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The Three-River Headwaters (TRH) region is covered dominantly with alpine meadow, a large part of which is
confronting severe degradation as a result of climate change and human-induced influences. The estimation of
net primary productivity (NPP) is essential to provide support for scientific management of TRH grassland re-
sources to prevent further degradation. The classification indices-basedmodel (CIM) has been applied in the es-
timation of NPP and its response to global warming because of its simple structure and easily obtained indices.
However, CIM is considered to estimate the potential NPP rather than the actual value. Thus, its application
has been restricted. In this study, the normalized difference vegetation index (NDVI) was applied to modify
the CIM. Then, CIM and modified CIM were compared with the other three models. The assessment of NPP esti-
mates indicated that the modified CIM had a fair performance among the NPP models (R2 = 0.42, RMSE =
178.08). All theNPP estimationmodels revealed that NPP increased from the northwest to the southeast. Accord-
ing to themodified CIM, themean NPP of TRH grasslandwas 135.44 gC·m−2·yr−1 and the total NPP was 3.22 ×
1013 gC·yr−1. Among the classes of the grassland of TRH in the comprehensive and sequential classification sys-
tem (CSCS), the frigid perhumid rain tundra and alpinemeadow occupied most of the grassland NPP, which was
3.06× 1013 gC·yr−1.With the help of theNDVI, themodifiedCIMperformed better than the CIM; however, there
is still much room for the improvement of CIM in future research.
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Introduction

The Three-River Headwaters (TRH) region is the source of the Yangtze
River, Yellow River (Huang River), and Lantsang (Mekong) River. This re-
gion provides 25% of thewater volume of the Yangtze River, 49% of the Yel-
low River, and 15% of the Lantsang River (Mao et al., 2012). Therefore, it is
considered “the Water Tower of China.” The alpine meadow occupies
65.37% of the TRH’s total area (Liu et al., 2008). Due to global warming
and human-induced disturbance, TRH faces severe grassland degradation.
Fan et al. (2010) reported that 26−46% of the grassland in TRH has been
significantly degraded, and Liu et al. (2008) also indicated that the area of
moderately and severely degraded grassland had reached 1.2 × 107 ha, ac-
counting for 58% of the available grassland area. Furthermore, Yu et al.
(2010) reported that the average aboveground biomass decreased from 3
605.25 kg·ha−1 in the 1980s to 2 954.44 kg·ha−1 in 2005. Yield per unit
area declined by 30−50%, high-quality forage decreased by 20−30%, poi-
sonous weeds increased by 70−80%, grassland vegetation coverage de-
creased by 15−25%, and height of forage decreased by 30−50%,
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compared with the 1950s. TRH is the most important area for livestock
grazing in Qinghai Province, especially for the Tibetan sheep and yak
(Wang et al., 2009b). Since the degradation of grassland has threatened
livestock grazing and the security of the grassland ecosystem, the Chinese
government took an unprecedented conservation action, the Ecological
Protection and Restoration Program (EPRP), to monitor and estimate im-
pact levels in the TRH region (Wang et al., 2010). EPRP has conserved and
rehabilitated the TRHecosystembyecologicalmigration, grazingbans,wet-
land protection, and restoration of degraded grassland since 2005.

