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A B S T R A C T   

Light use efficiency (LUE) models have been widely used to estimate terrestrial gross primary production (GPP) 
at local, regional, and global scales, which is vital for understanding the carbon flux dynamics under climate 
change. LUE models express GPP as the product of the incoming photosynthetically active radiation (PAR), the 
fraction of PAR absorbed by plants (FPAR), the maximum LUE, and the environmental stress factors (e.g., 
temperature, water, and carbon dioxide). Here, we investigate 21 LUE models reported in literatures and 
conclude their complicated evolutions in the aforementioned four components: 1) the representation of PAR was 
improved from total PAR to direct and diffuse PARs; 2) the representation of FPAR was improved from one-leaf 
to two-leaf (i.e., sunlit and shaded leaves) or chlorophyll based strategies; 3) the parameterization of the 
maximum LUE was improved from a constant value of 0.39 gC/MJ to the C3/C4- and sunlit/shaded leaf-specific 
values; and 4) the representation of environmental stress factors was improved both in their integration forms (e. 
g., from the multiplication method to the law of the minimum method) and the proxy optimization for a specific 
stress factor. For example, the proxy for water stress factor has evolved from atmospheric (e.g., vapor pressure 
deficit) and soil (e.g., soil moisture) water indicators to the plant (e.g., land surface water index) water in
dicators. We also identify uncertainties caused by model structures, parameterizations, input data with various 
resolutions and accuracies, and scale mismatch issues between remote sensing data and flux tower observations. 
The newly emerged indicators such as the photochemical reflectance index, solar-induced chlorophyll fluores
cence, and near-infrared reflectance of vegetation simplify the methods to estimate GPP but fail to disentangle 
the influences of different environmental factors. These findings on the evolution of LUE models and their un
certainties are expected to contribute to future model improvements.   

1. Introduction 

Gross primary production (GPP) is defined as the total amount of 
carbon dioxide (CO2) fixed by plants over a period (e.g., hour, day, year) 
through photosynthesis (Beer et al. 2010; Ryu et al. 2019; Stocker et al. 
2019; Zhang et al. 2020). As the largest CO2 flux in the global carbon 
cycle, terrestrial GPP plays an important role in the seasonal dynamics 
and inter-annual variation of atmospheric CO2 concentration. It also has 

been considered as a key indicator of ecological goods and services for 
the society, such as food, fiber, and energy (He et al. 2013; Yuan et al. 
2007). Thus, the estimation of terrestrial GPP is an indispensable pre
requisite for understanding the carbon cycle, climate change, and 
ecosystem services (Anav et al. 2015; Beer et al. 2010; He et al. 2013; 
Jiang and Ryu 2016; Le Quere et al. 2016; Xia et al. 2015; Yuan et al. 
2014; Zhang et al. 2019b; Zhang et al. 2017; Zhao et al. 2005). 

The GPP estimation is difficult as no direct measures are available at 
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scales larger than the leaf level (Welp et al. 2011). Net ecosystem ex
change (NEE) of CO2 between the land surface and the atmosphere data 
from the eddy covariance (EC) flux tower sites can be used to indirectly 
estimate GPP at the canopy level, and have been widely used as refer
ence data for calibrating and validating GPP models (Baldocchi 2014; 
Baldocchi et al. 2001; Jiang and Ryu 2016; Jung et al. 2020; Wang et al. 
2017; Zhang et al. 2017). However, at the regional and global scales, the 
estimation of terrestrial GPP relies largely upon various types of models 
(Yuan et al. 2007). 

Generally, the existing GPP models can be classified as statistical, 
process-based, and light use efficiency (LUE) models (Zhang et al. 
2016c). The statistical models are based on the relationships between in 
situ carbon flux observations and remote sensing/climate variables, 
such as the near-infrared reflectance of terrestrial vegetation (NIRV), the 
canopy structure-related NIRV multiplied by incoming sunlight (NIRVP), 
and the kernel normalized difference vegetation index (kNDVI) (Badg
ley et al. 2017b; Camps-Valls et al. 2021; Dechant et al. 2022). Statistical 
models are valuable for their applicability to represent the effects of 
climate change or variability directly, but they usually lack a rigorous 
theoretical basis of physiological ecology (Sun and Zhu 1999). Also, the 
accuracy of the statistical models depends largely on the number and 
representativeness of sites, and the derived empirical relationships have 
poor generalizability. The process-based models focus on ecological and 
physiological processes of plant growth, such as the Breathing Earth 
System Simulator (BESS) (Jiang and Ryu 2016; Ryu et al. 2011) and the 
Penman-Monteith-Leuning (PML) models (Zhang et al. 2019b). How
ever, this kind of models usually need a large set of input data and pa
rameters, some of which are difficult to obtain or are obtainable but 
have limited accuracy (Zhang et al. 2016b; Zheng et al. 2018). 

The LUE models estimate GPP as the energy absorbed by plants 
multiplied by the actual LUE that converts energy to carbon fixed during 
the photosynthesis process (Monteith 1972). The LUE-based GPP models 
such as the Moderate Resolution Imaging Spectroradiometer (MODIS) 
GPP product (MOD17) (Zhao et al. 2005) and the Vegetation Photo
synthesis Model (VPM) (Xiao et al. 2004a; Xiao et al. 2004b), are mainly 
driven by satellite data. The remote sensing data are characterized by 
their large spatial coverage, consistency, repeatability, and low cost, and 
they have the potential to illuminate the spatial and temporal dynamics 
of plant growth at the regional and global scales (Dong et al. 2015; 
Hilker et al. 2008; Moreno et al. 2012; Turner et al. 2003; Wu et al. 2012; 
Wu et al. 2010; Xiao et al. 2004a; Yuan et al. 2019; Zhao et al. 2005). In 
recent decades, many LUE-based GPP models have been proposed. 

However, it is unclear how much the LUE-based GPP models have 
advanced since the establishment of light use efficiency theory and how 
each component of the LUE-based GPP model has evolved. A previous 
study has reviewed the capacity of remote sensing for providing the 
critical input variables for LUE models (Hilker et al. 2008). We extend 
this review by conducting a review on the evolution and uncertainties of 
the 21 most widely used LUE models. The objectives of this review were 
to 1) investigate the trends in the evolution of these LUE-based GPP 
models from the perspectives of each model component, 2) understand 
the uncertainties in different components, and 3) provide insights for 
further improvements of the models. This review is organized into the 
following five sections. In Section 2, we introduce the basic theory and 
structure of LUE-based GPP models. In Section 3, we track the evolution 
of the 21 LUE-based GPP models. In Section 4, we discuss the un
certainties in LUE models. In Section 5, we highlight the applicability 
and outlook for improving LUE models. In Section 6, we conclude major 
findings and implications for global-scale applications. 

2. Basic theory and structure of LUE GPP models 

The LUE models treat GPP as the product of the absorbed photo
synthetically active radiation (APAR) and actual LUE (Monteith 1972) 
and define LUE as the efficiency of the photosystems to use absorbed 
light energy to fix carbon. It has two fundamental assumptions: (1) GPP 

is linearly related to APAR, and (2) the actual LUE (εg) is downregulated 
from its theoretical maximum LUE (ε0) by environmental conditions, 
such as temperature or water stress. Note that the CO2 concentration 
factor is not a downregulated one. The general form of the LUE-based 
model can be expressed as: 

GPP=APAR × εg (1)  

APAR = PAR × FPAR (2)  

εg = ε0 × f (T, W, …) (3)  

where PAR refers to the photosynthetically active radiation, FPAR is the 
fraction of PAR that is absorbed, and f (T, W, …) represents environ
mental conditions, such as air temperature f(Ta) and soil water f(SW) 
(Fig. 1). 

3. Evolution of LUE GPP models 

In this section, we summarized the evolution of LUE models from the 
perspectives of each model component, including PAR, FPAR, LUEmax, 
and environmental stress factors (Fig. 2). 

