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Carbon fluxes in temperate grassland ecosystems are characterized by large inter-annual variations 
due to fluctuations in precipitation and land water availability. Since an eddy flux tower has been in 
operation in the Xilin Gol grassland, which belongs to typical temperate grassland in North China, in 
this study, observed eddy covariance flux data were used to critically evaluate the biophysical per-
formance of different remote sensing vegetation indices in relation to carbon fluxes. Furthermore, 
vegetation photosynthesis model (VPM) was introduced to estimate gross primary production (GPP) of 
the grassland ecosystem for assessing its dependability. As defined by the input variables of VPM, 
Moderate Resolution Imaging Spectroradimeter (MODIS) and standard data product MOD09A1 were 
downloaded for calculating enhanced vegetation index (EVI) and land surface water index (LSWI). 
Measured air temperature (Ta) and photosynthetically active radiation (PAR) data were also included for 
model simulating. Field CO2 flux data, during the period from May, 2003 to September, 2005, were used 
to estimate the “observed” GPP (GPPobs) for validation. The seasonal dynamics of GPP predicted from 
VPM (GPPVPM) was compared quite well (R2=0.903, n=111, P<0.0001) with the observed GPP. The ag-
gregate GPPVPM for the study period was 641.5gC·m−2, representing a ~6% over-estimation, compared 
with GPPobs. Additionally, GPP predicted from other two typical production efficiency model (PEM) 
represents either higher overestimation or lower underestimation to GPPobs. Results of this study 
demonstrate that VPM has potential for estimating site-level or regional grassland GPP, and might be 
an effective tool for scaling-up carbon fluxes. 

GPP, eddy covariance, remote sensing, Xilin Gol 

The eddy covariance technique has been widely used for 
continuous in situ observations of CO2, H2O and energy 
fluxes, and the resultant net ecosystem exchange (NEE) 
data have provided valuable information about gross 
primary production (GPP) and ecosystem respiration 
(Re) estimation[1]. Although the eddy covariance results 
are used to represent whole ecosystems, the sampling 
region is limited to a relatively small “footprint” (typi- 

cally a few hectares or less)[2]. Additionally, the meas-
urements are costly, time consuming, limited to rela-
tively flat and uniform terrain, and cannot readily be  
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installed at many types of sites, leaving much of the 
world unsampled[3]. However, satellite remote sensing 
can provide synoptic coverage of large regions and sys-
tematic observation of ecosystems at regular time inter-
vals. Therefore, remote sensing has played an increasing 
role in characterization of vegetation structure and esti-
mation of primary production[4―8]. For integrating eddy 
covariance flux measurement and remote sensing, and 
for further studies of regional vegetation production and 
carbon cycle, GPP estimation could be used as an in-
termediate step[9]. 

Most satellite-based modeling studies have used pro-
duction efficiency model (PEM) to estimate GPP at 
large spatial scales, e.g., TURC[5], MODIS-PSN[7], and 
GLO-PEM[8]. In these models, GPP is estimated as the 
product of FPARcanopy, photosynthetically active radia-
tion (PAR), and εg, where FPARcanopy is the fraction of 
PAR absorbed by vegetation canopy and εg is the light 
use efficiency (Table 1). 

 
Table 1  Comparisons of different algorithms in the above-mentioned 
PEMa) 

Model FPARcanopy εg

TURC f(NDVI) ε0

MODIS-PSN 
 

f(NDVI) 
f(LAI) ε0×T×VPD 

GLO-PEM f(NDVI) ε0×T×SM×VPD 
a) NDVI: normalized difference vegetation index; LAI: leaf area index; 

ε0: maximum light use efficiency; T: air temperature scalar; SM: soil 
moisture scalar; VPD: water vapor pressure deficit scalar. 
 

