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Abstract: Maize is one of the most important crops cultivated on the global scale.  Accurate estimation of maize Gross 
Primary Production (GPP) can provide valuable information for regional and global carbon budget studies.  From site level to 
regional/global scales, GPP estimation depends on remote sensing or eddy covariance flux data.  In this research, the 8-day 
composite GPP of maize was estimated by Moderate Resolution Imaging Spectroradiometer (MODIS) and flux tower data at 
eight study sites using a Regional Production Efficiency Model (REG-PEM).  The performance of the model was assessed by 
analyzing the linearly regression of GPP estimated from the REG-PEM model (GPPEST) with the GPP predicted from the eddy 
covariance data (GPPEC).  The coefficient of determination, root mean squared error and mean absolute error of the regression 
model were calculated.  The uncertainties of the model are also discussed in this research.  The seasonal dynamics (phases 
and magnitudes) of the GPPEST reasonably agreed with those of GPPEC, indicating the potential of the satellite-driven 
REG-PEM model for up-scaling the GPP in maize croplands. Furthermore, the maize GPP estimated by this model is more 
accurate than the MODIS GPP products (MOD17A2).  In particular, MOD17A2 significantly underestimated the GPP of 
maize croplands.  The uncertainties in the REG-PEM model are mostly contributed by the maximum light use efficiency and 
the fraction of photosynthetically active radiation. 
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1  Introduction  

Crops constitute the most pervasive anthropogenic 
biome in the world[1]. Cropland covers approximately 
24% of the Earth’s land surface[2].  The energy balance 
between the biosphere and atmosphere is analyzed 
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through the Gross Primary Production (GPP), defined as 
the overall rate of carbon fixation through photosynthetic 
processes in vegetation[3-5].  The GPP is potentially 
useful for estimating crop yield and carbon budgets[6,7].  
An accurate and synoptic quantification of the spatial and 
temporal distributions of crop GPP is essential for crop 
growth and carbon exchange monitoring[8,9].  Maize is a 
main food for the world’s human population, and there is 
a growing interest in regional-scale estimation of maize 
GPP.  

Satellite remote sensing is a powerful and expedient 
tool for assessing GPP at regional and global scales[10].  
Maize GPP has been estimated by Landsat Enhanced 
Thematic Mapper plus (ETM+)[1,9] and the Moderate 
Resolution Imaging Spectroradiometer 
(MODIS)[5,8,10-12,15-19].  The first method predicts the 
maize GPP from the chlorophyll index.  Sakamoto et 
al.[11] developed the MODIS Wide Dynamic Range 



March, 2016  Li S H, et al.  Modeling of maize gross primary production using MODIS imagery and flux tower data  Vol. 9 No.2   111 

Vegetation Index (WDRVI) for quantifying the daily 
GPP of maize from shortwave radiation data; Wu et al.[5] 
used the green Chlorophyll Index (CIgreen) to estimate the 
GPP of maize and other plants; Peng et al.[8,12] compared 
the ability of several widely used chlorophyll-related 
vegetation indices to estimate the total chlorophyll 
content and GPP in maize.  The second estimation 
method is the Light Use Efficiency (LUE) model, which 
can potentially estimate the spatial and temporal 
dynamics of GPP because of its theoretical basis and 
practicality[13,14].  Among the LUE models, the 
Vegetation Photosynthesis Model (VPM) has been used 
for GPP estimation in irrigated and rain-fed maize[15], a 
winter-wheat and maize double cropping system[16], 
maize cropland and degraded grassland in a semiarid area 
of Northeast China[17], and maize and alpine meadow 
GPP in the Heihe river basin (Northern China)[18].  
Zhang et al.[19] examined the impacts of the MODIS 
observation footprint and the vegetation Bidirectional 
Reflectance Distribution Function (BRDF) on crop daily 
GPP estimation.  

The seasonal and inter-annual dynamics of maize 
GPP in fields can be computed by tower eddy covariance 
systems[8].  The eddy covariance technique in the flux 
tower is an advanced micrometeorological method for 
estimating CO2, water, and energy exchanges between the 
atmosphere and terrestrial ecosystems[20-21].  It directly 
measures the Net Ecosystem Exchange (NEE) of CO2, 
providing a footprint related to the tower height, 
atmospheric stability, wind speed and direction. GPP can 
be calculated from daytime NEE and ecosystem 
respiration values from the flux data[18].  Tower eddy 
covariance systems have also been used for calibrating 
and evaluating LUE models[22].  