3.1. Light sources and amounts: PAR as total, direct, and diffuse PAR 

As a fundamental driver for LUE-based GPP models, total PAR has 
been improved by the division of total PAR into direct and diffuse PAR 
components. The diffuse radiation is more uniformly distributed in the 
canopy and penetrates deeper into the canopy, while the direct radiation 
tends to result in light saturation at the top of the canopy (He et al. 
2013). Therefore, the photosynthetic rate under diffuse radiation is 
more efficient than that under direct radiation. With a given value of 
total incident radiation, the LUE of the entire canopy will increase as the 
diffuse radiation fraction (f(Df)) increases. The f(Df) has been used to 
directly estimate actual LUE without any environmental stress factors in 
the DIFFUSE model (Donohue et al. 2014). Since the proportion of 
diffuse radiation increase with the cloud cover, the cloudiness index (CI, 
defined as the difference between 1 and the ratio of PAR to potential 
PAR) has also been proposed to partition PAR in some GPP models, e.g., 
CFLUX Model (Turner et al. 2006; Turner et al. 2009), CI-LUE Model 
(Wang et al. 2015), Coupled Carbon and Water (CCW) Model (Zhang 
et al. 2016b), Wang’s Model (Wang et al. 2018), and CI-Evaporative 
Fraction (CI-EF) Model (de Almeida et al. 2018). 

3.2. Light absorption: FPAR by canopy, leaves or chlorophyll 

The LUE-based GPP models also evolved in estimating the fraction of 
absorbed PAR (FPAR) from the PAR absorbed by the canopy (FPARca

nopy) to the PAR absorbed by sunlit leaves and shade leaves (FPARsunlit 
and FPARshaded) or the PAR absorbed by chlorophyll (FPARchl) (Xiao 
et al. 2004a; Xiao et al. 2004b) (Fig. 1). 

3.2.1. Light absorption by canopy (FPARcanopy) 
The original LUE-based GPP models consider the plant canopy as a 

single big-leaf and use FPARcanopy for various plant function types (PFTs) 
since the 1970s. Different proxies (e.g., Normalized Difference Vegeta
tion Index, NDVI, and Leaf Area Index, LAI) have been used to estimate 
FPARcanopy in LUE models (Prince and Goward 1995; Running et al. 
2004). During the late 1990s to the early 2000s, FPARcanopy was usually 
represented by NDVI derived from NOAA/AVHRR or SPOT/VEGETA
TION, such as the Global Production Efficiency Model (GLO-PEM) 
(Prince and Goward 1995) and Carbon-Fix (C-Fix) models (Veroustraete 
et al. 2002). Since the launch of the Terra and Aqua satellites, the MODIS 
FPAR/LAI, NDVI, and enhanced vegetation index (EVI) products have 
been commonly used to estimate FPARcanopy. For example, the MOD17 
(Zhao et al. 2005), Carbon Flux (CFLUX) (Turner et al. 2006), Two 
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Leaf-LUE (TL-LUE) (He et al. 2013), nonlinear TL-LUE (TL-LUEn) (Wu 
et al. 2015), Terrestrial Ecosystem Carbon Flux Model (TEC) (Yan et al. 
2015), CI-LUE, Terrestrial Carbon Flux (TCF) (He et al. 2016), Diffuse 
Fraction-Based Two-Leaf Light Use Efficiency (DTEC) (Yan et al. 2017a), 
and CI-EF use the MODIS FPAR (MOD15) product (Table 1). The 
Eddy-Covariance Light Use Efficiency (EC-LUE) (Yuan et al. 2010; Yuan 
et al. 2007; Yuan et al. 2019), DIFFUSE, modified Vegetation Photo
synthesis Model (MVPM) (Zhang et al. 2015a; Zhang et al. 2019a), CCW, 
and Wang’s model use the MODIS NDVI product (Table 1). 

The FPAR data products derived from different proxies and data 
sources differ and affect GPP estimation Ruimy et al. (1999). and Ruimy 
et al. (1994) underscored that the linear relationship between FPAR and 
NDVI is an approximation, which is only valid during the growing stage. 
Also, NDVI tends to saturate in multi-layer closed canopies because of 
the quick saturation of the red band (Huete et al. 1997; Lees et al. 2018; 
Walker et al. 2014). FPARcanopy derived from LAI was found to be 
effective in improving LUE-based GPP models compared to MOD17 GPP 
products based on MOD15 FPAR, especially for agricultural and grass
land ecosystems (Xiao et al. 2016; Zhu et al. 2016). The Multi-source 

Data Synergized Quantitative GPP (MuSyQ) Model derives FPAR by 
using measured LAI (Cui et al. 2016b). Zheng et al. (2018) compared the 
performances of the four different FPAR proxies (i.e., MOD15 FPAR, 
NDVI, EVI, and LAI) and found that the FPAR data products based on 
NDVI, EVI, and LAI performed best in grasslands, forests, and croplands, 
respectively. They also showed that the proxies from different data 
sources may differ considerably due to varying data quality, algorithms, 
and data inputs (Zheng et al. 2018). These together suggest that the 
selection of FPAR in LUE models should consider the potential effects of 
different proxies, biomes, and geographical characteristics. 

3.2.2. Light absorption by leaves (FPARsunlit and FPARshaded) 
Canopies are composed of sunlit and shaded leaves, which receive 

different amounts of direct and diffuse incident solar radiation. Specif
ically, sunlit and shaded leaves differ in their structural, morpho- 
anatomical, and physiological traits, as well as in the number, shape, 
and size of chloroplasts (Doerken and Lepetit 2018; Lichtenthaler et al. 
1981). Sunlit leaves are usually smaller and thicker than shaded leaves, 
and they also show a higher leaf mass per area, stomata density, 

Fig. 1. The basic theory of the light use efficiency (LUE) models (GPP = PAR × FPAR × LUE). PAR includes direct and diffuse radiation, and FPAR in this figure is 
non-specific in that it can represent FPAR by the canopy, leaves (sunlit and shaded leaves), and/or chlorophyll. LUE is attenuated from its theoretical maximum by 
environmental conditions, such as air temperature, water, and atmospheric CO2 concentration. See the acronyms table for all the abbreviations. 
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palisade/spongy parenchyma ratio, light saturation rate of photosyn
thesis, light compensation point, light saturation irradiance, and chlo
rophyll a/b ratio (Doerken and Lepetit 2018; Lichtenthaler et al. 1981). 

As a result, the sunlit and shaded leaves have different photosyn
thetic rates. Under clear skies, sunlit leaves are often light-saturated. 

Their photosynthetic rates are lower and can even decrease with 
increasing radiation because of enhanced photorespiration (He et al. 
2013; Wu et al. 2015). Therefore, the actual LUE of sunlit leaves is 
relatively lower. On the contrary, shaded leaves are often exposed to 
diffuse radiation, which is usually much lower than the radiation 

Fig. 2. The evolution of LUE GPP models. Rounded rectangles with different colors indicate different PAR levels of the models: the green and orange indicate the 
models in which total PAR and diffuse PAR are considered, respectively. Lines with different colors indicate different FPAR levels of the models: the light brown, 
reddish brown, and brown indicate the FPAR at the canopy, leaf (sunlit and shaded), and chlorophyll levels, respectively. The expressions next to the lines indicate 
the types and integration forms of environmental stress factors for the corresponding models. See the acronyms table for all the abbreviations. 
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Table 1 
A summary of models that use APAR (and LUE) to estimate daily GPP.  

