global long time-series studies. In addition, we 
lacked consideration of the nonuniform leaf N distribution 
varying with canopy depth. This shortcoming may ultimately 
lead to an underestimation of GPP. However, leaf N concentra
tions based on dry weight (%) varied less with canopy depth than 
leaf N content based on leaf area (g N/m2) (Li et al., 2013). He 
et al. (2020) also found that vegetation indices could not only 
calculate the N concentrations at the top of the canopy but also 
have a good relationship with N concentrations throughout the 
canopy.  

(2) Although the model of Form 4 performed well on a site scale, 
missing or poor-quality reflectance data may prevent the calcu
lation of the nitrogen index of some pixels, which could be 

Fig. 9. Comparison of annual (a) GPPForm4, (b) GPPrECLUE and (c) GPPMOD17.  

Fig. 10. Correlation (r) matrices between daily GPPForm4 and the environmental and vegetation biophysical factors.  
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supplemented using the model of Form3. Moreover, other vege
tation parameters could be applied to improve the model. For 
example, the LAI was utilized to scale photosynthetic capacity in 
the Breathing Earth System Simulator (BESS) model (Ryu et al., 
2011). Croft et al. (2017) indicated that leaf chlorophyll content 
is a proxy for leaf photosynthetic capacity, and Luo et al. (2019) 
used leaf chlorophyll content to improve the maximum carbox
ylation rate in the BEPS model. These parameters related to the 
plant photosynthetic capacity deserve further exploration of their 
role in LUE models.  

(3) CIgreen was used to characterize canopy N concentrations, while N 
is the main component of chlorophyll, and both chlorophyll 
content and canopy N concentrations are related to vegetation 
growth (LAI, FPAR). Here, we have tested the correlation coef
ficient (r) between CIgreen and each variable, as shown in Fig. S4. 
Both FPAR and f (W) are positively correlated with CIgreen, and 
the r value of CIgreen and FPAR was 0.69. CIgreen may carry the 
signals of leaf chlorophyll content and canopy water content. 
Therefore, using vegetation index to calculate εmax is difficult to 
avoid double consideration of effects from FPAR (or APAR) and f 
(W). In the optimization process, we used SCE-UA algorithm to 
optimize the parameters, there is a good correlation between 
CIgreen and GPP (r = 0.47). However, f (W) and APAR were 
calculated directly from the input data, and there were no pa
rameters in f (W) and APAR need to be optimized. The r value 
between CIgreen and GPP/(APAR × f (W)) was only 0.02, so that 
the signals of f (W) and APAR might be weakened in the process 
of parameter optimization for CIgreen. This part needs to be 
further explored in future research. It may be a good choice to 
directly use long time-series canopy N concentration product 
instead of vegetation index, which can eliminate the influence of 
double consideration caused by vegetation index related to other 
variables.  

(4) The spatial resolution of the main input data to our model (FPAR 
and LAI) determined the spatial scale for estimated GPP, while 
the longitudinal length scale of the flux tower footprints is typi
cally 500~2000 m (Baldocchi 2014). To explore this uncertainty, 
we first employed 500 m GLASS LAI products and compared it 
with 5 km LAI data. As shown in Fig. S2, 500 m LAI and 5 km LAI 
have high consistency in the sites selected in this study. Then, we 
used the parameters optimized based on 5 km LAI in our manu
script and replaced the input data with 500 m LAI, the GPP 
simulation accuracy were shown in Fig. S3 (a). In addition, we 

re-optimized the parameters based on 500 m LAI data and eval
uated the performance of GPP simulations using 500 m LAI data 
as input data, as shown in Fig. S3 (b). Compared with the GPP 
estimation accuracy of the model of Form4 (Fig. 4(d)), replacing 
5 km LAI with 500 m LAI and using the original parameters 
reduced the accuracy of GPP estimation. However, the accuracy 
of GPP estimation using 500 m LAI and parameters re-optimized 
by 500 m LAI was similar to that of the model in Fig.4(d). 
Although the scale problem still existed, we tried our best to 
eliminate this part of the error by ensuring the homogeneity of 
the underlying surface of the selected sites. And since the purpose 
of this study is to develop a model that can be used to estimate the 
global GPP, the input data with a spatial resolution of 0.05 ◦may 
be suitable for this purpose. Some previous studies also used the 
input data with a spatial resolution of 0.05 ◦to calibrate models 
and to estimate global GPP (Bai et al., 2022; Bi et al., 2022; Li and 
Xiao 2019).  

