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Abstract Net primary productivity (NPP) is recognized
as an important index of ecosystem conditions and a key
variable of the terrestrial carbon cycle. It also represents the
comprehensive effects of climate change and anthropo-
genic activity on terrestrial vegetation. In this study, the
temporal-spatial pattern of NPP for the period 2001–2012
was analyzed using a remote sensing-based carbon model
(i.e., the Carnegie-Ames-Stanford Approach, CASA) in
addition to other methods, such as linear trend analysis,
standard deviation, and the Hurst index. Temporally, NPP
showed a significant increasing trend for the arid region of
Northwest China (ARNC), with an annual increase of
2.327 g C. Maximum and minimum productivity values
appeared in July and December, respectively. Spatially, the
NPP was relatively stable in the temperate and warm-
temperate desert regions of Northwest China, while
temporally, it showed an increasing trend. However,
some attention should be given to the northwestern
warm-temperate desert region, where there is severe
continuous degradation and only a slight improvement
trend.

Keywords NPP, CASA model, remote sensing, arid
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1 Introduction

Vegetation net primary productivity (NPP) is defined as the
net accumulation of organic matter through photosynthesis
by green plants per unit of time and space and represents
the net primary source of food energy for Earth’s living
entities, including human beings (Yu et al., 2009). It is
recognized as an important index of ecosystem conditions
and is a key variable for the terrestrial carbon cycle. It also

represents the comprehensive effects on terrestrial vegeta-
tion caused by climate change and anthropogenic activity.
The arid regions of Northwest China (ARNC) are

especially susceptible to environmental degradation and
desertification (Verstraete, 1986; UN, 1994; Eswaran et al.,
2001). Vegetation cover is highly significant in these areas
for protection against wind and aeolian erosion (Calvão
and Palmeirim, 2004). Therefore, the quantification
of biomass and the monitoring of NPP are essential
for identifying and monitoring these high risk areas
(Moleele et al., 2001; Niklaus et al., 2012), predicting
terrestrial carbon cycle trends (Field et al., 1995; Nemani
et al., 2003; Yu et al., 2009), determining the sustainable
use of natural resources, and making policy decisions (Mu
et al., 2013a,c).
It is rather difficult to estimate terrestrial NPP on a large

scale by the direct harvest method. Thus, it is necessary to
use mathematical models calibrated with existing data to
investigate the spatial and temporal variations of NPP (Lin,
2009), some of which include: 1) models that simulate
carbon fluxes using a prescribed vegetation structure, e.g.,
the Biome BioGeochemical Cycles model (BIOME-BGC)
(Running et al., 2004) and CENTURY (Parton et al.,
1993); 2) models that simulate both vegetation structure
and carbon fluxes, e.g., BIOME3 (the third generation
Biogenic Model for Emissions) (Haxeltine and Prentice,
1999), DOLY (Woodward et al., 1995) and HYBRID
(Esser et al., 1999); and 3) models based on satellite
sensors, e.g., the Carnegie Ames Stanford Approach
(CASA) (Potter et al., 2004), the Global Production
Efficiency Model (GLO-PEM) (Prince and Goward,
1995; Cao et al., 2004), the Simple Diagnostic Biosphere
Model (SDBM) (Knorr and Heimann, 1995; Rayner et al.,
2005), the Simple Interactive Biosphere Model (SIB2)
(Sellers et al., 1996) and the Terrestrial Uptake and Release
of Carbon (TURC) model (Ruimy et al., 1996). For
example, Running et al. (2004) used the BIOME-BGC
model to assess global terrestrial primary production by a
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continuous satellite-derived measure. With the develop-
ment of remote sensing techniques, numerous RS-based
models for estimating NPP have been developed in recent
decades to study the dynamics of vegetation productivity at
scales ranging from local to global. A remote sensing-
based carbon model (e.g., the CASA model) uses a light-
use efficiency (ε) factor—which is the efficiency of the
conversion of light energy into dry materials by plants—
to express the effects of air temperature and water stress
(Potter et al., 2003). Compared with process-oriented
ecosystem models that entail a complex combination of
model parameterizations, the CASA model is relatively
simpler and more efficient for exploring dynamic changes
in NPP and their spatiotemporal variations at larger scales.
Moreover, satellite remote sensing provides information
about the integrated response of vegetation canopies to
environmental factors, including those that might other-
wise be neglected in model mechanisms, such as land-use
changes, irrigation, and natural hazards (Malmstrom et al.,
1997; Hicke et al., 2002a). The CASA model has been
successfully implemented by several researchers to
simulate NPP over North America, South America,
Eurasia, Australia, and Africa at a range of spatial and
temporal scales (Field et al., 1995; Hicke et al., 2002b;
Piao et al., 2006; Tang et al., 2014). Based on the CASA
model, many studies have been conducted to estimate the
distribution of terrestrial NPP in mainland China (Fang et
al., 2003; Piao et al., 2005; Pei et al., 2013). Chen et al.
(2011) investigated the spatial-temporal changes of NPP in
China from 1981 to 2008, and Pei et al. (2013) assessed the
impacts of drought on NPP in China from 2001 through
2010. Some studies have been carried out at relatively
smaller scales, such as in Northeast China, the Tibetan
Plateau, and the Heihe River Basin. Others have been
performed on single ecological systems, especially grass-
land, forest, and wetland ecosystems. Comparatively fewer
long-term research studies have been carried out in the arid
region of Northwest China (ARNC) using the CASA
model.
Many ecosystems in the ARNC are deteriorating. We