The only global-scale operational GPP product with 
high temporal resolution is MODIS GPP product 
(MOD17A2), which is spatially and temporally resolved 
to 1 km and 8 days, respectively[22].  The biome 
type-specific maximum conversion efficiency is 
calculated from NASA’s Global Modeling and 
Assimilation Office (GMAO) meteorological reanalysis 
data, and the Fraction of Photosynthetically Active 
Radiation (FPAR) product (MOD15A2) is based on the 

LUE concept[23,24].  However, the maize GPP in the 
MOD17A2 products is significantly lower than the GPP 
predicted from flux tower data[25-28].  Regional GPP has 
been successfully estimated by the Regional Production 
Efficiency Model (REG-PEM), which is based on LUE 
theory[29-31] and inputs only remote sensing data.  The 
objectives of this research are: 1) to evaluate the 
performance of the REG-PEM model in maize GPP 
estimation using MODIS and flux tower data, and 2) to 
analyze the uncertainties in the REG-PEM model. 

2  Data and methods 

2.1  Study sites 
The flux data were collected from eight maize 

croplands with eddy covariance towers. Six of the study 
sites are located in North America, one in Germany and 

one in China (Figure 1).  The study sites are briefly 

described in Table 1, and detailed information can be 

found in the associated references. Sites US-Ne1, DE-Kli 

and YK are continuous maize cultivations; the other sites 

are rotated between maize and soybean cultivations.  For 

these sites, we used only the years of maize cultivation in 

the maize GPP estimation.  For example, at the US-Ne2 

site, we employed the data of 2001 and 2003.  The flux 

data at Yingke (YK) are available from the Watershed 

Allied Telemetry Experimental Research (WATER) 

project[36] (http://westdc.westgis.ac.cn/data).  The other 

flux data were obtained from the FLUXNET website 

(http://fluxnet.ornl.gov/). 

 
Figure 1  Locations of study sites 
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Table 1  Characteristics of study sites 

Site Latitude, 
longitude Altitude/m Flux data Reference 

US-Ne1 41°09'54.2"N, 
96°28'35.9"W 361 2001-2004 [32] 

US-Ne2 41°09'53.5"N, 
96°28'12.3"W 362 2001, 2003 [32] 

US-Ne3 41°10'46.8"N, 
96°26'22.7"W 362 2001, 2003 [32] 

US-Bo1 40°00′22.3"N, 
88°17′25.4"W 218 2001, 2003, 

2005 [33] 

US-Bo2 40°00′22"N, 
88°17′30.5"W 213 2004, 2006 [34] 

US-IB1 41°51′33.48″N, 
88°13′21.72″W 219 2006 [35] 

DE-Kli 50°53′34.4″N, 
13°31′21″E 475 2005-2006 [34] 

Yingke (YK) 38°51′25.7″N, 
100°24′37.2″E 1519 2008-2009 [36] 

 

2.2  Remote sensing data 
The MODIS surface reflectance product (MOD09) 

datasets (with spatial resolutions of 250 m and 500 m) 
and the MOD17A2 products at the geographic location of 
each flux tower were downloaded from the USGS EDC 
website.  Based on the geo-location information of the 
study sites, the vegetation indices derived from the 
MOD09 products were extracted from 3×3 pixels located 
at the center of the flux tower at the study site.  Using 
the surface reflectance (ρ) from the blue, red, 
near-infrared (NIR), and shortwave infrared (SWIR) 
bands, two vegetation indices were calculated: the 
enhanced vegetation index (EVI)[37] and the land surface 
water index (LSWI)[38, 39]: 
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where, ρblue, ρred, ρnir, and ρswir denote the reflectance of 
the MODIS blue, red, NIR and SWIR spectral bands, 
respectively; L (=1) is the canopy background adjustment, 
C1 (=6) and C2 (=7.5) are aerosol resistance coefficients, 
and G (=2.5) is the gain factor. 

