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Abstract
Gross primary productivity (GPP) is a key component of ecosystem carbon fluxes and the carbon balance between the biosphere
and the atmosphere. Accurate estimation of GPP is essential for quantifying plant production and carbon balance for grasslands.
Satellite-derived vegetation indices (VIs) are often used to approximate GPP. The widely used VIs include atmospherically
resistant vegetation index, enhanced vegetation index (EVI), normalized difference greenness index, normalized difference
vegetation index, reduced simple ratio, ratio vegetation index, and soil-adjusted vegetation index (SAVI). The evaluation of the
performance of these VIs for approximating GPP, however, has been limited to one or two VIs and/or using GPP observations
from one or two sites. In this study, we examined the relationships between the nine VIs derived from the moderate resolution
imaging spectroradiometer (MODIS) and tower-based GPP at five eddy covariance flux sites over the grasslands of northern
China. Our results showed that the nine VIs were generally good predictors of GPP for grasslands of northern China. Overall,
EVI was the best predictor. The correlation between EVI and GPP also declined from the south to the north, indicating that EVI
and GPP exhibited closer relationships in more southerly sites with higher vegetation cover. We also examined the seasonal
influence on the correlation between VIs and GPP. SAVI exhibited the best correlation with GPP in spring when the grassland
canopy was sparse, while EVI exhibited the best correlation with GPP in summer when the grassland cover was dense. Our
results also showed that VIs could capture variations in observed GPP better in drought period than in nondrought period for an
alpine meadow site because of the suppression of vegetation growth by drought.
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INTRODUCTION
Grassland is one of the most widespread vegetation types
worldwide, covering nearly one-fifth of the world’s land surface
(Lieth 1978). Natural grassland ecosystems are responsible for
a substantial proportion (as much as 20% or more) of total
terrestrial production and constitute a carbon sink of about 0.5
Pg  C  yr1 (Hall et al. 1995; Scurlock and Hall 1998).
Ecosystem processes, including photosynthesis and respiration,
are important parts of plant growth and ecosystem dynamics.
Gross primary productivity (GPP), defined as the rate at which
vegetation canopies fix carbon through plant photosynthesis, is
an important component of the terrestrial carbon cycle
(Gitelson et al. 2006). Accurate estimation of GPP is essential
for quantifying plant production and carbon balance for
grasslands.
Satellite-derived vegetation indices (VIs) can be used to
approximate GPP at stand, regional, and global scales. A
variety of VIs have been developed from satellite observations.
Previous studies have estimated GPP directly using VIs, such as
the normalized difference vegetation index (NDVI; Gilmanov
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et al. 2005) and the enhanced vegetation index (EVI; Sims et al.
2006, 2008). VIs are also the basis of some remote sensingbased GPP modeling approaches, such as the Carnegie-AmesStanford Approach (CASA; Potter et al. 1993), the Global
Production Efficiency Model (GLO-PEM; Prince and Goward
1995), the Vegetation Photosynthesis Model (VPM; Xiao et al.
2005), and EC-MOD (a data-driven modeling approach based
on eddy covariance flux measurements and MODIS data; Xiao
et al. 2010).
The development and use of VIs have a history of over 30 yr.
NDVI has been widely applied since 1970s (Rouse et al. 1973),
using the reflectance of the red and near-infrared channels from
the advanced very high resolution radiometer (AVHRR) aboard
the NOAA’s meteorological satellites. More VIs, such as the
ratio vegetation index (RVI) and the soil-adjusted vegetation
index (SAVI), have been developed using the red and nearinfrared spectral bands. Other spectral bands have also been
used to derive VIs. For example, in addition to the red and
near-infrared bands, the enhanced vegetation index (EVI)
makes use of information from the blue band (Huete and Liu
1994), and the reduced simple ratio (RSR) uses the shortwave
infrared band (RSR; Brown et al. 2000). Theoretical analyses
and flux measurements have shown strong linear relationships
between VIs (e.g., NDVI and EVI) and GPP for a variety of
ecosystems (McMichael 1999; Frank and Karn 2003; Glenn et
al. 2008; Wu et al. 2008; Sjöström et al. 2009).
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Figure 1. Location and distribution of the five eddy covariance flux sites in northern China. The symbols stand for the flux sites. The base map is the
MODIS NDVI map acquired in August 2010, showing the extent of grasslands in northern China.