draw attention to the ARNC because it accounts for one
quarter of the total land area of China, encompassing a
wide range of varied ecosystems and climates, and
providing significant potential for biological carbon
sequestration or harvesting (Piao et al., 2009). The
ARNC also plays a key role in determining the carbon
budget at regional scales. Furthermore, the area is
characterized as arid or semiarid and poses major
ecological challenges due to land degradation and
desertification. Extensive changes in land use and land
cover have occurred since the late 1970s, leading to large
variations in China’s terrestrial ecosystem production
capacity (Liu et al., 2003; Piao et al., 2010). Therefore, a
thorough examination of the spatiotemporal patterns of the
ARNC will advance our understanding of regional carbon
budgets in a changing environment and will consequently

help forecast the potential biosphere feedback to natural
and anthropogenic changes in the climate system. In
addition, it could predict where and when environmental
degradation and desertification will occur in the future.
In this study, we use the CASA model to estimate the

terrestrial NPP in the ARNC from 2001 to 2012. Two
improvements have been made to the CASA model: 1) the
lapse rate and the ordinary Kriging method were combined
to simulate temperature, and 2) the sunshine percentage
and astronomical radiation were used to fit total solar
radiation. In addition, the slope, standard deviation and
Hurst methods were used to reveal the spatial and temporal
changes of NPP. The slope of the regression method can
detect and analyze the temporal tendency of each grid in
the long time series. The standard deviation method can
reflect the fluctuation. Moreover, the Hurst index can
evaluate the persistence or non-persistence of a time series
of the NPP. In the end, validations were made to the
estimated NPP. The annual mean NPP was first compared
to the observations at 40 sites downloaded from the ORNL
DAAC (Oak Ridge National Laboratory Distributed
Active Archive Center). Results showed that the annual
mean NPP was in contrast to the annual Moderate
Resolution Imaging Spectroradiometer (MODIS) NPP,
with a spatial resolution of 1 km� 1 km using the BIOME-
BGC model. Therefore, the main objectives of this study
were to: 1) characterize temporal-spatial variations in the
ARNC from 2001–2012; 2) improve the CASA model by
modifying the climate, vegetation, and plant physio-
ecological parameters; 3) explore the temporal and spatial
variation of NPP in different natural geographical regions;
and 4) provide scientific reference for the restoration and
reconstruction of the ecological environment in Northwest
China.

2 The study area

The ARNC lies between 70°01′–121°09′E and 36°16′–
46°25′N, covering approximately 2.46 million km2 and is
divided based on the natural geographic division of China
by Zhao (1983). The Tianshan, Kunlun, Aljin, Qilian, and
Great Khingan mountain ranges are successively distrib-
uted from west to east (Fig. 1). The climate is typical of
inner-continental land masses, with a wide temperature
range, low precipitation, and low humidity. It is dominated
by continental arid conditions with lesser effects from the
East Asian Monsoon (Liu et al., 2010). Precipitation shows
an irregular distribution among the different regions.
Annual precipitation typically ranges between 100 and
400 mm per year from west to east. The rivers of the ARNC
are mostly continental. Runoff frommountainous regions is
the primary water resource, and the recharge sources are
from rainwater and melt-water. Ecologically, the primary
ecosystems in the ARNC are, from east to west, forest
steppe, typical steppe, desert steppe, and desert.
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3 Data and methods

3.1 Data

Considering the long east-west extension of the research
area, high-resolution satellite data are obviously unsuitable
for a large-scale macroscopic study, while low-continuity
and low temporal-resolution image processing could
introduce errors. The MODIS NDVI (Normalized Differ-
ence Vegetation Index) data, however, are continually
assessed and validated, providing robust large-scale
observations of surface vegetation conditions. MODIS
NDVI data with a spatial resolution of 1 km�1 km and a
temporal resolution of 16 days, derived from the Atmo-
sphere Archive and Distribution System (LAADS) (http://
ladsweb.nascom.nasa.gov/data/order.html) from 2001 to
2012, were used in this study for running the CASAmodel.
These data were re-projected to an Albers equal area
projection and WGS84 datum using the MODIS re-
projection tool (MRT). Meteorological data, including
daily average temperature, daily total precipitation, and
daily total radiation for the same period, were obtained
from the Chinese Meteorological Data Sharing Service
System (http://cdc.cma.gov.cn/home.do). Meteorological
data were collected from 314 national meteorological
stations and 48 radiation stations built in the ARNC and its
surrounding area. In addition, a digital elevation model
(DEM) with a grid resolution of 1 km�1 km was supplied
by the United States Geological Survey (USGS) and
downloaded from the URL http://glovis.usgs.gov/.