FPARcanopy is usually considered to be a function of 
NDVI, which is a greenness-related vegetation index, 
derived from reflectance in red and near-infrared wave-
bands[10]. However, many studies have found that NDVI 
can be affected by a number of different factors[11], some 
of which can potentially confound models of GPP 
simulation. Additionally, results of a study on compar-
ing daily light use efficiency from four CO2 flux tower 
sites (an agriculture field, a tallgrass prairie, a deciduous 
broadleaf forest, and a boreal forest) support inclusion of 
parameters for the phenological status of the vegetation 
in εg estimating[12]. 

Recently, a new satellite-based vegetation photosyn-
thesis model (VPM) has been developed, and success-
fully applied to some different ecosystems for GPP 
modeling, based on conceptual partition of photosyn-
thetically active vegetation (chlorophyll), non-photo- 
synthetically active vegetation (NPV), innovative inclu-
sion of improved vegetation indices and phenological 

status scalar[9,13―16]. The comparisons made by ecology 
station in the Harvard Forest have demonstrated that 
predicted GPP from VPM agreed well with observed 
GPP from flux tower (GPPVPM=0.97 × GPPobs, R2=0.92, 
n=110, P<0.0001), while contemporary MODIS-PSN 
GPP products were clearly underestimated[13]. 

Since the VPM model has not been evaluated and ap-
plied in temperate grassland ecosystems[9,13―16], in this 
study, we chose the temperate semiarid steppe in Xilin 
Gol League as field study area. Our objectives of this 
research include: (1) to further examine biophysical per-
formance of vegetation indices in relation to seasonal 
dynamics of CO2 fluxes in temperature grassland eco-
system, and (2) to further evaluate the dependability of 
the VPM model for estimating GPP of the temperate 
grassland ecosystem. 

1  Materials and methods  

1.1  Study site 

The selected temperate grassland is located in the center 
of Xilin Gol League, Inner Mongolia, China. Xilin Gol 
League covers a vast plain with an altitude more than 
1000 m. The latitudinal and longitudinal ranges are 
43°26′―44°39′N and 115°32′―117°12′E. For detailed 
description about the study site, refer to Table 2. 
 
Table 2  Detailed information of geographic, climatic, and vegetation 
conditions about Xilin Gol temperate grassland site 

Item Description 
Location 43°32′N, 116°40′E 

Elevation (m) 1189 
Annual mean air 
temperature (℃) −0.4 

Annual mean precipi-
tation (mm) 350.9 

Soil type chestnut soil (3% organic matter) 
Primary Vegetation

 
 

warm season grasses, such as Chinese Leymus 
(Leymus chinensis), Siberian Spearagrass (Ach-

natherum sibiricum) 
Ecosystem type semi-arid steppe 

Observation period 2003-4-23―2005-9-22 

 

1.2  Flux and climatic data 

An eddy covariance flux tower (43°32′45″N, 
116°40′30″E) has been operated nearly continuously at 
the grassland ecosystem site, measuring CO2, H2O, and 
energy fluxes since April 23, 2003 by the Chinese Ter-
restrial Ecosystem Flux Observational Network (Chi-
naFLUX), and is located near the Inner Mongolia Grass-
land Ecosystem Research Station of the Chinese Eco-
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system Research Network (CERN)[17]. 1.3  MODIS data and vegetation indices 
Original flux data were measured at the height of 2.2 

m above the ground by an open-path eddy covariance 
system[18]. Details of quality assurance and quality con-
trol of the original data (e.g. coordinate rotation, WPL 
correction, invalid data filtering, friction velocity (u*) 
correction) could be found in refs. [9, 18]. Annual com-
plete gap-filled half-hourly NEE data with solar altitude 
less than 0 degree were used to estimate dark (nighttime) 
respiration. Relationship between nocturnal NEE and air 
temperature in the grassland ecosystem was determined 
by using Van't Hoff function, based on one year data[9]. 
The resultant regression equation was then used to pre-
dict ecosystem respiration during daytime (solar altitude 
greater than 0), combing with measured air temperature. 
GPP was finally estimated as NEE minus estimated day-
time Re. 