Despite the large number of VIs, the performance of these
indices for approximating GPP has not been rigorously
evaluated using GPP observations. The eddy covariance flux
towers provide valuable data for the evaluation of VIs. The
eddy covariance technique can continuously measure the net
ecosystem exchange (NEE) between the biosphere and atmosphere (Baldocchi et al. 2001). GPP can only be derived with
high accuracy by subtracting daytime respiration (Re) from the
corresponding daytime NEE at flux tower sites. Several studies
showed that EVI is a better index for estimating GPP than
NDVI in forest (Xiao et al. 2004), grassland (Wu et al. 2008),
and savanna (Sjöström et al. 2009) ecosystems. Spatially and
temporally continuous EVI, however, can only be derived from
MODIS data since late February 2000. The NDVI record is
much longer than EVI, and about 30 yr of NDVI data are
available from AVHRR since 1981. Besides EVI and NDVI, the
ratio vegetation index (RVI) and second soil-adjusted vegetation index (SAVI2) have also been found to correlate well with
GPP in a deciduous forest ecosystem (Yamaji et al. 2008).
However, most of these studies compared the relationship
between GPP and either NDVI or EVI. Few studies have
compared the performance of various VIs for approximating
GPP, particularly for grasslands.
In this study, we used GPP data from eddy covariance flux
towers to evaluate the performance of nine VIs for approximating GPP of grasslands in northern China. The objectives of
our study are 1) to evaluate the performance of the nine VIs to
approximate GPP at five grassland sites, 2) to explore seasonal
change in the relationships between the VIs and GPP, and 3) to
compare the responses of GPP and VIs to drought and
nondrought conditions.
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MATERIALS AND METHODS
Study Sites
Northern China is covered by extensive grasslands, which
represent important renewable resources in the arid and
semiarid regions (Zhou et al. 2002). The grasslands of the
northern China are northern temperate grassland ecosystems.
The arid and semiarid ecosystems may play an important role
in terrestrial carbon sequestration and feedbacks to climate
change. Grasslands have apparent seasonal changes and are
sensitive to climate factors (such as precipitation and temperature) and other environmental factors (such as grazing and
desertification), likely leading to more complicated relationships between GPP and VIs than those in other ecosystems
(Conant et al. 2001; Follett et al. 2001; Fu and Wen 2002). The
grasslands in northern China are an important component of
the Eurasian steppes (Bai et al. 2008) and make up the main
body of natural grassland in China. The growing season of the
grassland usually starts in late April and ends in September,
with the maximum aboveground biomass occurring in July and
August (Kato et al. 2004; Chen et al. 2009).
Our study was conducted at five grassland sites in northern
China along the Temperate–Alpine Rangeland Transect (China
Grassland Transect [CGT]; Yu et al. 2006). Our study sites
consist of three fenced steppe sites (Xfs, Xil1, and Du2), one
degraded steppe site (Xil2), and one alpine meadow site (HaM;
Fig. 1; Table 1). Annual mean air temperature and precipitation
ranges from 1.78C to 3.38C and from 290 to 567 mm,
respectively.
The Xfs, Xil1, and Xil2 sites are located in the temperate
steppe zone of the Inner Mongolia Plateau. Overall, this
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(8E)
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(8N)
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Site name

Table 1. Site information, including name, location, elevation, climate, vegetation type, and dominant species.
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region is characterized by a semiarid continental climate.
The Xfs site had the largest annual temperature range and
the least precipitation among the five sites (Fig. 2). Xil1 is
within a permanent study plot at the Inner Mongolia
Grassland Ecosystem Research Station (IMGERS). Xil1
has been fenced since 1999 (Chen et al. 2009). The Xil2
site, located within a 500-m distance of Xil1, was
established within a degraded steppe area (Chen et al.
2009). The Du2 site is located within a typical semiarid zone
in Inner Mongolia and is part of the Duolun Restoration
Ecology Research Station (Chen et al. 2009). The HaM site
is located at the Haibei Alpine Meadow Ecosystem Research
Station, part of the Northwest Plateau Institute of Biology,
Chinese Academy of Sciences (Kato et al. 2004). The HaM
site is characterized by cold semiarid climate, and has the
lowest mean annual temperature (1.7 8C) among the five
sites. The mean annual precipitation of HaM site is 567 mm,
which is almost twice that of Xfs site. GPP was higher in
HaM and Du2 sites. GPP reached its peak at 7.23 g
C  m2  d1 in 2002 and 7.44 g C  m2  d1 in 2003 at the
HaM site, with peaks of 5.41 g C  m2  d1 at the Du2 site
and 3.09 g C  m2  d1 at the three Xilinhot sites.