Number Model 
Name 

Equation Light reaction Carbon fixation Reference 
Light Absorption (APAR ¼ FPAR £ PAR) Maximum LUE 

or others 
Photosynthesis Regulation Factors 

FPAR PAR εmax TemperatureScalar (T) Water Scalar (W) Other Scalar 

1 GLO- 
PEM 

GPP=FPAR × PAR ×
εmax × f(Ta) × f(SHD) 
× f(SM) 

FPAR=1.67 × NDVI− 0.08 TOMS 
ultraviolet 
observations  

f(Ta)=((T− Tmin)(T− Tmax))/ 
((T− Tmin)(T− Tmax)−
(T− Topt)2) 

f(SHD)=1− 0.05SHD 
(0<SHD≤15), or 0.25 
(SHD>15); 
SHD=SSH− SH; 
f(SM)=1− exp(0.081 
(SM− 83.3));  

(Prince and 
Goward 
1995) 

2 3-PG GPP=FPAR × PAR ×
εmax × f(Ta) × min(f 
(SM), f(VPD)) × f(SA)    

f(Ta)=1− FD/TD; f(SM)=1/(1+((1− (SWC/ 
SWCmax)/c)h); 
f(VPD)=e− k×VPD; 

f(SA)=1/(1+
(RSA/0.95)n) 

(Landsberg 
and Waring 
1997) 

3 MOD17 GPP=FPAR × PAR ×
εmax × f(TMIN) × f 
(VPD)  

NCEP-DOE 
Reanalysis II 
(MOD17A2, 
C5.5) 

Look-Up Table f(TMIN)=1 (TMIN>TMINmax), 
or (TMIN− TMINmin)/ 
(TMINmax− TMINmin) 
(TMINmin≤TMIN≤TMINmax), 
or 0 (TMIN<TMINmin); 

f(VPD)=
0 (VPD>VPDmax), or 
(VPDmax− VPD)/ 
(VPDmax− VPDmin) 
(VPDmin≤VPD≤VPDmax), 
or 1 (VPD<VPDmin);  

(Running 
et al. 2004;  
Zhao et al. 
2005) 

4 C-Fix GPP=FPAR × PAR ×
εmax × f(Ta) × f(CO2) 

FPAR=0.8642 × NDVI− 0.0814 World 
Meteorological 
Organization 
(WMO) 

1.1 gC/MJ 
(APAR) 

f(Ta)=e(C1− AE/GC×Ta)/ 
(1+e((EN×Ta− DE)/GC×Ta))  

f(CO2)=FCO2/ 
FCO2

ref 
( 
Veroustraete 
et al. 2002) 

5 VPM GPP=FPAR × PAR ×
εmax × f(Ta) × f(LSWI) 
× f(P) 

FPAR=(EVI− 0.1) × 1.25 NCEP 
Reanalysis II 

C3 = 0.42, C4 =
0.63 gC/mol 
APAR. 

f(Ta) is the same as in GLO- 
PEM. 

f(LSWI)=(1+LSWI)/ 
(1+LSWImax)  

(Xiao et al. 
2004a; Xiao 
et al. 2004b) 

6 CFLUX GPP=FPAR × PAR ×
εbase × f(Tmin) × min(f 
(SM), f(VPD)) × f(SA) 

MODIS FPAR DAYMET 
database 

εbase=(εmax− εcs) 
× f(CI)+εcs; 
f(CI)=
(CId− CImin)/ 
(CImax− CImin); 
CI=1− PAR/ 
PARpo; 

f(Tmin) is the same as MOD17. f(VPD) is the same as 
MOD17. 

f(SA)=GPP/ 
GPPmax 

(King et al. 
2011; Turner 
et al. 2006) 

7 EC-LUE V1: GPP=FPAR × PAR 
× εmax × min(f(Ta), f 
(EF)) ; 
V2: GPP=FPAR × PAR 
× εmax × min(f(Ta), f 
(EF)) ; 
V3: GPP=FPAR × PAR 
× εmax × f(CO2) × min 
(f(Ta), f(VPD)) ; 

FPAR=1.24a × NDVI− 0.168+b MERRA archive  f(Ta) is the same as GLO-PEM. V1: f(EF)=1/(β+1); 
V2: f(EF)=LE/Rn; 
V3: 
f(CO2)=(Ci− θ)/(Ci+2θ),  
Ci=Ca × χ; 
f(VPD)=VPD0/ 
(VPD+VPD0)  

(Yuan et al. 
2010; Yuan 
et al. 2007;  
Yuan et al. 
2019) 

8 TL-LUE GPP=(εmsu ×

APARsu+εmsh ×

APARsh) × f(VPD) × f 
(Ta) 

APARsh=(1− α) × ((PARdif− PARdif,u)/LAI+C) × LAIsh ; 
APARsu=(1− α) × (PARdif × cos(λ)/cos(φ)+
(PARdif− PARdif,u)/LAI+C) × LAIsu; 
LAIsu=2 × cos(φ) × (1− exp(− 0.5 × Ω × (LAI/cos(φ))); 
LAIsh=LAI− LAIsu; 
PARdif=PAR ×
(0.7527+3.8453SI− 16.316SI2+18.962SI3− 7.0802SI4) ; 
SI=PAR/(0.5 × S0 × cos(φ)) 

in situ 
measured PAR 

constant value f(Ta) is the same as MOD17 f(VPD) is the same as 
MOD17  

(He et al. 
2013) 

9 DIFFUSE GPP=FPAR × PAR ×
(0.02Df+0.00061εmax) 

MOD13Q1 AWAP climate 
data 

εmax: 12 μmol 
CO2 m− 2 s− 1   

overcast skies: Df 

=1.0 
clear skies: Df 

=0.2 

(Donohue 
et al. 2014) 

(continued on next page) 
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Table 1 (continued ) 

Number Model 
Name 

Equation Light reaction Carbon fixation Reference 
Light Absorption (APAR ¼ FPAR £ PAR) Maximum LUE 

or others 
Photosynthesis Regulation Factors 

FPAR PAR εmax TemperatureScalar (T) Water Scalar (W) Other Scalar 

10 PCM GPP=PCmax × f(EVI) 
× f(LSWI) 

MODIS  PCmax=0.1346 
× LSTan+2.7522; 
PCmax: CBS 2.61, 
NM 2.06, HBGC 
1.75, HBSD 1.38, 
DX 2.00 mol C 
m− 2 d− 1  

f(LSWI)=(1+LSWI)/ 
(1+LSWImax); LSWImax =1 

f(EVI)=EVI− 0.1 (Gao et al. 
2014) 

11 TL-LUEn GPP=((εm × APARsu ×

τ)/(εm × APARsu+τ) ×
LAIsu+(εm × APARsh ×

τ)/(εm × APARsh+τ) ×
LAIsh) × f(VPD) × f(Ta) 

MOD15A2 FPAR in situ 
measured PAR     

(Wu et al. 
2015) 

12 TEC GPP=FPAR × PAR ×
εmax × f(Ta) × f(W) 

MOD15A2 FPAR ECMWF ERA- 
Interim 
reanalysis data 

C3 1.8, C4 2.76 g 
C MJ− 1 

f(Ta) is the same as GLO-PEM. f(W)=E/Ep  (Yan et al. 
2015) 

13 TPM GPP=min (GPPc, 
GPPr);  
GPPr= FPAR × PAR ×
εmax × f(EVI) 

FPAR=FPARmax × f(NDVI); 
FPARmax=0.95, 
f(NDVI)=max(min((NDVI− 0.1)/(0.9− 0.1),1),0) 

(Sheffield et al. 
2006)    

f(EVI)=max(min 
((EVI− 0.05)/ 
(0.90− 0.05),1),0) 

(Yebra et al. 
2015) 

14 MVPM GPP=FPAR × PAR ×
εmax × min(f(Ta), f 
(W)); 

MOD09A1 (C6) ChinaFLUX site  f(Ta) is the same as in VPM. f(W)= f(LSWI) × f(VPD); 
f(LSWI)=(1+LSWI)/ 
(1+LSWImax) × Ps; 
Ps=(1+LSWI)/2 (before 
leaf full expansion), or 1 
(after leaf full expansion) 
f(VPD)=(VPDmax− VPD)/ 
VPDmax (VPD>0.5 kPa), 
or 1 (VPD≤0.5 kPa)  

(Zhang et al. 
2015a;  
Zhang et al. 
2019a) 

15 CI-LUE GPP=FPAR × PAR ×
εbase × f(Ta) × f(VPD) 

MOD15A2 FPAR ChinaFLUX site εbase=(εmax− εcs) 
× f(CI)+εcs; 
f(CI)=
(CId− CImin)/ 
(CImax− CImin); 
CI=1− PAR/ 
PARpo; 

f(Ta)=0 (Ta≤Tmin), or 
(Ta− Tmin)/(Tmax− Tmin) 
(Tmin<Ta<Tmax), or 1 
(Ta≥Tmax) 

f(VPD)=
0 (VPD≥VPDmax), or 
(VPDmax − VPD)/ 
(VPDmax− VPDmin) 
(VPDmin<VPD<VPDmax), 
or 1 (VPD≤VPDmin)  

(Wang et al. 
2015) 

16 MuSyQ GPP=FPAR × PAR ×
εmax × f(Ta) × f(W) 

measured APAR using LI-190SA in situ 
measured 

0.60 gC mol− 1 

PPFD 
f(Ta)=T1 × T2; 
T1=0.8+0.02Topt− 0.005Topt

2; 
T2=1.184/((1+e0.2 

(Topt− 10− Ta))(1+e0.3 

(− Topt− 10+Ta))); 

f(W)=0.5+0.5E/Ep  (Cui et al. 
2016a; Cui 
et al. 2016b) 

17 CCW GPPor=FPAR × PAR ×
εmax × f(CI) × min(f 
(Ta), f(VPD)); 
GPPand=FPAR × PAR 
× εmax × f(CI) × f(Ta) 
× f(VPD) 

MOD13A3 (C5) CRU-NCEP 
dataset  

f(Ta) is the same as GLO-PEM. f(VPD)=exp(− K2 ×

(VPD− VPDmin)) 
f(CI)=1− K1 × CI (Zhang et al. 