Seven spectral bands of the 36 spectral bands in the 
MODIS sensor are primarily designed for the study of 
vegetation and other land surfaces: blue (459―479 nm), 
green (545－565 nm), red (620－670 nm), NIR (841－
875 nm), NIR′ (1230－1250 nm), SWIR (1628-1652 
nm), and SWIR′ (2105－2155nm). The MODIS sensor 
acquires daily images of the globe at a spatial resolution 
of 250 m for the red and NIR bands, and 500 m for the 
blue, green, NIR′, SWIR, and SWIR bands. 

The MODIS Land Science Team provides a suite of  
standard data products for users, including the 8-day 
land surface reflectance product (MOD09A1) that has 
the seven spectral bands mentioned above at 500 m spa- 
tial resolution. The MODIS datasets are provided to us- 
ers in a tile fashion; each tile covers approximately 10 
latitudes by 10 longitudes (on an equal-area grid). We 
acquired the 8-day land surface reflectance product 
(MOD09A1) for the period from May, 2003 to Septem-
ber, 2005 from the Earth Observing System (EOS) Data 
Gateway (http://redhook.gsfc.nasa.gov/~imswww/pub/ 

Additional meteorological factors (such as so-
lar-radiation, net radiation and photosynthetic photon 
flux density, and relative humidity) have also been ob-
served half-hourly. Some meteorological data were used 
for model simulation, including mean daily air tempera-
ture, and daily sum of PAR. imswelcome/). Surface reflectance values from four 

spectral bands (blue, red, NIR and SWIR) were used to 
calculate three vegetation indices (NDVI, EVI, and 
LSWI). Based on the geographic information (latitude 
and longitude) of the CO2 flux tower site at the grass-
land site of Inner Mongolia, data from the MOD09A1 
product were extracted from one MODIS pixel (500 

In order to run the VPM model, daily climate and 
CO2 flux data were processed to the 8-day interval as 
defined by the 8-day composite MODIS images (Figure 
1). We calculated the sums of PAR and CO2 fluxes over 
8-day periods, and the averages of daily air temperature 
over 8-day periods. 

 
Figure 1  The seasonal dynamics of mean 8-day air temperature (Ta) and aggregate 8-day photosynthetically active radiation (PAR) from May 2003 to 
September 2005 at the grassland eddy flux tower site in Inner Mongolia, China. 
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m×500 m) centered on the flux tower[13―16]. An earlier 
study has already demonstrated that using one MODIS 
pixel had nearly the same reliability for analysis of 
vegetation indices and simulation of the VPM model as 
using 3×3 MODIS pixels and 5×5 MODIS pixels[15]. 
Simulations of the VPM model are driven by MODIS 
images in 2003－2005 temporally consistent with the 
available field data of 2003 to 2005. 

We calculated NDVI and EVI using the equations be-
low[10,11]: 

NIR red

NIR red
,NDVI

ρ ρ
ρ ρ

−
=

+
               (1) 

NIR red

NIR red blue
2.5 ,

1 6.0 7.5
EVI

ρ ρ
ρ ρ

−
= ×

+ + × + × ρ
   (2) 

where ρ is land surface reflectance of NIR, red or blue 
spectral band noted by subscripts. EVI includes the blue 
band for atmospheric correction[11]. The advanced opti-
cal sensors, such as MODIS and VEGETATION, have 
additional spectral bands (e.g., blue and shortwave in-
frared), making it possible to develop time-series data of 
improved vegetation indices[15]. EVI has recently been 
used for the study of temperate forests[15], and is much 
less sensitive to aerosols than NDVI[19]. 

Because the SWIR spectral band is sensitive to vege-
tation water content and soil moisture, a combination of 
NIR and SWIR bands has been used to derive wa-
ter-sensitive vegetation indices, including the land sur-
face water index (LSWI) (eq. (3))[13,20]: 

NIR SWIR

NIR SWIR
.LSWI

ρ ρ
ρ ρ

−
=

+
           (3) 

As leaf water content or soil moisture increases, 
SWIR absorption increases and SWIR reflectance de-
creases, resulting in the increase of LSWI value. Recent 
work on evergreen needle-leaf forests has shown that 
LSWI is sensitive to changes in leaf water content over 
time[13]. 