Flux Tower Measurements
The eddy covariance technique provides continuous measurements of NEE between ecosystems and the atmosphere
(Baldocchi et al. 2001). For NEE, negative values stand for
net carbon uptake. NEE is routinely partitioned into GPP and
ecosystem respiration (ER). During the nighttime, NEE is
equal to ER. An empirical function can be developed between
nighttime ER and air temperature, and the function can then
be used to estimate daytime ER. GPP is then calculated as the
difference between NEE and ER as follows:
GPP ¼ ER  NEE

½1

We used data from the five eddy covariance flux sites across
grasslands in northern China (Table 1). For each site, we used
daily GPP, precipitation, and temperature data. In order to
make the temporal resolution consistent with MODIS data
(8-d), we calculated the means of GPP and air temperature
and the total precipitation from flux tower measurements for
each 8-d interval. We ignored any 8-d interval within which
more than 5 d had missing tower data.

VIs
In this study, satellite data were obtained from subsets of
MODIS products available at Oak Ridge National Laboratory’s Distributed Active Center website (http://www.modis.
ornl.gov/modis/index.cfm). The MOD09A1 product provides
surface spectral reflectance in seven bands from blue to
shortwave infrared for 500-m and 8-d composites. Different
VIs employ different bands and have different capabilities in
terms of detecting vegetation (Bannaria et al. 1995). We
derived nine VIs based on the MODIS Terra product
(MOD09A1; Table 2). Considering that the flux tower
footprint is generally less than 1 km2 (Schmid 2002), the VI
values were extracted and averaged over the central 131 km
area within the 737 km cutouts of the gridded MODIS data
(MOD09A1).
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Figure 2. Time series of air temperature, precipitation, GPP, and VIs at the five study sites. The VIs plotted here are NDVI, EVI, ARVI, and SAVI. GPP
indicates gross primary productivity; VIs, vegetation indices; NDVI, normalized difference vegetation index; EVI, enhanced vegetation index; ARVI,
atmospherically resistant vegetation index; and SAVI, soil-adjusted vegetation index.

Evaluation of VIs for Approximating GPP
We analyzed the relationships between VIs and GPP for the five
grassland sites and assessed their performance for approximating GPP under different seasons and climatic conditions.
Specifically, we assessed the performance of each VI for
approximating GPP and identified the best indicator of GPP
by calculating coefficient of determination (R2) between annual
GPP and VIs at each site. For each VI at each site, the annual
value of the VI was calculated by integrating the 8-d values
throughout the year. Negative 8-d values were not included for
the calculation of the annual value.
To further evaluate the capability of VIs to estimate GPP, we
established linear models between GPP and VI and assessed
their accuracy with cross-validation method. We divided the
data into two portions: one (training samples) for model
development and the other (testing samples) for model
verification. Each site was withheld successively to act as the
testing sample, and a linear regression model was developed
between GPP and each VI using the testing samples. The GPP
model was used to estimate GPP for the withheld site, and the

model performance was evaluated using the observed GPP
from the withheld site.

Analysis of Seasonal and Drought Impacts on the
Relationships of GPP and VIs
We calculated R2 for the relationships between VIs and GPP in
spring and summer to investigate seasonal influence on their
relationships. To identify the drought effects on the relationships between VIs and GPP, we examined the different
behaviors of their relationships in drought and nondrought
years at the HaM site.

RESULTS
Assessing Performance of VIs for Approximating GPP
There were strong relationships between the VIs and GPP at the
annual scale for each site with average R2 of 0.62–0.77 (Table
3). The HaM and Du2 sites exhibited stronger correlations
between VIs and GPP (most R2 . 0.80) than the other three
sites (Xfs, Xil1, and Xil2), indicating the correlation was better

Table 2. Description of vegetation indices evaluated in this study.1
Index

Index abbreviation

Formula

Source

Ratio vegetation index

RVI

NIR/RED

Jordan (1969)

Normalized difference vegetation index
Soil-adjusted vegetation index

NDVI
SAVI2

(NIR  RED)/(NIR þ RED)
(NIR  RED)/(NIR þ RED þ L) 3 (1 þ L)