2016b) 

18 TCF GPP=FPAR × PAR ×
εmax × f(Ta) × f(VPD) 
× f(SM) × f(FT) 

MOD15A2 FPAR MERRA 
reanalysis   

f(SM)=0 (SM≤ SMmin), or 
(SM − SMmin)/ 
(SMmax− SMmin) 
(SMmin<SM<SMmax), or 1 
(SM≥SMmax);  

(He et al. 
2016) 

(continued on next page) 
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saturation point. Under cloudy/aerosol-laden skies, incoming radiation 
is mainly diffuse and therefore the shaded leaves can capture more ra
diation. Even though the total incident radiation may be lower when the 
sky is overcast, the increase of diffused radiation by shaded leaves can 
enhance GPP at the canopy scale. 

Based on this theory, He et al. (2013) developed the two-leaf TL-LUE 
model. The TL-LUE model stratifies the canopy into sunlit and shaded 
leaves and uses different LUEmax and APAR values for them (He et al. 
2013). Wu et al. (2015) developed the TL-LUEn model to estimate GPP 
for both sunlit and shaded leaves separately. Using a rectangular hy
perbolic function, this model rectified the non-linear relationship be
tween GPP and APAR, which is linear in the TL-LUE model. Other 
models based on the two-leaf canopy structure include the DTEC model, 
which improves the calculation of environmental stress factors, espe
cially for water stress (Yan et al. 2017a). 

3.2.3. Light absorption by chlorophyll (FPARchl) 
Another group of studies improved the estimates of FPAR from the 

biochemical perspective (Xiao et al. 2004a; Xiao et al. 2004b), based on 
the fact that light absorption by leaf and canopy is composed of two 
components: (1) light absorbed by chlorophyll (APARchl), which is used 
for photosynthesis, and (2) light absorbed by the non-photosynthetic 
vegetation (NPV, APARNPV), which is not involved in photosynthesis. 
Greenness indices can be used as a proxy of canopy chlorophyll content 
to estimate GPP (Gitelson et al. 2006). The radiative transfer models 
were used to estimate light absorption by chlorophyll, leaf and canopy, 
and the results showed that the seasonal dynamics of EVI agrees well 
with that of the fraction of light absorbed by chlorophyll (FPARchl) 
(Zhang et al. 2005; Zhang et al. 2006). EVI can optimize vegetation 
signals by overcoming the weaknesses in NDVI, including the saturation 
of NDVI in very dense canopies (Huete et al. 2002; Huete et al. 1997). 
Thus, some LUE models represent the fraction of PAR absorbed by 
chlorophyll (FPARchl) as a linear or quadratic function of EVI, including 
the Vegetation Photosynthesis Model (VPM) (Xiao et al. 2004a; Xiao 
et al. 2004b), Two-Parameter Model (TPM) (Yebra et al. 2015), and 
Photosynthetic Capacity Model (PCM) (Gao et al. 2014) (Table 1). 
Recent advances in leaf chlorophyll content inversions may provide 
better FPARchl estimates (Croft et al. 2020). 

3.3. Maximum light use efficiency (LUEmax): from constant values to 
biome-, C3/C4-, and sunlit/shaded-specific values 

The parameterization of LUEmax in the LUE-based GPP models can be 
divided into four categories, which reflect the evolution of the param
eter: (1) a constant value of LUEmax for global vegetation; (2) specific 
LUEmax values for each vegetation type or biome; (3) specific LUEmax 
values for C4 and C3 plants; and (4) specific LUEmax values for sunlit and 
shaded leaves (He et al. 2013; Myneni et al. 1995; Potter et al. 1993; 
Prince and Goward 1995; Zhang et al. 2017; Zhao et al. 2005). 

In the early 1990s, a constant LUEmax of 0.39 gC/MJ was used across 
the globe (Myneni et al. 1995; Potter et al. 1993). While more studies 
considered that the LUEmax varies with ecological, physical, and envi
ronmental factors, including PFTs, stomatal conductance, illumination 
angle, and stress levels (Madani et al. 2014; Zhao et al. 2005). For 
example, the MODIS Biome Properties Look-Up Table (BPLUT) pre
scribes a LUEmax value for 11 biomes, and this BPLUT has been widely 
adopted by various models (Zhao et al. 2005). The VPM and GLO-PEM 
models use different LUEmax values for C3 and C4 plants (Prince and 
Goward 1995; Zhang et al. 2017). For instance, the LUEmax values of C3 
and C4 plants are set as 0.42 and 0.63 g C/mol APAR respectively in the 
latest VPM GPP products (Zhang et al. 2017). Some studies have 
considered the difference of LUEmax for sunlit and shaded leaves, as well 
as for cloudy and clear days. For instance, He et al. (2013) demonstrated 
that the LUEmax for shaded leaves is 2.5 to 3.8 times larger than that for 
sunlit leaves at 6 eddy flux tower sites across China. 

LUEmax can be defined in three different ways, by using incident Ta
bl
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radiation (LUEinc or LUEeco
max), incident radiation absorbed by vegetation 

(LUEtotal or LUEcanopy
max ), and incident radiation absorbed by chlorophyll 

(LUEgreen or LUEchl
max) (Gitelson and Gamon 2015; Zhang et al. 2018a). 

One study compared these three forms of LUEmax at 127 eddy flux sites 
and found that daily LUEchl

max tends to converge across biomes for all C3 
plants (Zhang et al. 2018a). This conclusion justifies that a constant 
LUEchl

max can be applied for the parameterization of LUE models as it 
avoids the data/parameters input of vegetation types and reduces the 
uncertainty, and thus it ultimately improves the accuracy of GPP esti
mation. Thus, the currently used LUEmax values do not have a common 
basis, which leads to limitations for comparative analyses of reported 
LUEmax, and the reported LUEmax values can vary a lot over a wide range 
(Gitelson and Gamon 2015; Zhu et al. 2016; Zhu et al. 2018). 

3.4. Environmental stress factors for light use efficiency: representability 
and integrity 

The evolution of the environmental stress factors includes the im
provements in (1) the proxy selection and representation of environ
mental stress factors, and (2) the integration forms of environmental 
stress factors 

3.4.1. Proxy selection and representation of environmental stress factors 

3.4.1.1. Temperature scalar. Low or high air temperature can decrease 
enzyme activity and slow the processes of photosynthesis. The proxies of 
temperature stress used in the LUE models mainly include three vari
ables: daily mean air temperature (f(Ta)), daily minimum air tempera
ture (f(TMIN)), and land surface temperature (f(LST)). The f(Ta) is the 
most widely used proxy in the existing models, such as the GLO-PEM, 3- 
PG, C-Fix, VPM, EC-LUE, TL-LUE, TL-LUEn, TEC, MVPM, CI-LUE, 
MuSyQ, CCW, TCF, DTEC, and Wang’s model (Table 1). The f(TMIN) 
represents the minimum temperature at which photosynthesis occurs 
and is used in MOD17, CFLUX, and CI-LUE models (Table 1). The f(LST) 
can be directly obtained from remote sensing data and is usually 
adopted by models that simulate large-scale spatially continuous GPP, 
such as the TG model. 