2  Vegetation photosynthesis model 

Leaves and plant canopies are composed of photosyn-
thetically active vegetation (chlorophyll) and 
non-photosynthetic vegetation (NPV, e.g. stems, cell 
walls, and veins). Based on conceptual partitioning of 
chlorophyll and NPV, the VPM model was developed 
and successfully applied to estimating GPP of 

forests[13―16] and alpine[9] ecosystems. 
2.1  Model description 

A brief description of the VPM model was given below: 

g chl ,GPP FPAR PARε= × ×           (4) 

g 0 scalar scalar scalar ,T W Pε ε= × × ×           (5) 

where PAR is the photosynthetically active radiation 
(μmolPhoton·m−2·s−1), FPARchl is the fraction of PAR 
absorbed by chlorophyll, and εg is the light use effi-
ciency (μmolCO2·μmolPhoton−1). The parameter ε0 is 
the apparent quantum yield or maximum light use effi-
ciency (μmolCO2·μmolPhoton−1), and Tscalar, Wscalar and 
Pscalar are three down-regulation scalars for the effects of 
temperature, water, and leaf phenology on the light use 
efficiency of vegetation, respectively. 

In the current version of the VPM model, FPARchl is 
assumed to be a linear function of EVI, and the coeffi-
cient a in eq. (6) is simply set to be 1.0[13―16]: 

chl .FPAR a EVI= ×              (6) 
Tscalar is estimated using the equation developed for the 
terrestrial ecosystem model[21]: 

min max
scalar 2

min max opt

( )( )
,

( )( ) (
T T T T

T
T T T T T T )

− −
=

− − − −
     (7) 

where Tmin, Tmax and Topt are minimum, maximum, and 
optimal temperatures for photosynthetic activities, re-
spectively. When air temperature falls below Tmin, Tscalar 
is set to 0. 

Wscalar, the effect of water on plant photosynthesis, has 
been estimated as a function of soil moisture and/or va-
por pressure deficit (VPD) in other production efficiency 
models[7―8]. As a first order of approximation, we pro-
posed an alternative and simple approach that uses a 
satellite-derived water index to estimate the seasonal 
dynamics of Wscalar

[13]: 

scalar
max

1 ,
1

LSWIW
LSWI
+

=
+

             (8) 

where LSWImax is the maximum LSWI within the 
plant-growing season for an individual pixel. 

Pscalar is included to account for the effect of leaf 
phenology (leaf age) on photosynthesis. The calculation 
of Pscalar is dependent upon the longevity of leaves (de-
ciduous, versus evergreen). For a canopy dominated by 
leaves with a life expectancy of 1 year (one growing 
season, e.g., deciduous trees), Pscalar is calculated at two 
different phases as a linear function[14]. Because grass-
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land canopies have new leaves emerging throughout 
much of the plant growing season, Pscalar is set to be 
1.0[9] in this study. 

2.2  Parameterization for VPM 

The VPM model has three sets of parameters: maximum 
light use efficiency (ε0); maximum LSWI of the plant 
growing season (LSWImax); three temperature parameters 
for photosynthetic activities (Tmin, Tmax, and Topt). 

The values of ε0 vary with vegetation types, and in-
formation about ε0 for individual vegetation types can be 
obtained from a survey of the literature and/or analysis 
of nearly instantaneous NEE of CO2 and photosynthetic 
photon flux density (PPFD) at a CO2 eddy flux tower 
site based on a linear or a nonlinear regression[13,22]. 

In the study of the VPM model, ε0 values were de-
rived from the hyperbolic function (Michaelis-Menten 
equation) using eight-day half-hourly daytime NEE and 
PPFD data during the plant growing season (May to 
September). Therefore, we calculate ε0 from each 
eight-day periodic data of this grassland ecosystem 
based on Michaelis-Menten equation, and then choose 
the best fit of a year for deriving the annual value of ε0 
(Table 3). The resultant maximum light efficiency is 
0.0167, 0.0248, and 0.0054 μmol CO2·μmolPhoton−1 

for 2003, 2004, and 2005, respectively. We found 
mid-day (noon) photosynthetic declines in diurnal curve 
because of light saturation for all the eight-day periods 
in 2005[18]. Therefore, we only used half-hourly daytime 
NEE and PPFD data when PPFD was lower than 1200 
μmolPhoton·m−2·s−1 to estimate ε0 in 2005 (Figure 2). 
 