Rouse et al. (1973)
Huete (1988)

Normalized difference greenness index

NDGI

(GREEN  RED)/(GREEN þ RED)

Chamard et al. (1991)

Atmospherically resistant vegetation index

ARVI

(NIR  2RED þ BLUE)/(NIR þ 2RED  BLUE)

Kaufman and Tanre (1992)

Enhanced vegetation index

EVI3

G 3 (NIR  RED)/(NIR þ C1RED  C2BLUE þ L)

Huete et al. (1994)

Reduced simple ratio

RSR (RSR-5; RSR-6; RSR-7)4

NIR/RED 3 [1  (SWIR  SWIRmin)/(SWIRmax  SWIRmax)]

Brown et al. (2000)

1

NIR indicates near infrared; RED, red band; BLUE, blue band; GREEN, green band; and SWIR, shortwave infrared band.
2
L indicates soil brightness correction factor.
3
L indicates canopy background adjustment; and C1, C2, coefficients of the aerosol resistance term. The coefficients adopted in the MODIS EVI algorithm are as follows: L ¼ 1, C1 ¼ 6, C2 ¼ 7.5, and G
(gain factor) ¼ 2.5 (Huete et al. 2002).
4
Reduced simple ratios (RSRs) are calculated using the three shortwave infrared bands from MODIS (bands 5, 6, and 7, respectively).
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Table 3. The coefficient of determination (R2) of the relationships between vegetation indices (VIs) and gross primary productivity (GPP) at the annual
scale at the five sites.
Xfs

Xil2
2006

2004

2006

EVI

0.69

0.52

0.67

0.76

0.88

0.93

0.97

0.77 (0.16)

NDVI

0.63

0.49

0.56

0.65

0.82

0.79

0.90

0.69 (0.15)

SAVI
ARVI

0.68
0.64

0.47
0.55

0.64
0.61

0.71
0.67

0.87
0.85

0.87
0.88

0.94
0.94

0.74 (0.16)
0.73 (0.15)

NDGI

0.70

0.18

0.71

0.06

0.85

0.88

0.92

0.62 (0.35)

RVI

0.66

0.56

0.58

0.64

0.88

0.85

0.83

0.72 (0.14)

RSR1

0.65

0.56

0.55

0.61

0.88

0.85

0.81

0.70 (0.14)

RSR2

0.65

0.57

0.57

0.64

0.88

0.85

0.17

0.62 (0.23)

RSR3

0.66

0.56

0.58

0.64

0.88

0.85

0.19

0.62 (0.23)

in more southern areas (Table 3). The performance of VIs for
approximating GPP varied with VI (Table 3). EVI had the best
correlation with GPP (R2 ¼0.77), followed by SAVI (R2 ¼0.74)
and ARVI (R2 ¼0.73). EVI had the highest performance, most
likely because it is able to correct for soil background signals
using the canopy background adjustment (L) while EVI
remains sensitive to canopy variation of grasslands. Thus,
EVI may characterize annual vegetation productivity better
than other VIs in the northern China grasslands (Fig. 3).

Cross-Validation of EVI-Based GPP Estimation
We used cross-validation to validate the VIs-based GPP models.
For simplicity, we evaluated the performance of the GPP model
based only on EVI, the best predictor of GPP. We developed the
EVI-derived GPP model for each site. The performance of the
model varied with site and year. Modeled GPP (GPPmod)
exhibited strong correlations with observed GPP (GPPobs): R2
varied between 0.55 and 0.95, and the RMSE ranged from 0.75

Du2
2006

HaM

Xil1
2006

2002

2003

Average (SD)

to 2.12 g C  m2  d1 for GPP estimation by withholding sites
(Fig. 4a). The time series of GPPmod and GPPobs of each site
showed that GPPmod captured the variations in seasonal
GPPobs (Fig. 4b) generally well. Our cross-validation demonstrated that the EVI-based GPP model could estimate GPP
fairly well.