The temperature stress functions in the LUE models usually fall into 
one of three categories: (1) minimum, maximum, and optimum tem
perature (f(Tmin, Topt, Tmax)) are considered, which is done in the 
Terrestrial Ecosystem Model (TEM) and VPM model; (2) only daily 
minimum temperature (f(Tmin)) is considered, such as in MOD17; and 
(3) only optimum temperature (f(Topt)) is considered, such as in MuSyQ. 
One study has compared the performances of these three methods of 
approximating temperature stress in LUE models in different vegetation 
types and demonstrated that f(Tmin, Topt, Tmax) and f(Topt) show no 
significant difference in model performance and that f(Tmin) exhibits 
better performance than f(Tmin, Topt, Tmax,) and f(Topt), particularly for 
croplands (Zheng et al. 2018). 

3.4.1.2. Water stress scalar. The proxies of water stress can be classified 
into three types: (1) atmospheric water stress, often measured with 
vapor pressure deficit (VPD), relative humidity (RH), specific humidity 
deficit (SHD), and precipitation (Pre); (2) soil water stress, often 
measured with soil water saturation (SWS), soil water content (SWC), 
and soil moisture (SM); and (3) plant water stress, often measured with 
Land Surface Water Index (LSWI), plant evaporative fraction (EF), and 
plant moisture (PM). 

Atmospheric water affects evapotranspiration and photosynthesis by 
controlling stomatal conductance (Ocheltree et al. 2014). It is the most 
used water stress factor seen in models such as MOD17, 3-PG, CFLUX, 
EC-LUE, TL-LUE, TL-LUEn, TCF, MVPM, CCW, CI-LUE, Wang’s model. 
Apart from VPD, f(SHD) is also used as a proxy of atmospheric water 
stress, such as the GLO-PEM model. 

Soil water couples the water vapor demand of the atmosphere and 

the water supply from soil to leaves via roots (Leuning et al. 2005). Soil 
provides a buffer between water gained from precipitation and water 
loss by evapotranspiration. A recent study determined that declines in 
soil moisture alone reduced annual GPP by up to 40% in arid/semi-arid 
regions (Stocker et al. 2018). Thus, soil moisture availability is an 
important factor affecting GPP. Both the SM factor (f(SM)) and SWC 
factor (f(SWC)) have been used in LUE models such as GLO-PEM, 3-PG, 
CFLUX, and Wang’s model (Table 1). Studies have shown that SWC 
performs better in explaining LUE variations in grasslands than forests 
and shrubs (Zhang et al. 2015b). This difference can be explained by the 
fact that woody plants have higher water accessibility via deep roots 
(Canadell et al. 1996; Schenk and Jackson 2002) and store more water in 
their stems (Schenk and Jackson 2002; Sims et al. 2014), which serve to 
decrease the sensitivity of LUE to variances in shallow soil moisture. 

Plant water stress affects stomatal conductance and regulates the 
exchange of water and CO2 between the leaves and the atmosphere. Leaf 
water content is an indicator of plant water stress. The LSWI obtained 
directly from remote sensing data (f(LSWI)) has been widely used as a 
proxy of plant water stress, such as in the VPM, MVPM, and PCM models 
(Table 1). EF (f(EF)), which describes the plant water status through the 
regulation of sensible and latent heat fluxes, has been used to represent 
plant water stress in EC-LUE and CI-EF models (de Almeida et al. 2018; 
Yuan et al. 2010; Yuan et al. 2007; Yuan et al. 2019). PM (f(PM)) uses 
the relationship between FPAR and the maximum FPAR to reflect plant 
water status, and Wang et al. (2018) use f(PM) in their model to estimate 
GPP. In addition, the ratio of evapotranspiration (E) and potential 
evaporation (Ep) (f(E/Ep)) has been employed to represent the water 
stress in TEC, MuSyQ, and DTEC models (Table 1). 

Zhang et al. (2015b) investigated the effects of different water in
dicators (including SWC, SWS, LSWI, EF, VPD, and precipitation) on 
LUE for a wide range of ecosystems on daily, 8-day, and monthly scales 
based on FLUXNET and MODIS data. They found that LUE is more 
responsive to plant water indicators (EF and LSWI) than to soil water 
indicators (SWC and SWS) and atmospheric water indicators (VPD and 
precipitation) (Zhang et al. 2015b) (Fig. 3). These findings suggest that 
plant water stress indicators are preferred in LUE models (Garbulsky 
et al. 2010; Yuan et al. 2007; Zhang et al. 2015b; Zheng et al. 2018). 

In addition to using different indicators to characterize water stress, 
the LUE models also use different equations to calculate water stress 
scalars (Table 1). Note that some models do not use any water stress 
factors, such as the C-Fix and DIFFUSE models (Table 1), as these models 
are usually used in humid temperate (e.g., Europe) or tropical (e.g., 
Australia) regions. 

3.4.1.3. CO2 scalar. Atmospheric CO2 concentration is an important 
factor that affects the photosynthetic efficiency due to the CO2 fertil
ization effect. But only a few LUE models consider the CO2 fertilization 
effect (e.g., the EC-LUE and C-Fix models). The C-Fix model considered 
the effects of CO2 fertilization (Veroustraete et al. 2002) by the ratio of 
CO2 assimilation rate to the CO2 concentration (281 ppm) in the refer
ence year of 1833 (Collatz et al. 1991). Yuan et al. (2019) improved the 
CO2 concentration scalar in the revised EC-LUE model by a function of 
the CO2 compensation point, CO2 concentration in the intercellular air 
spaces of the leaf, the atmospheric CO2 concentration, and the ratio of 
leaf internal to ambient CO2 (Collatz et al. 1991; Farquhar et al. 1980). A 
most recent study showed the CO2 fertilization effect in the EC-LUE 
model can improve estimates of global GPP for reproducing its 
long-term variation (Zheng et al. 2020). 

3.4.1.4. Other scalars. Biological factors (e.g., forest stand age, f(SA)) 
are integrated into some LUE models, such as the Physiological Princi
ples in Predicting Growth (3-PG) (Landsberg and Waring 1997; Marques 
Caldeira et al. 2020) and CFLUX models. In forest ecosystems, f(SA) can 
be considered a factor for GPP as the above-ground biomass varies with 
forest age within a certain range. The effects of stand age can be 
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considered as an empirical expression of relative stand age (RSA) which 
is defined as the ratio of actual age to the maximum age in the 3-PG 
model (Landsberg and Waring 1997). That can also be considered by 
using an alternative indicator of the ratio of GPP to GPPmax in the CFLUX 
model (Turner et al. 2006; Turner et al. 2009). 

Some models also consider the effect of freezing conditions (f(FT)) on 
landscape water mobility and photosynthesis, such as the TCF model 
(He et al. 2016; Yi et al. 2013). The f(FT) is usually set to 0 (fully con
strained) under frozen landscape conditions, 0.5 (partially constrained) 
for transitional FT days, and 1 (no constraint) under non-frozen condi
tions (He et al. 2016; Yi et al. 2013). 

3.4.2. Integration of environmental stress factors 
Generally, more environmental stress factors were considered in the 

evolution of the LUE GPP models. Most LUE GPP models integrate 2 or 3 
environmental stress factors, such as the GLO-PEM, MOD17, TEC, and 
MuSyQ models. Temperature (f(T)) and water (f(W)) stress factors are 
used by nearly all the LUE GPP models. Some models account for up to 4 
or 5 environmental stress factors. For instance, the TCF model includes 4 
environmental stress factors, including air temperature f(Ta), vapor 
pressure deficit f(VPD), soil moisture f(SM), and f(FT) (He et al. 2016). 
Wang et al. (2018) considers 5 environmental stress factors, including f 
(Ta), plant moistures such as f(PM)), f(VPD), soil water content f(SWC), 
and cloudiness index f(CI). 

In terms of integrating environmental stress factors, most LUE 
models use the multiplication method to integrate environmental stress 
factors, such as GLO-PEM, MOD17, C-Fix, VPM, TL-LUE, TL-LUEn, PCM, 
TEC, CI-LUE, MuSyQ, TCF, DTEC, CI-EF, and Wang’s model (Table 1). 
However, some studies show that the law of the minimum (LOM) 
introduced into the model is also useful, e.g., 3-PG, CFLUX, EC-LUE, 
MVPM, and CCW models. These models have different strategies when 
applying the LOM method. For example, the EC-LUE and MVPM models 
only consider the lesser of the temperature and water effects as the 

constraint factor for photosynthesis. The CCW model considers other 
stress factors, such as clouds (Zhang et al. 2016b). In addition, some 
models include different indicators for the same environmental factor. 
For example, the smaller of f(SM) and f(VPD) is identified as the water 
scalar in the 3-PG and CFLUX models. 