(5) Generally, the photosynthesis of C4 plants is stronger than that of 
C3 plants under the same climatic conditions (Wang et al., 
2021c). The traditional LUE model with fixed εmax without dis
tinguishing these two important plant functional types may lead 
to the overestimation and underestimation of GPP for C3 plants 
and C4 plants, respectively. Likewise, in our model, the same 
coefficients before the N index of C3/C4 plants may also cause 
uncertainty. In future research, we may need fine biotype prod
ucts to separately optimize the parameters of C3/C4 vegetation, 
which would be beneficial to avoid uncertainty for cropland and 
grassland (Wang et al., 2021c; Yuan et al., 2015).  

(6) In this study, we employed in situ GPP from all the sites of each 
vegetation type to optimize the model, which is also referred to as 
joint optimization, and the parameters of joint optimization are 
more representative and less variable (Huang et al., 2021). 
However, there are great differences in the optimal parameters 
among different climatic regions. Huang et al. (2021) discovered 
significant differences in the parameters of GRA at high latitudes 
with temperature and in dry areas with high temperature. Lin 
et al. (2021) have also suggested that there are still differences in 
photosynthetic characteristics even among the same vegetation 
types in different climatic zones, and combining vegetation dis
tribution and climatic regions into various plant functional types 
could reduce the uncertainty in terrestrial carbon assessment. 

Moreover, unbalanced training data may explain any systematic 
errors. However, we obtained 10 sets of train data based on the 10-fold 
cross-validation method and each set of training data contained a 
different number of low, medium and high GPP values, but the final 
parameters were still within an acceptable range. We believed that the 
form of the model is the main reason for this phenomenon. Different 
stress factors in the model were calculated in a fixed form, used the same 
parameters that were directly set according to previous studies, such as 
the optimal temperature, the minimum temperature and the carbon 
dioxide compensation point. Different forms of stress factors greatly 
affect the GPP simulation (Bao et al., 2022). Since there is no fixed 
model form for some machine learning models, as long as the appro
priate variables are selected, the estimated GPP will be as close to 1:1 as 
possible. However, the appropriate forms of different stress factors in 
LUE model should be further explored. 

5. Conclusions 

In this study, we developed an improved LUE model that simulta
neously incorporated the effects of temperature, water, atmospheric 
CO2, radiation components, and canopy N concentrations to achieve a 
daily GPP estimation with an 8-day temporal resolution. According to 
the linear correlation between canopy N concentrations and εmax, we 
selected a vegetation index that could characterize the canopy N 

Fig. 11. Sensitivity of GPP estimates to different variables, which represents 
the change in annual GPP due to a standard deviation increase in the all time 
series of the variable of the daily GPP estimate. 
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concentrations and incorporate it into the LUE model. By comparing the 
models’ performance with different indices, we determined that CIgreen 
was the best index introduced to the LUE model by calculating εmax. 
Moreover, using the measurements from previous studies, CIgreen was 
further found to have a good correlation with the canopy N concentra
tions, and the value of R2 reached 0.68. 

To demonstrate the superiority of the GPP estimates using the LUE 
model integrating multiple environmental variables and canopy N 
concentrations (GPPForm4), we compared it with the GPP estimation 
using the LUE model considering only temperature and water 
(GPPForm1) and with the GPP estimation by further stepwise addition of 
the effects of CO2 and radiation components (GPPForm2 and GPForm3, 
respectively). The GPP estimations by each model were validated using 
FLUXNET GPP. The results showed that the accuracy of GPPForm4 was 
the highest (R2 =0.69, RMSE = 2.13 gC/m2/d, MAE =1.36 gC/m2/d, 
and IOA =0.915). In addition, GPPForm4 also had good performance for 
different vegetation types. It was determined that considering the ra
diation component greatly improved the accuracy of the GPP estimates, 
and integrating the vegetation index representing the canopy N con
centrations achieved a dynamic εmax, which was beneficial to reducing 
the degrees of underestimation at peak values and those of over
estimation in the dormant season. Further comparisons with the MOD17 
GPP algorithm and the revised ECLUE model showed that GPPForm4 
exhibited higher overall accuracy on a daily and annual scale, showing 
fewer underestimates compared to other products. 

In conclusion, this study is the first attempt to integrate temperature, 
water, the effects of CO2 fertilization, radiation components, and N into 
the LUE model. The vegetation index characterizing canopy N concen
trations was introduced to the LUE model to obtain spatiotemporally 
dynamic εmax, which is more satisfying in GPP estimation than with 
fixed values. The proposed model has the potential to map global long- 
term GPP. To improve the accuracy of the model, future improvements 
of the model will include distinguishing between C3 and C4 plants and 
attempting to integrate other vegetation indices or vegetation parame
ters that are considered probes of photosynthetic capacity. 
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