Relationships Between GPP and VIs in Different Seasons
EVI could not capture the variation of lower GPP in spring well
(Fig. 4b). Seasonal change was thus considered as a factor
influencing the relationship between GPP and VIs. Table 4
provides the R2 values for the relationships between GPP and
VIs in spring (April–May) and summer (June–August),helping
one examine seasonal influence on the relationships between
VIs and GPP.
Most VIs had strong correlations with GPP (average
R2 . 0.60) during spring (Table 4a). We found the R2 for SAVI
and GPP was slightly higher than that for other VIs, including

Figure 3. Linear regression between annual GPP and VIs at the five sites. GPP indicates gross primary productivity; VIs, vegetation indices.
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Figure 4. Cross-validation of the EVI-based GPP model: a, Linear fit between EVI-derived GPP (GPPmod) and observed GPP (GPPobs), b, time series of
GPPmod and GPPobs for the five sites. EVI indicates enhanced vegetation index; GPP, gross primary productivity.

EVI. During summer, the average R2 of the five sites was over
0.46 for each index, and EVI exhibited better correlation with
GPP than other VIs (Table 4b).

Comparison of the Relationships of GPP and VIs During
Drought and Nondrought Years
Among the five sites, the HaM site suffered from a drought
from July to September in 2002. Figure 5 illustrated the
dynamics of GPP, VIs, and precipitation in drought (2002) and

nondrought (2003) years at the HaM site. The total precipitation from July to September in 2002 was 224 mm, 45.8%
lower than that of 2003 for the same period (413 mm), and the
mean air temperature for this period in 2002 (1.28C) was also
higher than that of 2003 (1.78C). We selected four VIs (NDVI,
EVI, ARVI, and SAVI) for investigating the influence of drought
on the relationship between GPP and VIs because these VIs had
higher correlations with GPP than did other indices (Tables 3
and 4).

Table 4. R2 between gross primary productivity (GPP) and vegetation indices (VIs) during (a) spring and (b) summer at the five sites.
Xfs
2004

2006

Xil1
2006

Xil2
2006

Du2
2006

HaM
2002

2003

Average (SD)

(a) Spring
EVI

0.23

0.26

0.98

0.84

0.66

0.92

0.97

0.69 (0.32)

NDVI

0.14

0.18

0.90

0.90

0.62

0.90

0.95

0.66 (0.36)

SAVI

0.23

0.25

0.96

0.92

0.66

0.91

0.97

0.70 (0.33)

ARVI
NDGI

0.14
0.21

0.19
0.21

0.96
0.92

0.86
0.66

0.60
0.57

0.91
0.92

0.95
0.97

0.66 (0.36)
0.64 (0.33)

RVI

0.14

0.19

0.89

0.91

0.50

0.90

0.95

0.64 (0.36)

RSR1

0.05

0.11

0.80

0.79

0.53

0.90

0.95

0.60 (0.37)

RSR2

0.10

0.14

0.88

0.91

0.49

0.91

0.95

0.62 (0.38)

RSR3

0.14

0.19

0.89

0.91

0.50

0.90

0.95

0.64 (0.36)

(b) Summer
EVI

0.75

0.28

0.49

0.63

0.87

0.78

0.75

0.65 (0.2)

NDVI
SAVI

0.65
0.74

0.35
0.27

0.54
0.50

0.45
0.61

0.84
0.86

0.23
0.56

0.14
0.43

0.46 (0.24)
0.57 (0.2)

ARVI

0.66

0.39

0.53

0.46

0.85

0.47

0.32

0.53 (0.18)

NDGI

0.73

0.44

0.58

0.55

0.89

0.71

0.46

0.62 (0.16)

RVI

0.61

0.38

0.54

0.38

0.89

0.43

0.23

0.49 (0.21)

RSR1

0.60

0.39

0.52

0.33

0.88

0.42

0.22

0.48 (0.22)

RSR2

0.59

0.40

0.55

0.37

0.89

0.43

0.01

0.46 (0.27)

RSR3

0.61

0.38

0.54

0.38

0.89

0.43

0.01

0.46 (0.27)
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Figure 5. Dynamics of GPP, VIs, and precipitation in 2002 and 2003 at the alpine meadow of HaM site. GPP indicates gross primary productivity; VIs,
vegetation indices.

GPP exhibited large seasonal variations in 2003 (nondrought year), with the maximum value in mid-August
followed by a rapid decline until the end of the growing
period. However, in 2002 (drought year), GPP recovered
rapidly after each high-intensity rainfall event and reached its
maximum by the end of July. The variations of GPP in 2002
showed large temporal fluctuations in vegetation photosynthetic capacity at the beginning of the growing season and
then gradually declined in the middle of the drought period.
By the end of September, daily GPP was close to 0 g
C  m2  d1 in the drought year, but it was still ~ 1 g
C  m2  d1 in the wet year. Similarly, VIs were higher in the
nondrought year than in the drought year, indicating that
drought contributed to the early senescence in 2002. Overall,
VIs and GPP were generally consistent throughout the
drought and nondrought years, but they were more consistent
over time in the drought year than in the nondrought year.