Time-series EVI data derived from satellite data 
typically contain noise from cloud contamination, 
atmospheric variability, and bidirectional reflectance[40,41].  
Noise reduction or model fitting of the observed data is 
necessary before performing the GPP estimation.  To 
reduce effects of cloud and other noise, the MODIS EVI 

time-series data were subjected to Harmonic ANalysis of 
Time Series (HANTS)[42,43].  Meanwhile, all the 
MOD09 data files have quality flags, including cloud and 
shadow flags.  
2.3  Description of the REG-PEM model  

The REG-PEM model described by Equation (4), 
which depends on the incident Photosynthetically Active 
Radiation (PAR) absorbed by the vegetation and the LUE 
(ε)[29-31]:  

GPP = PAR × FPAR × ε           (4) 
The FPAR is estimated as a linear function of EVI, 

and the coefficient a is simply set to 1.0[38,39]: 

EVIaFPAR ×=                (5) 

The LUE is affected by the maximum possible 
efficiency of light, temperature and water:  

* ( ) ( )f T f Wε ε= ⋅ ⋅              (6) 

where, ε* is the maximum possible efficiency (for a C4 
plant, ε* = 2.76 gC/MJ)[44].  f(T) and f(W) describe the 
effects of air temperature and water, respectively, on the 
LUE. 

f(T) is estimated by the equation developed for the 
Terrestrial Ecosystem Model[45]: 
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where, Ta is air temperature; Tmin, Tmax, and Topt are the 
minimum, maximum, and optimal air temperatures of 
photosynthetic activity, respectively.  If the air 
temperature increases beyond Tmax or falls below Tmin, f(T) 
is zero. 

The water effect is estimated from the 
satellite-derived LSWI[38, 39]:  
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1
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+
=

+
             (8) 

where, LSWImax is the maximum LSWI at individual 
pixels within the plant growing season. 
2.4  REG-PEM model performance evaluation 

To assess the validity of the model, the GPP estimated 
from REG-PEM (GPPEST) were compared with the GPP 
predicted from the eddy-covariance tower (GPPEC) in a 
linear regression model.  Model agreement was 
evaluated by the coefficient of determination (R2), the 
Root Mean Squared Error (RMSE), and the Mean 
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Absolute Error (MAE).  Here, R2 represents the extent to 
which variations in the predictions are explained by the 
model estimation.  The RMSE and MAE quantify the 
total difference between the estimated and predicted 
values[46,47]. 
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where, j is the total number of observations. 

3  Results and discussion 

3.1  Maize GPP estimation and evaluation 
The 8-day composite GPPEST values were estimated 

from the vegetation indices (EVI, LSWI) derived by 
inputting the MOD09 products and flux tower data into 
the REG-PEM model.  The model sums the daily PAR 
values over eight days to obtain the 8-day composite PAR 
and averages the air temperatures over the eight days.  
The EVI data were smoothed by the HANTS method.  

The seasonal dynamics of the GPPEST calculated by 
the REG-PEM model were compared with the GPPEC and 
GPPMOD17A2 data for 8-day intervals (Figure 2).  Both 
GPPEC and GPPEST exhibited consistent temporal 
characteristics across all sites and years.  The seasonal 
dynamics (phases and magnitudes) of GPPEST reasonably 
agreed with those of GPPEC.  To evaluate whether the 
REG-PEM model can accurately estimate the maize GPP, 
a linear regression model was developed between GPPEST 
and GPPEC values, and the R2, RMSE and MAE were 
calculated.  The results are listed in Table 2.  The 
correlation coefficient R2 ranged from 0.71 to 0.97, 
indicating very high correlation between GPPEST and 
GPPEC.  The RMSE between GPPEST and GPPEC ranged 
from 8.12 to 24.78, and the MAE ranged from 4.61 to 
17.31. 

Maize was continuously cultivated at US-Ne1 station 
from 2001 to 2004.  The phases and magnitudes of 
GPPEST well agreed with those of GPPEC in 2001 and 
2003.  However, the GPPEST was underestimated at the 
heading stage (peak point) in 2002 and 2004, and 
overestimated during the heading to mature growth stage.  

In 2004, the R2 between GPPEST and GPPEC was only 
0.71, the lowest correlation amongst the study sites. 