4. Model Uncertainties 

Despite the substantial advances in recent decades, the LUE-based 
GPP models still have some uncertainties (Anav et al. 2015; Schaefer 
et al. 2012), due to differences in model structures and parameteriza
tion, uncertainties in input and validation data, and scale mismatch. 

4.1. Effects of model structure and parametrization on GPP simulation 
accuracy 

Although LUE-based GPP models are all based on LUE logic (Eq.1), 
they have different structures, which have been attributed as the most 
important factor affecting model performance (Yuan et al. 2014). Zhang 
et al. (2015a) evaluated the performance of 4 LUE models at 51 eddy 
covariance flux towers and found that structure optimization through 
adding one more water stress scalar (i.e., VPD) and using the LOM 
method between VPD and LSWI in the model can improve the VPM GPP 
estimates. 

Many studies have examined the effects of different LUE model 
components on GPP estimation. Different representations for FPAR and 
environmental stresses (Zheng et al. 2018) could greatly affect GPP 
estimation. For example, the FPAR in the LUE models is usually repre
sented as a linear relationship with vegetation indices (e.g., NDVI and 
EVI). This assumption could introduce some uncertainties in GPP esti
mation (Running et al. 2000). The current environmental stress factors 
in the LUE models, on one hand, may not capture some other features 
naturally, such as root distribution, drought adaptation strategy, 

Fig. 3. Adjusted R2 between LUE and water indicators for (a-h) different biomes and (i) all biomes on daily, 8-day, and monthly scales derived from 253 eddy 
covariance (EC) towers. Atmospheric water indicators: precipitation (Pre), and daytime vapor pressure deficit (VPD), were derived from EC flux sites; Plant water 
indicators: land surface water index (LSWI) and evaporative fraction (EF), were derived from MODIS reflectance data (MOD09A1) and EC flux sites, respectively; Soil 
water indicators: volumetric soil water content (SWC) and soil water saturation (SWS), were derived from EC flux sites and a global high-resolution soil data set 
(Shangguan et al. 2014), respectively. IGBP Biome abbreviations: ENF (evergreen needleleaf forest), EBF (evergreen broadleaf forest), DBF (deciduous broadleaf 
forest), MF (mixed forest), SHR (close shrub and open shrub), SAV (savannas and woody savannas), GRA (grassland), and CRO (cropland). (Adapted from Zhang 
et al. (2015b)). 
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nutrient constraint, land management, and vegetation disturbance, 
which may result in some bias in GPP estimation (Klein et al. 2014; 
Reyer et al. 2013). On the other hand, more environmental stress factors 
could have interactions among themselves, which in turn could intro
duce more uncertainties in data quality and parameterization. 

The uncertainties of the parameterization scheme in the LUE models 
significantly influence model performance (Wagle et al. 2016). Xiao 
et al. (2014) quantified the uncertainty of model parameters and 
assessed its effects on the estimation of regional carbon fluxes. They 
found that the parameterization of LUEmax could substantially affect 
GPP estimation. The LUEmax in an ecosystem on an annual scale is 
usually on the order of 2% under ideal growing conditions (Baldocchi 
and Penuelas 2019). The highest LUEmax appears in the wet tropics, 
which are characterized by favorable growing temperatures, ample 
water availability, long growing seasons, and a high ratio of diffuse 
light. The LUEmax values are controversial and range from 0.62 to 14.89 
g C m− 2 MJ− 1 APAR in previous studies (Yuan et al. 2014). Also, how 
much the actual LUE deviates from the LUEmax remains highly uncertain 
and is affected by the parameters in the LUE models, such as the 
maximum, minimum, and optimal temperatures, and proxies of water 
stress. 

4.2. To what degree do input data and validation data matter? 

The spatial resolutions and accuracies of input datasets could intro
duce considerable uncertainties in GPP simulations (Zhao et al. 2006). 
The input datasets for LUE models mainly include gridded remote 
sensing datasets and meteorological datasets (Cai et al. 2014a; Zhao 
et al. 2006). The remote sensing datasets mainly include the land cover, 
vegetation index data (e.g., NDVI, EVI, FPAR, PRI), and SIF. Land cover 
maps are usually derived from satellite data and substantial un
certainties exist due to their data sources, classification schemes, and 
classifiers (Giri et al. 2005). For a given site or grid cell, the land cover 
type directly determines the value of LUEmax. Remotely sensed indices 
(e.g., LAI, NDVI, and EVI) are often contaminated by atmospheric 
interference, which may contribute a misleading signal when vegetation 
becomes stressed, e.g., green canopies that are not photosynthesizing 
(Frankenberg et al. 2011). Also, the uncertainties caused by sensor 
degradation, signal-to-noise ratio (SNR), and spatial/temporal resolu
tion for remote sensing data also deserve attention. For example, a 
previous study showed that the MODIS FPAR tended to be under
estimated and displayed larger seasonal variations in old forests (Serbin 
et al. 2013). 

The meteorological datasets mainly include temperature, precipita
tion, soil moisture, and PAR data. The uncertainties of meteorological 
products are also likely to be propagated to GPP estimation (Heinsch 
et al. 2006). For example, the meteorological datasets used to derive 
PAR involve substantial uncertainties. The commonly used PAR datasets 
for GPP estimation include the National Center for Environmental 
Prediction-Department of Energy (NCEP-DOE) Reanalysis II, World 
Meteorological Organization (WMO), Modern-Era Retrospective Anal
ysis for Research and Applications (MERRA), ERA-Interim, Climatic 
Research Unit (CRU-NCEP), Global Land Surface Satellite Product 
(GLASS), and the European Centre for Medium-Range Weather Fore
casts (ECMWF) (Yuan et al. 2019; Zhu et al. 2016). The NCEP-DOE 
Reanalysis II meteorology data are found ineffective for estimating 
PAR when compared to site data (Zhu et al. 2016). Jung et al. (2011) 
compared four remote sensing-based global solar radiation products and 
reported a consistent overestimation in the magnitudes, but with 
different trends and interannual variabilities. Cai et al. (2014b) exam
ined the impacts of the different radiation products on GPP estimates in 
China and found that GPP simulation driven by the GLASS radiation 
product had the highest model performance when compared with the 
estimated GPP from the EC tower sites (GPPEC). 

Downward shortwave radiation at the surface is often converted to 
PAR using a constant ratio, such as 0.5 or 0.45. An invariant ratio, 

however, inevitably involves uncertainties since the ratio varies with 
altitude, view zenith angle, and water vapor content (Ryu et al. 2018). 
Ryu et al. (2018) proved that the ratio varies from 0.41 to 0.53 on an 
annual mean scale across the global land surface. Solar radiation is not 
used as an explanatory variable in the machine learning based global 
GPP products due to its high uncertainties. 

Uncertainty also exists in the validation. The EC flux tower mea
surements have been used as the main source for the validation of GPP 
estimates. However, the flux tower based GPP estimates also have un
certainties. The reference GPP based on flux tower measurements is 
derived from EC-measured net ecosystem exchange data through par
titioning and gap-filling, which can introduce certain biases (Reichstein 
et al. 2005). Previous studies showed that the tower-based reference 
GPP is subject to have 10%–30% errors due to these methods (Reich
stein et al. 2005; Schaefer et al. 2012). These biases can also affect model 
calibrations and performances. Also, the uncertainties in tower-based 
GPP estimations may propagate to other related variables, such as the 
actual LUE derived from flux tower GPP (Zhang et al. 2015b), and 
trigger some inherited uncertainties. 

4.3. Effects of Scale Mismatch 

The spatial-temporal scale mismatch of input datasets and parame
ters can be another source of uncertainties. First, a scale mismatch exists 
between the input datasets. The coarse-resolution meteorological data 
(e.g., temperature and solar radiation, 0.5◦ to 2◦) and moderate- 
resolution remote sensing data (e.g., NDVI, EVI, FPAR, and LAI, 500 
m to 1 km) have a scale mismatch. As a result, the substantial scale 
mismatch between the atmosphere and land surface forcing leads to 
errors in GPP estimation (Running et al. 2004; Yuan et al. 2010). 
Although strict interpolation and resampling are used to make the res
olutions of these climate datasets comparable to that of the remote 
sensing products, the uncertainties could not be eliminated (Zhu et al. 
2016). 