Table 3  Parameters of Michaelis-Menten equation for fitting NEE and 
PPFD data 

 2003 2004 2005 
Day of year 162―169 210―217 226―233 

Maximum light use effi-
ciency 

(μmolCO2·μmolPhoton−1)
0.0167 0.0248 0.0054 

Maximum light-saturation 
photosynthesis rate 
(mgCO2·m−2·s−1) 

0.210 0.374 0.167 

R2 0.549 0.669 0.150 
n 240 230 169 

 
The second parameter set is for calculation of Wscalar. 

The maximum LSWI value within the plant-growing 
season was selected as an estimate of LSWImax. As a pa-
rameter describing water state, LSWImax varies with 
years with different environmental conditions. We chose 
the maximum LSWI values during the plant growing 

 
Figure 2  The half-hourly daytime NEE and PPFD data in eight-day period of the growing seasons (2003-06-11―2003-06-18; 2004-07-28―2004-08-04; 
2005-08-14―2005-08-21) which fits best the hyperbolic function in each year. The left-below panel illustrates all the half-hourly daytime NEE and PPFD 
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data from August 14, 2005 to August 21, 2005. There is a clear decline of absolute values of NEE date when PPFD is larger than 1200 
μmolPhoton·m−2·s−1. 
season in a year as LSWImax. LSWImax values are 0.076 
(July 12, 2003) for 2003, 0.019 (July 19, 2004) for 2004, 
and −0.058 (August 13, 2005) for 2005, respectively 
(Figure 3). 

The third parameter set is used for calculation of  
Tscalar. We analyzed the relationship between daily air 
temperature data and daily observed GPP data in 2004  

at the grassland eddy flux tower site because there 
were the most optimal climatic conditions in 2004 for 
the three investigating years. We estimated a minimum 
temperature (Tmin) of 6℃, optimum temperature (Topt) of 
17 ℃ , and maximum temperature (Tmax) of 21 ℃ 
throughout the whole study period for this grassland 
ecosystem[9] (Figure 4).

 
Figure 3  The seasonal dynamics of land surface water index (LSWI) and land surface reflectance of near infrared (NIR) and short wave infrared (SWIR) 
wavebands, which are extracted and calculated from MOD09A1 from May 2003 to September 2005 at the grassland eddy flux tower site. We chose the 
maximum growing season LSWI in each year to be used as LSWImax for yearly GPP simulation. 
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Figure 4  The relationship between mean daily air temperature data and sum of daily observed GPP (GPPobs) during the growing season of the year 2004, 
clearly showing that GPP starts to decrease when air temperature gets to over 17℃. 
3  Results 

3.1  Seasonal dynamics of NDVI and EVI from 
eight-day MODIS images 

Seasonal dynamics of land surface reflectance values, 
which were extracted from the standard eight-day 
MODIS land surface reflectance products (MOD09A1), 
show distinct seasonal variations of red, NIR, and blue 
bands. During the plant growing season (from May to 
October), the values of near infrared (NIR) band (841―
875 nm) are greater than those of red (620―670 nm) 
and blue bands (459―479 nm) (Figure 5). 

Seasonal dynamics of EVI within the plant growing 
season at this grassland site differs substantially from 
that of NDVI. The maximum EVI values in summer were 
0.36 in 2003, 0.35 in 2004, and 0.31 in 2005, which are 
much lower than the maximum NDVI values (0.62 in 
2003, 0.61 in 2003, and 0.57 in 2003) (Figure 6). 