 

Table 2  Statistics between GPPEST and GPPEC, and annual 
total GPP, for the eight study sites 

Study 
site Year R2 RMSE MAE 

Total GPP /gC·m-2 

GPPEC GPPEST GPPMOD17A2

US-Ne1

2001 0.87 19.56 15.44 1316.98 1751.74 847.78 

2002 0.81 18.82 12.86 1315.76 1625.17 812.15 

2003 0.85 18.09 12.64 1152.82 1721.41 810.52 

2004 0.71 21.74 15.78 1148.85 1609.89 893.73 

US-Ne2
2001 0.91 13.33 10.79 1280.03 1403.22 697.07 

2003 0.95 11.02 7.28 1374.71 1553.49 772.36 

US-Ne3
2001 0.87 16.78 12.52 1399.32 1444.15 668.67 

2003 0.81 19.31 12.94 1160.13 1609.82 721.44 

US-Bo1

2001 0.92 16.53 11.04 1204.44 1550.09 826.66 

2003 0.83 21.73 13.32 1495.79 1596.55 924.74 

2005 0.94 12.15 8.07 1453.81 1582.25 804.9 

US-Bo2
2004 0.88 23.67 17.31 1821.61 1660.37 940.07 

2006 0.94 11.49 8.3 1357.9 1494.62 827.38 

US-IB1 2006 0.97 8.12 4.61 1429.04 1390.31 820.62 

DE-Kli
2005 0.89 14.23 9.44 1366.05 1499.5 729.08 

2006 0.93 11.01 6.84 1242.45 1414.55 771.36 

YK 
2008 0.83 17.18 11.07 1263.07 1433.18 1041 

2009 0.92 24.78 12.04 1370.86 1336.62 1104 
 

At US-Ne2 and US-Ne3 stations, where maize 
planting was alternated with soybean planting, the 
GPPEST and GPPEC were highly consistent over all maize 
growth stages.  The exception was US-Ne2 in 2001, 
where the model slightly underestimated the GPP in the 
heading growth stage.  

At US-Bo1 and US-Bo2 stations, the heading growth 
stage was also underestimated in three years.  Almost all 
growth stages were underestimated in 2004 at US-Bo2, 
and the MAE reached 17.31. 

At US-IB1 station, data from only 1 year was suitable 
for analysis.  Although the GPP was slightly 
underestimated at the beginning of the growth stage, the 
R2 between GPPEST and GPPEC was the highest among 
the study sites (0.97).  Accordingly, the RMSE and 
MAE were the lowest amongst the study sites in all years. 

At the European station DE-Kli, the GPPEST and 
GPPEC strongly agreed in 2006, but the REG-PEM model 
gave an overestimate at the heading stage in 2005.  YK 
station, located in Northwest China, missed parts of the 
flux data.  In this flux tower, the model clearly 
underestimated the GPP at the heading growth stage in 
2008 and 2009.  In 2009, the RMSE at this site was the 
highest among the study sites. 
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Figure 2  Seasonal dynamics and interannual variation of gross primary production (GPPEST, GPPEC and GPPMOD17A2)  

at the eight maize sites 
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Differences among the study sites were observed in a 
few 8-day periods.  These differences might reflect the 
sensitivity of the GPPEST to weather data (air temperature 
or PAR).  For example, the REG-PEM predicts higher 
GPP at higher PAR.  In Table 2, there is no obvious 
evidence that the model results are different among the 
study sites.  Therefore, the REG-PEM model is suitable 
for maize GPP estimation. 

Comparing the GPPEST and GPPEC in Figure 2, we 
find that the MOD17A2 products obviously 
underestimate the GPP of maize; in fact, most of the total 
GPPMOD17A2 values were half of their corresponding 
GPPEST values.  Thus, despite being the only 
global-scale operational GPP product to date, the 
MOD17A2 products are not readily applicable to maize 
GPP validation.  The maize GPP estimation accuracy is 
improved by the REG-PEM model. 
3.2  Uncertainty analysis 

Although the phases and magnitudes of the GPPEST 
and GPPEC were generally well matched, discrepancies 
were sometimes observed.  These discrepancies are 
attributed partly to estimation error of the GPPEST in the 
REG-PEM model, and partly to prediction error of the 
GPPEC.  