Net Primary Productivity (NPP) is originally defined as the amount
of photosynthetically fixed carbon available to the first heterotrophic
level in an ecosystem (Field et al., 1998). It is a crucial indicator to eval-
uate the health and ecological balance of an ecosystem (Gao et al., 2009)
and characterize the carbon cycle of grassland ecosystems (Yeganeh et
al., 2012). As the base years of EPRP, the NPP estimation in the year of
2005 and 2006 is a step toward formulating management strategy and
requires continued monitoring. Given the harsh environmental condi-
tions, it is often difficult to obtain the observed NPP at TRH; therefore,
NPP estimation by models is more practical. Referring to the former
studies (Ruimy et al., 1994; Lin, 2009; Li et al., 2013; Tang et al., 2014;
Sun et al., 2017), NPP estimation models can be broadly classified into
three types: statistical models (e.g., MIAMI, CIM) (Lieth, 1973; Lin,
2009); light-use efficiency models (e.g., CASA, GLO-PEM) (Potter et al.,
erved.
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1993; Prince and Goward, 1995); and ecophysiological process-based
models (e.g., TEM, BIOME-BGC) (Running and Hunt, 1993; Zhuang et
al., 2003). Light-use efficiency models can be driven by remote sensing
data, making them capable of predicting NPP at a large scale. Several for-
mer studies have applied the Carnegie-Ames-Stanford Approach (CASA)
in the spatial and temporal distribution of NPP (Piao et al., 2006; Tang
et al., 2014; Zhang et al., 2014). Fan et al. (2010) applied the Global Pro-
ductionEfficiencyModel (GLO-PEM) in thequantification of the contribu-
tion of climate change and grazing onNPP variation. Among these studies,
some crucial parameters, such as the moisture stress coefficient in CASA,
weremodified due to the difficulties in data acquisition (Chen et al., 2012;
Gao et al., 2013; Tang et al., 2014). The ecophysiological process-based
models are often driven by three types of datasets, which are site-specific
data, ecophysiological data, and other data, such as meteorological and
soil temperature data (Sun et al., 2017). NPP estimations with these
types of models often gain satisfactory accuracy (Zhuang et al., 2010; Ye
et al., 2013). However, themodel structure is complex. In addition, multi-
ple parameters are required to be calibratedwith site-specific data, which
is time-consuming and costly. The statistical models can be applied to es-
timate not only the current NPP but also the NPP under future climate
change scenarios, and its variables are easy to obtain. However, the accu-
racy may not be as good as the other two types, and these statistical
models lack interpretation on the ecophysiological process of vegetation.
There is a trade-off among the data acquisition, complexity, and perfor-
mances of NPP models. So far, none of the reported NPP models can be
perfectly applied anywhere. Therefore, full consideration should be
given to the characteristics of a study area, the data acquisition, and the
spatial and temporal scale. Considering the data scarcity at TRH, models
with a simple structure and easily obtained indices are preferable. There-
fore, among the three types of NPP models, the statistical models are still
competitive. To our best knowledge, the classification indices-based
model (CIM) is the only NPP model laying its foundation on a classifica-
tion system, which is the comprehensive sequential classification system
(CSCS) (Ren et al., 2008; Lin, 2009). The NPP predictions by the CIM at
various spatial scales in former studies have shown satisfactory results
(Lin et al., 2012, 2013; Lin and Zhang, 2013; Li et al., 2014b). However,
CIM is only driven by meteorological data, which makes it considered
for predicting the potential NPP rather than the actual NPP (Yang et al.,
2016). Since the defect of predicting potential NPP restricts the applica-
tion of CIM, we seek to find amodification index capable of predicting ac-
tual NPP of grasslands. The normalized difference vegetation index
(NDVI) is reported to reflect the coverage and intensity of photosynthesis.
The NDVI has also been applied to estimate NPP directly or indirectly
(Potter et al., 1993; Fang et al., 2003; Buono et al., 2010; An et al., 2013).
Therefore, in this study NDVI was applied to modify CIM. The objectives
of this study were to 1) modify CIM to estimate the grassland NPP at
TRH and 2) evaluate the estimates of NPP generated fromvariousmodels.

Materials and Methods

Study Area

The TRH region is located in the southern Qinghai Province, China,
between 31°36'N−36°16'N and 89°24'E−102°15'E. It covers an area
of 363,000 km2, which is 50.3% of the total area of Qinghai Province
(Fan et al., 2010). The altitude ranges from 2 800 m to 6 564 m, and
the average altitude is 4 585 m with the majority area being in the
range of 4 000 m−5 800 m. TRH has a plateau continental climate.
The population is 55 720, most of whom are of Tibetan origin and rely
on traditional agricultural practices (Fan et al., 2010).

Data Collection

NPP Observations
The biomass samples were collected from the surveys conducted by

the National Animal Husbandry and Veterinary Service of the Ministry
of Agriculture of the People’s Republic of China in July and August of
2005 and 2006, approximately the time of peak biomass production.
The sampling sites were randomly selected considering altitude, slope,
vegetation coverage, dominant vegetation species, and grassland
types. At each site the vegetation was harvested at the ground surface
using the quadrat method in a 1 m × 1 m plot (Ren, 1998). Overall, a
total of 450 samples were collected, compiled, and analyzed (Fig. 1).
The biomass of collected samples varied from 10 g·m−2 to 561.33
g·m−2, and the average was 136.37 g·m−2. It was converted to above-
ground NPP using a conversion factor of 0.45 (Gill et al., 2002; Ji et al.,
2016) according to the standard methods (Long et al., 1989; Scurlock
et al., 2002; Lin et al., 2012) and then converted to the total NPP accord-
ing to the root-shoot ratio (Piao et al., 2004). A total of 314 samples
(70%) were randomly selected as the calibration dataset for the modifi-
cation of CIM. The remaining samples constituted the validation dataset
and were implemented in the assessments of modified CIM and other
NPP estimates.