The seasonal dynamics and their differences in NDVI 
and EVI signals suggest that we could assume FPAR 
estimated using a function of NDVI is likely to represent 
the FPAR absorbed by all “green” vegetation, but FPAR 
estimated using a function of EVI might represent the 
FPAR absorbed by leaf chlorophyll. Apart from the plant 
growing seasons, the values of EVI and NDVI are very 

low (approximately 0), indicating that these two vegeta-
tion indices could well be used to delineate growing 
season transitions (at the time when GPP declines rap-
idly). Within growing seasons, dynamics of EVI matches 
GPPobs somewhat better than those of NDVI (Figure 7). 

3.2  Seasonal dynamics of LSWI from eight-day 
MODIS images 

Under a semi-arid temperate climate, grassland vegeta-
tion canopies are generally sparse. This mixture of green 
plants and soils might be sensed by satellite sensors 
from space. As shown in Figure 3, LSWI values during 
the plant growing season (May to October) are generally 
low, sometimes even below zero. Cumulative rainfall 
during the plant growing season was 122.1 mm in 2003, 
335.9mm in 2004, and 133.7mm in 2005, respectively. 
LSWI values in 2004 were a little larger than those in 
2003 and 2005 (Figure 3), therefore, it is suggested that 
inter-annual changes of LSWI values during the plant 
growing season could reflect the rainfall differences 
between wet year (2004) and dry years (2003, 2005). In 
addition, the values of LSWI in the seasons except the 
plant growing season are much higher (Figure 3), similar 
to the earlier studies on the forest and alpine ecosys-
tems[13,15]. Extremely high LSWI values in winter and 
early spring are attributed to snow cover. Snow cover  

 
Figure 5  The seasonal dynamics of land surface reflectance of individual spectral band (NIR, red, and blue) from May 2003 to September 2005 at the 
grassland eddy flux tower site in Inner Mongolia, China. Note that in plant growing seasons (annually, May to September), land surface reflectance of near 
infrared (NIR) is clearly higher than reflectances of blue and red wavebands. In the seasons except the plant growing seasons, they are close to each other 
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with irregular fluctuations, but have little influence on the model simulation because the air temperature then is below the minimum photosynthetic tem-
perature (Tmin). 

 
Figure 6  The seasonal dynamics of normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI) and observed GPP data (GPPobs) 
from May 2003 to September 2005 at the grassland eddy flux tower site in Inner Mongolia, China. All the NDVI data are higher than EVI data in growing 
seasons. The seasonal dynamics of GPPobs is somewhat different from that of NDVI and EVI partly due to the calculation procedure of GPPobs, especially in 
2005. 

 

 
Figure 7  The relationships between vegetation indices (NDVI, EVI) and observed GPP data calculated from observed field NEE data, demonstrating that 
EVI matches GPP slightly better than NDVI at the grassland eddy flux tower site. 

 
has very high reflectance values in visible and NIR 
spectral bands but relatively low reflectance values in 
shortwave infrared[20]. During the winter and early 
spring, the land surface is a mixture of vegetation and 

snow, which likely results in anomalously high LSWI 
values. As spring progresses, air temperature increases, 
the snow cover gradually melts, resulting in a decline of 
LSWI values. 
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The seasonal dynamics of land surface reflectance 
(near infrared and short wave infrared spectral bands) is 
also illustrated in Figure 3. Note that the values of the 
short wave infrared spectral band are a little higher than 
those of near infrared spectral band during the plant 
growing season. However, as time progresses, the dif-
ferences become smaller, resulting in an LSWI increas-
ing, which can be seen in the same figure. 