Four parameters are input to the REG-PEM model: 
PAR, Ta, EVI, and LSWI. In this study, the PAR and Ta 
inputs are the flux tower observations.  LUE is 
considered to cause uncertainty in the main model 
results[48,49], which is reflected in the spatial heterogeneity 
and the environmental impact on the remotely sensed 
data[31].  The maximum LUE is among the most 
important parameters in the LUE model, as it largely 
affects the GPP estimation[27].  The differences between 
field and satellite LUE estimates are most pronounced in 
croplands[28,50].  Zhang et al.[25] suggested that LUE 
underestimates are a major cause of GPP underestimation 
in croplands.  In this research, the LUE was assumed 
constant at 2.76 gC/MJ. However, some studies have 
estimated the maize GPP through the VPM model, which 
determines the maximum LUE by linearly or nonlinearly 
regressing the CO2 flux against the APAR.  In site-scale 
studies, the typical maximum LUE of C4 crops range 
from 2.40 gC/MJ to 4.24 gC/MJ.  In contrast, the 

maximum LUE of croplands in many large-scale 
modeling efforts are approximately 0.604-1.08 gC/MJ[28].  
In the middle stream of the Heihe River Basin, the 
maximum LUE value of maize APAR is very high  
(2.66 gC/MJ[18] versus 2.00 gC/MJ on the Huang-Huai- 
Hai plain[16]).  From flux tower data, Chen et al. determined 
the maximum LUE of maize as 2.84 ± 0.57 gC/MJ [51]. 

FPAR is also an important factor in GPP calculations, 
and can be computed by a wide variety of computational 
methods.  Numerous empirical studies and radiative 
transfer models have found linear relationships between 
the FPAR and spectral vegetation indices (e.g., NDVI or 
EVI).  Along with the Leaf Area Index (LAI), the global 
8-day FPAR (which is derived from MODIS data by a 3D 
radiative transfer model) has become a standard land 
product[52], and the MOD15A2 FPAR forms the basis of 
MOD17A2 products[53].  Hashimoto et al.[54] analyzed 
the correlations of short-term and annual flux-measured 
GPP between MODIS and NDVI, EVI, LAI, and FPAR 
products.  They pointed out that EVI can usefully 
analyze the short-term variations in site-estimated GPP.  
Like NDVI, MODIS-FPAR is sensitive to canopy 
background variations and saturates in areas with dense 
tree canopies[27], whereas EVI optimizes the canopy 
background information. Because EVI decouples the 
canopy background signal and reduces the atmospheric 
influences[37], it is less sensitive to high biomass than 
MODIS-PAR and delivers superior vegetation monitoring.  
Zhang et al.[19] examined the four spectral vegetation 
indices (VIs) NDVI, EVI, WDRVIgreen and CIgreen in daily 
maize GPP estimates computed by two linear models.  
Among the four VIs, MODIS EVI performed best in their 
experiment. 

GPPEC also contains uncertainties because it is 
indirectly derived from the measured net ecosystem 
exchange and the estimated ecosystem respiration, rather 
than measured in situ[55,56].  When comparing the tower 
results and the satellite-based GPP values, the 
uncertainties in the GPP flux should be considered[22].  
The GPP must be computed in two main steps.  First, 
the data gaps must be filled for the NEE; second, the 
daytime (solar altitude > 0) ecosystem respiration must be 
estimated. Both of these steps require subjective decisions 
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and are considerably debated at present[57].  Analyzing a 
forest site, Dragoni et al.[58] reported the random 
uncertainty of NEE as 3%-4% of the annual Net 
Ecosystem Production (NEP).  The respiration model is 
usually based on nighttime measurements when there is 
no uptake, and predicts the daytime respiration by an 
assumed relationship between respiration and 
temperature[59].  

4  Conclusions  

In this research, the GPP of maize at eight study sites 
was estimated by the REG-PEM model.  Comparing the 
GPPEST and GPPEC values, the GPP estimated by the 
REG-PEM model well agreed with the GPP predicted by 
the flux data, demonstrating that MODIS, the flux data 
and the REG-PEM can potentially estimate the seasonal 
dynamics and inter-annual variations of the 8-day GPP of 
maize cropland.  This model also predicted the maize 
GPP with higher accuracy than the MOD17A2 products 
(which significantly underestimate the GPP of maize 
croplands).  Most of the uncertainty in the REG-PEM 
model comes from the maximum LUE and the FPAR 
estimation methods.  The result is of significant 
implications for remote sensing analysis of maize 
cropland. 
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