Climate Data
The daily precipitation, daily maximum, and minimum temperature

in 2005 and 2006 of 72 meteorological stations in the TRH and its sur-
rounding areawere obtained from the ChinaMeteorological Data Sharing
Service System. The meteorological records were organized by monthly
average precipitation, total annual precipitation (TAP), monthly average
temperature, mean annual temperature (MAT), and annual cumulative
temperature above 0°C (ACT). All the climate data were interpolated by
ANUSPLIN (version 4.3, Centre for Research in Engineering Science, Aus-
tralian National University, Canberra) (McKenney et al., 2006). ANUSPLIN
was developed on the theory of partial thin-plate smoothing splines,
which allows the assistance of ancillary variables in the interpolation
and improves the performance of interpolation (McKenney et al., 2006).
In this study, the aspect and elevation were applied as ancillary variables
in the interpolation by ANUSPLIN.

Terrain and Remote Sensing Data
The elevation data were downloaded from the SRTM 90mDigital El-

evation Database (version 4.1) of the Consortium for Spatial Informa-
tion website (CGIAR-CSI, 2006). The aspect was generated from
elevation by ArcGIS 9.3. The Moderate Resolution Imaging
Spectroradiometer (MODIS) images were downloaded from the Land
Process Distributed Active Archive Center of the US Geological Survey
(NASA, 2015). TheMOD09GA of MODIS product provides an estimation
of daily surface reflectance information with a spatial resolution of 500
m. The monthly NDVI was derived from the MOD13A3 with a spatial
resolution of 1 km. The annual NDVI was calculated via the maxi-
mum-value composite procedure. The MOD15A2 provides the fraction
of photosynthetically active radiation (FPAR) with an 8-d interval and
1-kmspatial resolution. TheMOD17 product is thefirst annually contin-
uous satellite-driven dataset monitoring global vegetation productivity
at 1-kmspatial resolution (Zhao et al., 2006). TheMODIS images of 2005
and 2006 mentioned earlier were compiled.

Legacy Data
Three base maps were compiled in this study. The grassland class

map (Fig. 2) and the county-level administrative divisions of Qinghai
Province were provided by the State Key Laboratory of Grassland
Agro-ecosystems, College of Pastoral Agriculture Science and Technol-
ogy, Lanzhou University. The land use types of TRH in 2005 were pro-
vided by the Data Center for Resources and Environmental Sciences,
Chinese Academy of Sciences.

NPP Models

MIAMI Model
TheMIAMImodel (Lieth, 1973; Zaks et al., 2007) was one of the first

statistical models on the global scale for NPP prediction. It is usually



Figure 1. Locations of net primary productivity observations (black dots).
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employed as the baseline for model comparison in NPP estimation
(Cramer et al., 1999). Established in the 1970s, it usesmean annual tem-
perature and total annual precipitation separately in two functions. The
estimated NPP is theminimum value of the two functions. NPP is calcu-
lated by Equations [1−3].

NPPM ¼ min NPPt;NPPp
� �

½1�

with

NPPt ¼ 3000= 1þ e1:315−0:1196t
� �

½2�

NPPp ¼ 3000 1−e−0:000664p
� �

½3�

where NPPM is the NPP estimated by the MIAMI model, NPPt is the NPP
estimated by the MAT, and t is the MAT (°C). NPPp is the NPP estimated
by the TAP, and p is TAP (mm).

CASA
CASA is one of the most well-known light use efficiency models

(Potter et al., 1993; Field et al., 1995). It is driven by remote-sensing-
based data and climate data (Equations [4] to [8]).