3.3  Simulation of the VPM model via eight-day 
MODIS imagery and climate data 

The parameters Tscalar, Wscalar, and Pscalar are three 
down-regulation scalars for GPP simulation. Tscalar is 
strongly affected by the maximum, minimum, and opti-
mal temperature parameters. In the dormant seasons, air 
temperatures were all below minimum photosynthetic 
temperature, so the Tscalar values then were set to be 0. In 
the plant growing seasons, the values of Tscalar experi-
enced large fluctuations related to air temperature, espe-
cially in 2005. Irregular fluctuations during the plant 
growing seasons (May and July) could also be found. 
This behavior due to air temperature then was close to 
maximum temperature for photosynthesis. The scalar for 
describing water effect on vegetation photosynthesis in 
this study (Wscalar) was calculated from LSWI using eq. 
(8). This parameter also experiences some large fluctua-
tions in the dormant season, but because Tscalar was set to 
be 0 due to the lower air temperature (Figure 8), the 
large changes in LSWI during the non-plant growing 
seasons were not important for GPP modeling. While  

calculating Pscalar, as mentioned above, we set all the 
Pscalar values to unity for grassland ecosystems. 

Using the calculated scalars, estimated parameters 
and measured climate data, we simulated GPP for the 
Inner Mongolia grassland site using the VPM model. 
The seasonal dynamics agrees well with the dynamics of 
GPP derived from in situ flux data from May, 2003 to 
September, 2005 (Figure 9). The VPM model tracked 
the major features of the observed GPP data during the 
study period closely, although the magnitudes were not 
entirely consistent. 

The GPPVPM values from 2004 matched with ob-
served GPP a little better than those in 2003 and 2005, 
which were both drought years with less effective pre-
cipitation. However, primary production of temperate 
grasslands in China is highly sensitive to inter-annual 
variation in climate, especially to the change in precipi-
tation[23,24]. Therefore, gross primary productivity in 
2003 and 2005 was smaller (Figure 9). 

Furthermore, the simple linear comparison between 
simulated GPP and observed GPP also shows a good 
relationship, although the values of simulated GPP were 
somewhat larger than those of observed GPP (Figure 9). 
Calculated total GPP during the study time was 641.5 
gC·m−2 and 603.8 gC·m−2 for modeling GPP and ob-
servation GPP, respectively. The modeled GPP overes-
timates the observed GPP by about 6%. 

 

 WU WeiXing et al. Sci China Ser D-Earth Sci | Oct. 2008 | vol. 51 | no. 10 | 1-? 9 



 

Figure 8  Seasonal dynamics of temperature, water and phenology down-regulation scalars. Note that Tscalar shows clear undulations in the plant growing 
seasons, while Wscalar is relatively flat with small changes. In addition, Pscalar was set to 1 during the investigating period. 

 
Figure 9  The seasonal dynamics of GPPVPM (simulation of the VPM model) and GPPobs (GPP calculated from the filed NEE data) at the grassland eddy 
flux tower site (DOY means day of year). The right-below panel illustrates a linear relationship between simulated GPP (GPPVPM) and calculated GPP 
(GPPobs) over the period of May 2003 to September 2005. 

 
4  Discussion and summary 

We note two particularly interesting results from this 
study, which correspond with earlier studies of the VPM 
model[9,13―16]. The first is that EVI still has a slightly 
stronger linear relationship with observed GPP than 
NDVI does in this grassland ecosystem. One of the ad- 
vantages of the VPM model is to use EVI instead of 
NDVI to represent the “greenness” of vegetation. In the 
earlier studies, EVI had quite better linear relationship 
with GPP. For example, for the Harvard Forest (de- 
ciduous forest), the correlation coefficient of NDVI and 
GPP was 0.64, while that of EVI and GPP was 0.84[14], 
and this is largely attributed to saturation of NDVI with 
high values of leaf area index in the forest. In compari- 
son, grassland vegetation in semi-arid regions generally 
has low values of leaf area index, and saturation of 
NDVI is not an issue. In this study, we still found that 
the correlation coefficient of EVI and GPP was slightly 
greater than that of NDVI and GPP (Figure 7). In addi- 
tion, we also found that the NDVI values in Figure 7 
were more widely scattered than EVI values. This result 

supports the notion that using EVI for GPP simulation in 
the VPM model is an improvement relative to other  
PEM using NDVI (Table 1). Secondly, the VPM model 
uses a novel remote-sensing index related to vegetation 
water content (e.g., LSWI in this study) to estimate the 
effect of water availability on canopy photosynthesis. 
One advantage of using a water-related vegetation index 
in the VPM model is that there is no need for a soil 
moisture model. In this study, we found remote sensing 
water-related scalar (Wscalar) could reflect the rainfall 
differences between wet year (2004) and dry years 
(2003, 2005) (Figure 8). We argue that these models are 
usually driven by very coarsely resolved input datasets 
(e.g., precipitation, soil texture, and soil depth), which 
results in large uncertainty in soil moisture.  