Second, the scale mismatch exists between the flux tower “footprint” 
and the remote sensing data. The tower-based reference GPP estimations 
represent a flux integrated over the tower “footprint”, the size and shape 
of which depend on wind speed, wind direction, surface roughness, and 
atmospheric stability (Turner et al. 2003). Typical flux tower footprints 
have longitudinal length scales of 100 – 2000 m (Baldocchi et al. 2001), 
while the spatial resolutions of remote sensing products are usually at 
500 – 8000 m. Spatially averaged MODIS reflectance values from 3 × 3 
grid cell windows over each tower location have been used to reduce 
these effects, but this practice may introduce additional uncertainties 
through regional smoothing of MODIS retrievals and model simulations 
relative to local tower observations, especially over spatially complex 
vegetation and terrain. 

5. Implications for the future 

5.1. Complexity or simplicity? 

Generally, the LUE models have evolved to be more sophisticated 
with higher complexity. The components of LUE models, i.e., PAR, 
FPAR, environmental stress factors, and LUEmax have evolved as 
described in Section 3. The evolution of the LUE models has generally 
improved the accuracy of GPP estimation. These evolving characteristics 
have further clarified and improved the theoretical mechanism of the 
LUE models, which can depict the details of the LUE models when 
simulating terrestrial GPP. For example, many environmental stress 
factors in the LUE models clarified the various environmental factors 
that limit GPP, like temperature, water, freezing conditions, stand age, 
and CO2. However, attention should also be paid to the uncertainties 
caused by introducing more parameters and more components, which 
could also increase the uncertainty of LUE models. 

Recently, the emergence of new indicators, such as the 
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photochemical reflectance index (PRI), sun-induced chlorophyll fluo
rescence (SIF), and near-infrared reflectance of terrestrial vegetation 
(NIRv), may facilitate GPP simulation using simpler statistical methods. 
For example, the PRI is sensitive to changes in xanthophyll pigments 
(Drolet et al. 2005; Gamon et al. 1992) and thus can be directly used as 
an indicator or proxy for actual LUE in GPP estimation. SIF is energy 
emitted by plant chlorophyll in the 600 − 800 nm wavelength range 
after light absorption, which is highly correlated with photosynthesis at 
coarse spatiotemporal scales when non-photochemical quenching 
dominates at high light levels (Baker 2008; Magney et al. 2020a). 

SIF is considered to contain information about both APAR and LUE 
(Yang et al. 2015). Many studies have shown that SIF alone may improve 
the predictive power of estimating GPP compared to other GPP models 
that require several types of input data, especially under drought con
ditions (Guanter et al. 2014). NIRv is the product of NIR reflectance and 
NDVI and represents the proportion of reflectance attributable to 
vegetation (Badgley et al. 2017a). NIRv has been used to estimate global 
GPP without additional information on environmental conditions (such 
as precipitation, temperature, VPD, or PAR) (Badgley et al. 2019; 
Badgley et al. 2017a). The simplification of actual LUE directly by PRI 
and the simplification of GPP estimation directly by SIF and NIRv have 
been shown to be applicable at different FPAR levels (i.e., canopy vs. 
leaf) (Gamon and Berry 2012; Hilker et al. 2009; Stagakis et al. 2014; 
Zhang et al. 2016a), radiation levels (i.e., sunny days vs. cloudy days) 
(Yang et al. 2015), timescales (i.e., daily vs. seasonal) (Li et al. 2018a; Li 
et al. 2018b; Zhang et al. 2016c; Zhang et al. 2018b), and PFTs (Badgley 
et al. 2019; Baldocchi et al. 2020; Damm et al. 2015; Drolet et al. 2005; 
Drolet et al. 2008; Duveiller and Cescatti 2016; Filella et al. 2009; 
Garbulsky et al. 2011; Garbulsky et al. 2008; Goerner et al. 2011; 
Penuelas et al. 2011; Wu et al. 2020; Zhang et al. 2016a). However, SIF 
and GPP can become decoupled when vegetation becomes stressed 
(Helm et al. 2020; Marrs et al. 2020) and NIRv and SIF have been shown 
to have little to no correlation in the tropics (Doughty et al. 2021). 

These evolving methods of estimating GPP show that: (1) the 
complexity of LUE GPP models tends to increase with improvements in 
our understanding of PAR, FPAR, LUEmax, and environmental stress 
factors, and (2) there is a tendency towards simplicity in the calculation 
of GPP with the advent of new vegetation indicators (e.g., PRI, SIF, and 
NIRv). In fact, a set of SIF-based GPP estimates have been released in 
recent years (Li and Xiao 2019; Wang et al. 2021). The selection of GPP 
models depends on our specific targets and conditions. We may need the 
more sophisticated LUE models if we aim to identify key limitation 
factors and estimate GPP at relatively high spatial and temporal reso
lutions. While the SIF-based models can offer a good option for quick 
approximations of GPP at coarse spatial and temporal scales, they fail to 
disentangle the factors driving the photosynthesis (Magney et al. 2020b; 
Zhang et al. 2016c). 

5.2. Implications for future LUE-based GPP models 

Given the trends in the evolution of LUE models and the un
certainties we identified in this review, we raise some issues that deserve 
attention in the future LUE GPP model improvement. 

First, there is a lack of a comprehensive LUE model that integrates all 
the current evolutionary features. For example, the TL-LUE model 
considered the shaded and sunlit leaves, but only considered the tem
perature and water stress factors (He et al. 2013). The DIFFUSE model 
only considered radiation conditions, without distinguishing different 
FPAR levels or considering any environmental stress factors (Donohue 
et al. 2014). The more environmental stress factors in an LUE model may 
more comprehensively quantify environmental stress. However, there 
may be synergistic changes among different environmental stress fac
tors, which may decrease the accuracy of the models. More studies are 
needed to identify optimized factors for the LUE models by considering 
the trade-offs of fewer factors-caused errors and more factors-caused 
uncertainties in GPP estimation. The machine learning models are 

usually based on artificial neural networks, random forest algorithms, 
and/or multivariate adaptive regression splines for upscaling the 
site-level measurements to the regional or global scales, such as 
EC-Moderate Resolution Imaging Spectroradiometer (EC-MOD), model 
tree ensembles (MTE) or regression tree (RT) approaches (Jung et al. 
2009; Jung et al. 2011; Tramontana et al. 2016; Xiao et al. 2010; Yang 
et al. 2007). The machine learning methods use the intrinsic observa
tional nature between the measurements and the explanatory variables 
to build the functional relationships (Tramontana et al. 2016). The 
combination of LUE models and machine learning methods may also be 
an important direction for accurate simulation of terrestrial GPP in the 
future. 

Second, the water stress factors have complex effects on GPP esti
mates, such that a single indicator or function may not sufficiently 
capture the diverse responses of plants to water stresses, especially 
under drought conditions. No indicator is found to explain the LUE 
variation stressed by water as much as expected. The representative 
indicators from the atmosphere (VPD), soil (SWC), and plant (EF) water 
indicators only explain 20%, 6%, and 36% of LUE variations on the 
monthly scale (Zhang et al. 2015b), further reflecting the complexity of 
water stress on canopy photosynthesis (Churkina et al. 1999). Those LUE 
GPP models that are only based on VPD can explain the effects of at
mospheric water demand regulating leaf stomatal closure and canopy 
gas exchange, but cannot evaluate impacts from soil water supply var
iations (Leuning et al. 2005). Although plant water indicators perform 
better than atmosphere and soil water indicators in explaining LUE 
variation, the unavailability over space (e.g., EF) and the frequent cloud 
contamination (e.g., LSWI) limit their applications in LUE models (Xiao 
et al. 2004a; Xiao et al. 2004b; Yuan et al. 2007). In the future, LUE 
models can integrate multiple water stress factors to capture the envi
ronmental controls more realistically on ecosystem functions. For 
example, the Soil Moisture Active Passive (SMAP) data and the 
following SMAP-Sentinel-1 combined soil moisture data provide un
precedented information on soil moisture (Reichle et al. 2019), which 
could significantly enhance our understanding of global soil water stress 
on LUE and further improve GPP estimation. 