NPPC ¼ IPAR� ε ½4�

where NPPc is the NPP estimated by CASA, IPAR is the intercepted pho-
tosynthetically active radiation, and ε is the light utilization efficiency.
IPAR (MJ) is given by

IPAR ¼ SOL � FPAR� 0:5 ½5�

and ε (gC MJ−1 PAR) is calculated by

ε ¼ Tε1 � Tε2 �Wε � ε� ½6�
where SOL (MJ·mo−1) is the total solar radiation. FPAR is the fraction of
the incoming photosynthetically active radiation (PAR, MJ·mo−1)
intercepted by green vegetation, and the factor 0.5 accounts for the
fact that approximately half of the incoming solar radiation is in the
PAR waveband. FPAR can be derived from MOD15A2. Tε1 and Tε2 are
temperature stress factors, Wε is the water stress factor, and ε⁎ is the
maximum possible efficiency (gC·MJ−1·PAR). Wε is initially calculated
by estimated evapotranspiration and potential evapotranspiration
(Potter et al., 1993). Limited by the data acquisition in the TRH, a mod-
ified calculation of Wε by the Land SurfaceWater Index (LSWI) (Xiao et
al., 2004; Wang et al., 2011; Bao et al., 2016) was adopted in this study.
Wε and LSWI are given by the Equations [7] and [8].

Wε ¼
1þ LSWI

1þ LSWImax
½7�

LSWI ¼ ρnir−ρswir

ρnir−ρswir
½8�

where LSWI stands for the land surface water index and LSWImax repre-
sents themaximum annual LSWI. ρnir and ρswir stand for the near-infra-
red band and the shortwave infrared band, respectively, corresponding
to band 2 and band 6 of MOD09GA.

MOD17A3
MOD17A3 is a MODIS product, which can be applied for a regular

global estimate of gross primary productivity (GPP) and NPP of the en-
tire terrestrial earth surface at 1-km spatial resolution (Running et al.,
2000; Thornton et al., 2002; Heinsch et al., 2003). It has been used in
the evaluation of NPP, global change, etc. (Fensholt et al., 2006; Zomer
et al., 2008; Huang et al., 2014).The GPP of MOD17A3 is calculated on
the basis of the light efficiency algorithm (Heinsch et al., 2003), and
the photosynthetically active radiation (PAR) conversion efficiency is
computed by the BIOME-BGC model (Running and Hunt, 1993). NPP

Image of Figure 1


Figure 2.Grassland types of Three-River Headwaters according to the comprehensive and sequential classification system, overlappedwith the landuse types in 2005.White areas are not
covered by grassland.

Figure 3. Distribution of net primary productivity observations and the corresponding
normalized difference vegetation index. The solid black line stands for the fitted linear
regression line.
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is the difference of GPP, maintenance, and growth respiration. The logic
to calculate NPP in MOD17A3 is shown in Equations [9−12], and the
detailed description of the algorithm to develop MOD17A3 is given by
Heinsch et al. (2003).

NPP ¼ GPP–MR–GR ½9�

where MR represents the maintenance respiration of livewood and GR
represents the growth respiration of deadwood, leaf, and fine root.

GPP ¼ ε � APAR ½10�

where APAR is the absorbed PAR and ε is the PAR conversion efficiency.

APAR ¼ IPAR � FPAR ½11�

where IPAR is the PAR incident on the vegetative surface and FPAR is the
fraction of incident PAR absorbed by the surface.

ε ¼ εmaxTMINscalar � VPDscalar ½12�

whereVPD is the daylight average vapor pressure deficit and TMIN is the
daily minimum temperature at which ε = 0 (at any VPD). TMINscalar

and VPDscalar are attenuation scalars of TMIN and VPD. εmax is the max-
imum of conversion efficiency.

CIM
Referring to the theory of CSCS, Lin (2009) replaced the biological

temperature in the synthesized model (Zhang et al., 1996; Zhou and
Zhang, 1996) with ACT to calculate radiative dryness index and pro-
posed the CIM. CIM adopted the same indices as the “class” of CSCS,
which were ACT and the moisture index. It was validated to be reliable
and accurate at regional and global scales (Lin et al., 2012; Li et al.,
2014a, b). NPP is calculated by the Equations [13−15].