The multi-year simulations of the VPM model have 
shown that in general, there is a good agreement be-
tween GPPVPM and GPPobs from 2003 to 2005. However, 
there still exist large differences between GPPobs and 
GPPVPM in a few 8-day periods, for instance, larger 
GPPVPM from May to July of 2004 (Figure 10). Those 
discrepancies might be due to the following reasons. 
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First, we found that selection of photosynthesis parame-
ters Tmin, Tmax and Topt is likely to have some impacts on 

Tscalar, and therefore will affect GPP estimation. The 
values we used for the above three temperature parame-

 
Figure 10  The seasonal dynamics of predicted GPP from different PEM and observed GPP from flux tower in 2004. Subscript labels TURC and 
MODIS-PSN mean different PEM mentioned above. Filled Circle represent the observed GPP form eddy covariance NEE data; open symbols represent 
predicted GPP from different PEM. GPP from TURC was clearly overestimated during the whole year, while GPP from MODIS-PSN was underestimated 
during the growing season. VPM did not work well during the early period of the growing season, however, the seasonal dynamics match well with that of 
the observed GPP. 

 
ters differ from other studies[9,13―16] (Figure 4). Second, 
the error in observed GPP is also an another important 
factor[25,26]. For a given amount of NEE measured by the 
eddy-covariance method, an error in estimation of daily 
respiration would result in an equivalent error in estima-
tion of GPP. The two major steps that must be taken to 
derive GPP are the gap filling of NEE and estimation of 
daytime Re. Both the two steps require subjective deci-
sions, including empirical model selection, and are cur-
rently the subject of a lot of discussion[26]. 

However, compared with other PEM (such as TURC 
and MODIS-PSN), VPM works much better. In Figure 
10, we use observed PAR and remote sensing NDVI to 
calculate GPPTURC following ref, [5], and downloaded 
GPP products (MOD17A2) from EOS Data Gateway 
(http://redhook.gsfc.nasa.gov/~imswww/pub/imswelcom
e/) to get GPPMODIS-PSN (1×1 pixel) during the best en-
vironmental year, 2004. Clearly, during the whole year, 
GPP from TURC was overestimated because it set 
maximum light use efficiency as actual light use effi-
ciency[5]. GPP from MODIS-PSN was underestimated 
during the growing season for the grassland site, which 
might be due to over-correction of VPD on light use ef-

ficiency in 2004[8].  
Furthermore, we used remotely sensed spectral bands 

to characterize water effects on vegetation photosynthe-
sis. Although LSWI distinctly revealed the water stress 
in 2003 and 2005 at this grassland site (Figure 3), we are 
still not sure whether it could exactly track the changes 
of vegetation water content. That to what degree canopy 
water content can be retrieved from satellite images is an 
important research issue for remote sensing science[27―

29]. 
In summary, simulation of the VPM model in this 

semi-arid temperate grassland ecosystem provides rela-
tively accurate estimates of GPP in all wet and dry years. 
The eddy covariance measurements have shown that 
grasslands at the site had distinct seasonal dynamics and 
moderate inter-annual variation in GPP from 2003 to 
2005, which may be due to climatic variations (e.g. ex-
treme drought) during the research period. The VPM 
model is capable of tracking seasonal dynamics and in-
ter-annual variations in GPP of this temperate semi-arid 
steppe at a sub-monthly (8-day in this study) temporal 
resolution. As more modeling studies would be carried 
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out in the future, long-term objective of VPM is to use 
the model to simulate global gross primary production 
or net primary production at finer temporal and spatial 
resolutions. 
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