DISCUSSION
Performance of VIs for Approximating GPP
Overall, all VIs exhibited significant relationships with GPP
at the annual scale for all five grassland sites. Our results
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showed that VIs can be used to directly approximate GPP
(e.g., Sims et al. 2006) or to estimate GPP in modeling
approaches (e.g., Potter et al. 1993; Xiao et al. 2004). The
moderate relationships between several VIs (e.g., EVI, SAVI,
and ARVI) and GPP, however, also showed that these VIs can
explain only a limited portion of the variance of GPP, and
additional explanatory variables (e.g., temperature, precipitation, and solar radiation) or modeling approaches should be
used for accurate estimation of GPP.
The GPP and VIs generally increased from Xfs, Xil2, Xil1,
to Du2 and to HaM, that is, from north to south. Grass
density also declined from north to south. The increase in the
correlation between most VIs and GPP from north to south
indicated a better correlation between GPP and VIs in higher
coverage areas of south. This is partly because the vegetation
in lower latitude grows more steadily with higher precipitation, leading to a better correlation of 8-d satellite-derived
VIs to flux tower GPP. Moreover, and perhaps more
importantly, most VIs are sensitive to soil background, and
the signals for vegetation are generally weak in sparsely
vegetated areas, leading to weaker relationships between VIs
and GPP.
Our comparison of the nine VIs showed that, overall, EVI
had the best correlation with GPP for grassland sites in
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northern China. The GPP estimated from EVI using a simple
linear model could capture most interannual variations of
observed GPP. Although the linear model could not estimate
GPP well during seasons with low GPP and failed to respond
rapidly to abrupt changes in GPP, EVI provides an effective
method for estimation of GPP, especially in grassland areas
with higher vegetation cover. The large discrepancies in areas
with low vegetation cover were caused mainly by the weak
signal of vegetation in the sparsely vegetated areas. The
performance of the models was also complicated by the
heterogeneity of the landscape surrounding the flux tower.
The scaling of measurements from the flux tower to the 1-km
MODIS grid cell could lead to biases in GPP due to the scale
mismatch (Hashimoto et al. 2012).
There were larger differences between observed and
estimated GPP at Xil2 than that at Xil1 during the growing
season in 2006. The Xil1 site had been fenced and excluded
from grazing since 1999. Although the degraded steppe site,
Xil2, had been fenced since May 2005, it still was mowed
every year in August, reducing the grassland productivity
(Shao et al. 2012). Intense human activities also have the
effects on the Xil2 grassland that can last for years, leading to
the severe degradation and desertification, and this could be
the reason for the larger disturbance of observed GPP in Xil2
than that in Xil1. Overall, our results indicate that EVI could
act as a good predictor for GPP estimation in the grasslands
of northern China.

Seasonal Influence on the Relationships Between VIs and GPP
In northern China, the grasslands start their growth in the
spring, reach their peak in the summer (July and August), and
approach senescence in the fall (Kato et al. 2004; Chen et al.
2009). The density of vegetation tends to be lower in the
initial stage of growth (spring). Such sparseness of vegetation
can lead to unavoidable soil noise in vegetation information
extracted from satellite data (Huete 1988). Unlike other VIs,
SAVI can describe dynamic soil–vegetation systems from
remotely sensed data by using the soil brightness correction
factor (L) to minimize soil noise from spectral vegetation
indices (Huete 1988). Thus, SAVI provides more accurate
GPP estimates under the sparse vegetation conditions during
spring than do other VIs, including EVI.
During the summer, vegetation coverage is higher at the
HaM site than at other sites due to climate conditions (e.g.,
higher rainfall) and grassland types. EVI was designed to
remain sensitive to canopy variation in areas with high
canopy cover where NDVI tends to saturate (Huete and Liu
1994). Therefore, EVI correlated better with GPP than did
other VIs in summer, particularly in high-density areas. Our
results are consistent with previous studies (Xiao et al. 2004;
Huete et al. 2008; Sjöström et al. 2009) indicating that,
overall, EVI is a better indicator than other VIs for GPP
estimation.
Our results showed that SAVI exhibited the best correlation
with GPP in spring, when the grassland canopy was sparse;
conversely, EVI exhibited the best correlation with GPP in
summer, when grassland coverage was dense. Moreover, in
the grasslands of northern China, GPP and VIs were better
correlated in spring than in summer. Grasslands grow slowly
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in spring; thus, VIs are able to monitor changes in vegetation
cover, even for 8-d intervals. In contrast, in summer, plants
grow faster and are affected more extensively by climate,
resulting in the loss of the synchronization of VIs derived
from remote sensing data.