NPPL ¼ L2 Kð Þ � 0:1� Σθ� ½K6 þ L Kð ÞK3 þ L2 Kð Þ
K6 þ L2 Kð Þ� �� K5 þ L Kð ÞK2

� �
� e−

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
13:55þ3:17K−1−0:16K−2þ0:0032K−3

p
½13�

with

L Kð Þ ¼ 0:58802K3 þ 0:50698K2−0:0257081Kþ 0:0005163874 ½14�
K ¼ r
0:1Σθ

½15�

where NPPL is the estimated NPP by CIM. Σθ is the annual cumulative
temperature above 0°C, and r is the mean annual precipitation (mm).
K is the moisture index.

Former studies have reported the saturation of NDVI happens when
vegetation coverage is dense (Huete et al., 1997). When NDVI is satu-
rated, the correlation betweenNDVI and vegetation productivity is non-
linear and NDVI is not sensitive to the variation of some vegetation
features, such as vegetation productivity, leaf area index, and plant func-
tional types (Luo et al., 2004; Jin et al., 2013; Cai et al., 2014). The satu-
ration can happen when NDVI is N 0.78 (Gu et al., 2013) or the leaf area
index is above 2mm−2 (Cao et al., 2017) or 4 mm−2 (Duchemin et al.,
2006). Considering the saturation of NDVI, a piecewise function was
used in CIM modification. The interval of NDVI refers to former studies
and the correlation of NDVI and NPP observations in this study.

Image of Figure 2
Image of Figure 3


Figure 4. Correlation between predicted net primary productivity (NPP) by the modified
classification indices-based model (MCIM) and NPP observations. The solid black line
stands for the fitted linear regression line. The red dashed line is the 1:1 line.
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All estimates of NPP in this study were the average value of the an-
nual NPP in 2005 and 2006. The coefficient of determination (R2) and
root mean square error (RMSE) were employed to assess the NPP
Figure 5. Comparison of net primary productivity estimates byMIAMI, CIM, CASA, andMOD17A
the 1:1 lines.
estimates. RMSE is calculated by Equation [16].

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 yo−ysð Þ2
n

s
½16�

where yo is the observed value and ys is the estimated value.
Results

Modification of CIM

The correlation between NDVI and NPP observations indicates that
they are not linearly correlated when NDVI is N 0.7 (Fig. 3). Thus, we
used 0.7 as the segmentation point of NDVI, and the modified CIM is
expressed as Equation [17]. NPP is underestimated when it is N 500 gC
m−2 yr−1, and the parameter CIM × NDVI can explain 42% of the NPP
variation (Fig. 4).

NPP ¼ 0:5064� CIM � NDVIð Þ1:1506; NDVIb0:7
52:975� CIM � NDVI−150ð Þ0:4314; NDVI≥0:7

(
½17�
3. The solid black lines stand for the fitted linear regression lines. The red dashed lines are

Image of Figure 4
Image of Figure 5


Figure 6. Spatial distributions of grassland net primary productivity (NPP) at Three-River Headwaters estimated by MIAMI (a), classification indices-based model (CIM) (b), Carnegie-
Ames-Stanford Approach (c), MOD17A3 (d), and modified CIM (e). The values are the average NPP of 2005 and 2006. White areas are not covered by grassland.
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Comparison of Estimates of NPP

The modified CIM performed better than CIM (Fig. 5), which indi-
cated that the introduction of NDVI improved the performance of CIM.
The estimated NPP of MIAMI, CIM, CASA, andMOD17A3were validated
with the observed NPP of validation set, and the results indicated that
the MOD17A3 had the highest performance (R2 = 0.50, RMSE =
173.90). Overall, NPP estimates of five models shared a similar spatial
distribution trend, increasing from the northwest to the southeast
(Fig. 6). The NPP derived fromMOD17A3 had the largest range. Regard-
ing themean value, CASA estimated the lowest valuewhile the CIM and
MIAMI models generated higher mean NPP than the others (Table 1).
Table 1
Comparison of estimates by net primary productivity models.