Third, the emerging PRI, SIF, and NIRv indicators may play an 
important role in improving the accuracy of LUE models in regional and 
global GPP simulations. A recent study has already shown that the 
combination of PRI and SIF can be used to improve the accuracy of GPP 
estimation at 61 sites distributed globally (Wang et al. 2020). Inte
grating the PRI and SIF indicators into the calibration of LUE models, 
together with the evolution characteristics of LUE models, may be a 
direction for improvement of the LUE model in the future (Perez-Priego 
et al. 2015). 

6. Conclusions 

In this study, we reviewed 21 LUE-based GPP models to understand 
their evolution and uncertainties. We found that, on one side, the LUE 
models became more sophisticated in terms of each component of PAR, 
FPAR, LUEmax, and environmental stress factors. Specifically, PAR 
evolved from total PAR to direct PAR and diffuse PAR. FPAR has evolved 
from one-leaf to two-leaf and from canopy to chlorophyll level FPAR. 
The LUEmax has evolved from a constant value to specific values for each 
vegetation type, C4 and C3 plants, and sunlit and shaded leaves. The 
number and complexity of environmental stress factors has also 
increased. On the other side, the emerging PRI, SIF, and NIRv data have 
simplified methods to estimate GPP, through the simplification of actual 
LUE directly by PRI or the simple scaling of SIF and NIRv to GPP. The 
LUE models are more helpful in understanding the driving mechanisms 
of the variances in GPP, while emerging new indicators, such as SIF, are 
more conducive to the rapid monitoring of terrestrial GPP. The selection 
of more complex LUE models or simpler proxies of GPP will depend on 
specific targets and conditions. The integration use of the LUE models 
with the new indicators may serve as a new direction for future model 
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developments. For example, the newly acquired and forthcoming SIF 
data, such as from the TROPOspheric Monitoring Instrument (TRO
POMI) and the Geostationary Carbon Observatory (GeoCarb), are ex
pected to greatly help the future development of LUE-based GPP models. 
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Appendix: Acronym table  

3-PG  the Physiological Principles in Predicting Growth 
AE activation energy in C-Fix model. 
APARsh the PAR absorbed by the shaded leaves. 
APARsu the PAR absorbed by the sunlit leaves. 
C quantifies the contribution of multiple scattering of the total PAR to the diffuse irradiance per unit leaf area within the canopy. 
C1 constant in C-Fix model. 
Ca the atmospheric CO2 concentration. 
CCW Coupled Carbon and Water model 
C-Fix Carbon Fix model 
CFLUX carbon flux model 
Chl Chlorophyll content. 
Ci the CO2 concentration in the intercellular air spaces of the leaf (ppm). 
CI cloudiness index. 
CId cloudiness index for the specific day. 
CI-EF cloudiness index-Evaporative Fraction model 
CI-LUE cloudiness index-light use efficiency model 
CImax the maximum CI. 
CImin the minimum CI. 
D0 empirical coefficient for VPD in Wang’s model, and D0=15 hPa. 
DE deactivation energy in C-Fix model. 
Df diffuse fraction, the ratio of the diffuse (Rd) to shortwave irradiance (Rs). 
DTEC Diffuse Fraction-Based Two-Leaf Light Use Efficiency Model 
E the actual evapotranspiration. 
EC-LUE Eddy-Covariance light use efficiency model. 
ECMWF ERA European Centre for Medium-Range Weather Forecasts (ECMWF) ERA-Interim reanalysis data. 
EF plant evaporative fraction 
EN entropy of the denaturation equilibrium of CO2 in C-Fix model. 
EP the Priestley and Taylor (1972) potential evaporation. 
EVI Enhanced Vegetation Index 
f(CI) cloudiness index factor 
f(CO2) atmospheric CO2 concentration factor. 
f(EF) evaporative fraction factor. 
f(PM) plant moisture constraint, defined as the ratio of FPAR to FPARmax 
f(SA) Stand Age factor. 
f(W) Water scalar 
f(VPD) the VPD constraint reflecting the stomatal response to the atmospheric water saturation deficit 
f(SWC) the soil moisture constraint on the photosynthesis 
fa the green canopy fraction indicating the proportion of active canopy 
fM the plant moisture constraint 
f(Ta) the air temperature constraint reflecting the temperature limitation of photosynthesis 
f(TMIN) the minimum temperature factor 
FCO2 the CO2 assimilation rate. 
FCO2

ref the CO2 concentration occurring in the reference year 1833 being equal to 281 ppmv in C-Fix model. 
FD frost days per month. 
FPAR Fraction of absorbed Photosynthetically Active Radiation 
GC gas constant in C-Fix model. 
GLO-PEM Global Production Efficiency Model. 
GPPc conductance-limited GPP 
GPPr radiation-limited GPP, which estimated using a LUE model 
GR Greenness and Radiation model 
H sensible heat 
h, c power and coefficient in f(SM) in 3-PG. 
k empirical coefficient, describing the relationship between stomal and canopy conductance and VPD in 3-PG. 
LAIsh the LAI of shaded leaves. 
LAIsu the LAI of sunlit leaves. 
LE latent heat 
LSTan the mean annual night Land Surface Temperature. 
LSWI the Land Surface Water Index 
LSWImax the maximum LSWI during the growing season for each pixel. 
LUE Light Use Efficiency 
m a scalar with the unit of mol C m− 2day− 1 in GR, TG and VI model. 

(continued on next page) 
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(continued ) 

MODIS Moderate Resolution Imaging Spectroradiometer 
MuSyQ-GPP Multi-source data Synergized Quantitative–GPP algorithm 
MVPM modified Vegetation Photosynthesis Model 
n empirical power term in 3-PG. 
NDVI Normalized Difference Vegetation Index 
PAR Photosynthetically Active Radiation 
PARc the PAR intercepted by the canopy. 
PARdif the diffuse component of incoming PAR. 
PARdif,u the diffuse PAR under the canopy. 
PARdir the direct component of incoming PAR. 
PARpo the potential incident PAR 
PCM Photosynthetic Capacity Model 
PCmax the maximum photosynthetic capacity. 
PRI Photochemical Reflectance Index 
R the sky clearness index 
Rn net radiation. 
Rs the diffuse radiation scalar 
RSA relative stand age, defined as actual age/estimated maximum age. 
S0 the solar constant (1367 W m− 2). 
SH the specific humidity of the air. 
SHD specific humidity deficit (g kg− 1). 
SI sky clearness index. 
SM soil moisture. 
SSH the saturated specific humidity at the air temperature. 
SVI Scaled vegetation index. 
SWC soil water content. 
SWCmax the maximum of soil water content. 
SWS soil water saturation 
Ta air temperature 
TCF Terrestrial Carbon Flux model 
TD total number of days per month. 
TEC terrestrial ecosystem carbon flux model 
TEM Terrestrial Ecosystem Model 
TG Temperature and Greenness model 
TL-LUE Two-Leaf Light Use Efficiency Model 
TL-LUEn Nonlinear Two-Leaf Light Use Efficiency Model 
TMIN the minimum temperature. 
Topt the optimum air temperature (◦C) for photosynthetic activity. 
TPM Two-Parameter Model 
Ts the temperature stress 
VI Vegetation Index Model 
VPD vapor pressure deficit 
VPM Vegetation Photosynthesis Model 
VPRM Vegetation Photosynthesis and Respiration Model 
Ws the water stress 
α the albedo related to vegetation types. 
β Bowen ration, defined as the ratio of energy available for sensible heating (H, W m− 2) to energy available for latent heating (LE, W m− 2). 
εbase the base light use efficiency. 
εcs the light use efficiency for clear sky days. 
εm the quantum yield when incident PAR approaches zero. 
εmsh the maximum LUE of shaded leaves. 
εmsu the maximum LUE of sunlit leaves. 
θ the CO2 compensation point in the absence of dark respiration (ppm) 
λ the mean leaf-sun angle and set as 60⁰ 
μ indicates an overall sensitivity of GPP to CI in Wang’s model. 
τ the maximum canopy photosynthetic flux density at light saturation. 
φ the solar zenith angle. 
χ the ratio of leaf internal to ambient CO2. 
Ω the clumping index.  
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