Drought Effects on Relationships Between VIs and GPP
For the grasslands in northern China, GPP is strongly
influenced by precipitation. The drought-suppressed GPP
can recover rapidly after a high-intensity rainfall event (Sala
and Lauenroth 1982), leading to large seasonal fluctuations
in GPP. Both GPP and VIs were higher in 2003 than in 2002
at the HaM site, indicating that drought in 2002 suppressed
plant growth. The drought also contributed to the early
senescence in the drought year.
The variations in GPP and VIs were generally consistent
throughout the drought and nondrought years at the HaM
site. In spring, GPP and the VIs exhibited similar correlations
for 2002 and 2003. In summer, GPP and VIs also exhibited
similar correlations for 2002 and 2003, although the
relationship for 2002 was slightly strongly than that for
2003. Drought suppressed vegetation growth and narrowed
the range of GPP and thus likely led to the slightly higher
capability of VIs for capturing the 8-d GPP variations.

IMPLICATIONS
We compared the performance of nine VIs for approximating
GPP using MODIS and flux tower data for five grassland sites
in northern China. Our results showed that these VIs were
generally good predictors of GPP. Although VIs did not
always capture abrupt fluctuations of GPP well, they were
generally consistent with GPP during the growing season,
even in the drought year. Overall, EVI was the best indicator
of GPP in the grasslands of northern China. Our results also
showed that VIs and GPP exhibited different relationships for
different vegetation growth stages. SAVI exhibited the best
correlation with GPP in spring, when the grassland canopy
was sparse. Conversely, EVI exhibited the best correlation
with GPP in summer, when the grassland cover was dense.
Our results provide useful insight on the selection of VIs for
the approximation of GPP and the development of GPP
models.

ACKNOWLEDGMENTS
This research was funded by the Director Innovation Foundation of
CEODE, CAS (grant Y2ZZ19101B), and the National Natural Science
Foundation of China (grant 41271372). J. Xiao was partly supported by
the National Science Foundation through MacroSystems Biology (award
1065777). We thank the anonymous reviewers and the associate editor
for constructive comments on the manuscript.

LITERATURE CITED
BAI, Y., J. WU, Q. XING, Q. PAN, J. HUANG, D. YANG, AND X. HAN. 2008. Primary production
and rain use efficiency across a precipitation gradient on the Mongolia plateau.
Ecology 89:2140–2153.

Rangeland Ecology & Management

BALDOCCHI, D., E. FAGLE, L. H. GU, R. OLSON, D. HOLLINGER, S. RUNNING, P. ANTHONI, C.
BERNHOFER, K. DAVIS, R. EVANS, J. FUENTES, A. GOLDSTEIN, G. KATUL, B. LAW, X. LEE, Y.
MALHI, T. MEYER, W. MUNGER, W. OECHEL, K. T. PAW U, K. PILEGAARD, H. P. SCHMID, R.
VALENTINI, S. VERMA, T. VESALA, K. WILSON, AND S. WOFSY. 2001. Fluxnet: a new tool to
study the temporal and spatial variability of ecosystem-scale carbon dioxide,
water vapor, and energy flux densities. Bulletin of the American Meteorological
Society 82:2415–2434.
BANNARIA, A., D. MORINA, F. BONNA, AND A. R. HUETE. 1995. A review of vegetation
indices. Remote Sensing Reviews 13. doi:10.1080/02757259509532298
BROWN, L., J. M. CHEN, S. G. LEBLANC, AND J. CIHLAR. 2000. A shortwave infrared
modification to the simple ratio for LAI retrieval in boreal forests: an image and
model analysis. Remote Sensing of Environment 71:16–25.
CHAMARD, P., M. F. COUREL, M. DOCOUSSO, M. C. GUÉNÉGOU, J. LE RHUN, J. E. LEVASSEUR, C.
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