NPP
model

Maximum NPP
(gC·m−2·yr−2)

Minimum NPP
(gC·m−2·yr−2)

Mean NPP
(gC·m−2·yr−2)

Standard
deviation

MIAMI 317.79 153.80 216.88 163.99
CIM 324.69 141.80 219.92 182.89
CASA 134.18 0 65.68 134.18
MOD17A3 345.80 0 105.92 345.80
MCIM 376.42 14.31 120.64 362.11

NPP indicates net primary productivity; CIM, classification indices-based model; CASA,
Carnegie-Ames-Stanford Approach; MCIM, modified classification indices-based model.
Estimate of NPP by Modified CIM

According to the estimated NPP by modified CIM, the grassland NPP
increased from the northwest to the southeast and varied from 0
gC·m−2·yr−1 to 465.73 gC·m−2·yr−1 with a mean NPP of 135.44
gC·m−2·yr−1. 3.22 × 1013 gC·yr−1 was stored by the TRH grassland.
Table 2 presented the NPP of each CSCS class of grassland at TRH. The
class of frigid perhumid rain tundra and alpine meadow dominated
the grassland of TRH (Fig. 6) and therefore had the vast majority of NPP.

Montane meadow steppe is short for cold temperate−subhumid
montanemeadow steppe;meadow steppe is short for cool temperate−
subhumid meadow steppe; tundra, alpine meadow is short for frigid-
humid tundra, alpine meadow; montane meadow is short for cold
temperate−humid montane meadow; rain tundra, alpine meadow is
short for frigid perhumid rain tundra, alpine meadow.

Discussion

Owing to the development of remote sensing techniques, a geo-
graphic information system (GIS), and computer science, the accuracy
of NPP estimation has been improved remarkably. However, there is a
trade-off among data acquisition, complexity of model structure, and
precision of model estimation. Given the credit to the simple structure
and easily obtained indices, statistical models have advantages,

Image of Figure 6


Table 2
Estimates of net primary productivity (NPP) by modified classification indices-based model of comprehensive and sequential classification system classes of Three-River Headwaters
grassland.

NPP model Minimum NPP (gC m−2 yr−1) Maximum NPP (gC m−2 yr−1) Mean NPP (gC m−2 yr−1) Total NPP (×1010 gC yr−1)

Montane meadow steppe 30.31 137.61 63.12 0.16
Meadow steppe 29.06 122.51 60.59 0.28
Tundra, alpine meadow 6.69 40.33 18.70 0.07
Montane meadow 28.97 207.92 91.43 11.71
Rain tundra, alpine meadow 0.00 463.19 129.71 3062.95
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especially in data-poor regions. CIM has been compared with other sta-
tisticalmodels in previous studies (Lin and Zhang, 2013), but to our best
knowledge, few comparisons have been made between CIM and light
use efficiency models or the process-based models. In this study, we
proposed a modification of CIM with NDVI, aiming to estimate the ac-
tual NPP in data-poor regions such as TRH. The comparison among
NPP estimates indicated that the MOD17A3 performed best while the
MIAMI performed worst. Besides, the performance of CIM was en-
hanced by NDVI, even competitive with CASA andMOD17A3. However,
only 42% of NPP variation can be explained by the modified CIM, which
is not satisfactory. We analyzed the correlation between the NPP obser-
vations and NDVI, MAT, and CIM parameters (Table 3). NPP is signifi-
cantly correlated with NDVI and TAP at the 0.01 level and significantly
correlated with MAT at the 0.05 level, although it is not correlated
with ACT and K. NDVI is significantly correlated with other variables
at the 0.01 level except K. More than half (58%) of NPP variation cannot
be explained by parameters ofmodified CIM, andwe think theremay be
two reasons. Firstly, even though the piecewise function has been ap-
plied, the saturation of NDVI may not be sufficiently fixed; thus, CIM ×
NDVI is not sensitive enough to reflect the NPP variation of high-cover-
age grassland. Furthermore, NDVI saturation can cause the underesti-
mation of vegetation productivity (Gu et al., 2013), which may explain
the underestimation when NPP is N 500 gCm−2 yr−1 in this study. Sec-
ondly, other factors need to be explored for a better explanation of NPP
variation. Former studies reported that although RVI (the ratio between
the near infrared reflectance and the visible red reflectance) is not as
sensitive as NDVI when vegetation coverage is sparse, it is sensitive
when vegetation coverage is dense, which is almost opposite with
NDVI (Huete et al., 1997; Gu et al., 2013). Therefore, some studies
have coupled NDVI and RVI to cope with the NDVI saturation problem
(Huete et al., 1997; Gu et al., 2013; Cai et al., 2014; Li et al., 2014a, b). Be-
sides, the enhanced vegetation index (EVI) was developed against the
saturation of NDVI (Huete et al., 1997). Given all that, the CIM model
still has much room for improvement. The application of other parame-
ters to modify CIM requires further analysis in future research.

TAP indicates total annual precipitation; MAP, mean annual precipi-
tation; ACT, annual cumulative temperature above 0°C; K, moisture
index; NDVI, normalized difference vegetation index.

Previous studies have shown the discrepancy of estimated NPP
caused by the algorithmof different NPPmodels, time spans, and spatial
scales. Zhang et al. (2014) used the GLO-PEMmodel and concluded that
the mean NPP of TRH from 2005 to 2012 was 694 kg·ha−1·yr−1

, while
Table 3
Correlations between observed net primary productivity (NPP) and parameters of classi-
fication indices-based model.

Variables NPP TAP MAT ACT K NDVI

NPP 1
TAP 0.3671 1
MAT 0.1162 0.018 1
ACT 0.104 −0.017 0.9611 1
K 0.054 0.4801 −0.8061 −0.8161 1
NDVI 0.5031 0.5951 0.4061 0.3791 −0.106 1

1 Correlation is significant at the 0.01 level (2-tailed).
2 Correlation is significant at the 0.05 level (2-tailed).
Fan et al. (2010) used the samemodel and concluded that themeanNPP
of TRH from 1988 to 2005 was 422.29 kg·dry matter ha−1·yr−1. Ac-
cording to Wang et al. (2009a, b) the mean NPP was 160.90 gC·m−2·
yr−1. Wo et al. (2014) estimated the NPP with CASA and concluded
that the total NPP of TRH in 2010 was 52.15 × 1012 gC·yr−1, compared
with the total NPP of 30.63×1012 gC·yr−1 in this study. Besides, the av-
erage NPP of CASA was 65.93 gC·m−2·yr−1, which was less than the
average NPP reported by Wang et al. (2009a, b) and Wo et al. (2014).
The differences of estimates by CASA can be explained in two ways.
Firstly, the CASA applied in this study was modified because of the lim-
itation of input variables, which can introduce variance to the estimated
NPP. Secondly, it was reported that the grassland of TRH recovered fol-
lowing the implementation of EPRP in 2005 (Fan et al., 2010). Thus, it
was tolerable for the increase of NPP after 2005.

With the help of NDVI, the performance of CIM was greatly im-
proved. In terms of spatial distribution, the estimations by all the
models used indicated that NPP at TRH increased from the northwest
to southeast. The difference of minimum values estimated by different
models was noteworthy. The minimum values of MIAMI and CIM
were N0, while the minimum of other estimates was 0. According to
the functions generating NPP, the estimates are always N0. However,
because NDVI was applied in CIM modification, the estimate can be 0
where NDVI equals 0. Overall, NPP estimation by models in this study
is not satisfactory. The sampling sites are not evenly distributed due to
the limitation of the harsh natural climate condition and poor road ac-
cessibility at TRH. Themodel performances can be limited by spatial res-
olution of remote sensing images. Most of the remote sensing data used
in this study are developed with a 1-km spatial resolution. Therefore,
when we extracted the values from them at sample sites, two different
sites may share the same value. Thus, to improve model performances,
remote sensing data with finer spatial resolution should be used.
Implications

Grassland classes and their distribution patterns correspond to cer-
tain climatic types in a series of mathematical forms. Thus, climate var-
iables can be used to represent grassland classes and their distribution
and vice versa (Ren et al., 2008). In this study, NDVI was applied in
CIM modification to reflect the influences of human activities on NPP.
Considering the saturation of NDVI, a piecewise function was used and
the assessment of NPP estimates showed that NDVI has remarkably im-
proved the performance of CIM. It indicated that for data-scarce regions
it is possible to estimate NPP bymodels with easily obtained data. How-
ever, the modified CIM cannot optimally explain the spatial variation of
NPP, which implies that other parameters and data with finer spatial
resolution need to be supplemented for the further improvement of
CIM. TRH plays an irreplaceable role in water and biological resources
in China and even in Southeast Asia. A robust estimation of NPP contrib-
utes significantly to the understanding of the pattern, process, and dy-
namics of grassland ecosystems of this region and provides basic data
support for the policymaking and policy appraisal at TRH. Furthermore,
the results presented in this study are not only specific to TRHbut, more
importantly, to the given grassland classes according to the CSCS ap-
proach, which can be scaled up from plots to estimate landscape-scale
effects.
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