3.2 Methods

3.2.1 CASA model

The CASA model is a light-use efficiency-based NPP
model, in which NPP is the product of two major driving
parameters: absorbed photosynthetically active radiation

(APAR, MJ$m–2) and light-use efficiency (ε, g C$MJ–1).
The basic principle of the model can be described by the
following formula (Yu et al., 2011):

NPPðx,tÞ ¼ APARðx,tÞ � εðx,tÞ, (1)

where x is the spatial location (the pixel number) and t is
the time. APAR(x, t)(g C$m–2$month–1) represents the
photosynthetically active radiation absorbed by pixel x
over time t, while ε(x, t) represents the actual light-use
efficiency (g C$MJ–1) of pixel x over time t. APAR(x, t) and
ε(x, t) in the model are calculated according to Eqs. (2) to
(6) (Wang et al., 2009; Liu et al., 2015):

APARðx,tÞ ¼ SOLðx,tÞ � FPARðx,tÞ � 0:5, (2)

FPARðx,tÞ ¼ αFPARNDVI þ ð1 – αÞFPARSR, (3)

FPARNDVI ¼
NDVIðx,tÞ –NDVIði,minÞ
NDVIði,maxÞ –NDVIði,minÞ

� FPRAmax –FPRAminð Þ þ FPRAmin, (4)

FPARSR ¼ SRðx,tÞ – SRði,minÞ
SRði,maxÞ – SRði,minÞ

� FPRAmax –FPRAminð Þ þ FPRAmin, (5)

SRðx,tÞ ¼
1þ NDVIðx,tÞ
1 –NDVIðx,tÞ

, (6)

where SOL(x,t) is the total solar radiation
(MJ$m–2$month–1) of pixel x over time t and FPAR is the
fraction of photosynthetic active radiation absorbed by the
vegetation, which is determined from the satellite-
monitored NDVI data. When FPARmin = 0.001 and
FPARmax = 0.95, the NDVI(i,max) value corresponds to
95% of the NDVI production i and the NDVI(i,min) value
corresponds to 5% of the NDVI production i; i is the type

Fig. 1 Comprehensive physical representation of the ARNC. Note: There are three subregions: I, the Xinjiang mountain grassland-
coniferous forest region; II, the northwestern warm-temperate desert region; and III, the Inner Mongolia temperate steppe region.
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of vegetation. The α value is 0.5, accounting for the fact
that approximately half of the incoming solar radiation lies
in the photosynthetically active radiation waveband (0.4–
0.7 mm) (Potter et al., 1993).

εðx,tÞ ¼ Tε1ðx,tÞ � Tε2ðx,tÞ �Wεðx,tÞ � εmax, (7)

Tε1ðx,tÞ ¼ 0:8þ 0:02� ToptðxÞ – 0:0005� ½ToptðxÞ�2, (8)

Tε2ðx,tÞ ¼ 1:184=f1þ exp½0:2� ðToptðxÞ – 10 – Tðx,tÞÞ�g
             � 1=f1þ exp½0:3�ð –ToptðxÞ – 10þ Tðx,tÞÞ�g,

(9)

Wεðx,tÞ ¼ 0:5þ 0:5� Eðx,tÞ=Epðx,tÞ, (10)

where Tε1(x,t) and Tε2(x,t) are temperature stress coeffi-
cients that reflect the reduction of light-use efficiency
caused by the temperature factor. Wε(x,t) is the moisture
stress coefficient and indicates the reduction of light-use
efficiency caused by the moisture factor. Topt(x) is the mean
temperature (°C) during the month of maximum NDVI.
T(x,t) is the mean monthly temperature. E(x,t) and Ep(x,t)
represent the estimated and potential evapotranspiration
and are usually determined from the one-layer budget
SMM (Piao et al., 2005; Potter et al., 1993). εmax is the
maximum light-use efficiency under ideal conditions. The
initial value of εmax was 0.389 g C$MJ–1 according to
Potter et al. (1993) in the CASA model, but this value can
be significantly affected by a range of environmental
factors, such as temperature, water availability, soil type,
plant nutrition, disease, individual development, genetic
differences, and energy distribution within the ecosystem
(Prince, 1991). The present study therefore applied the εmax

values for different vegetation types, as recommended by
Running et al. (2000), by using an eco-physiological
model BIOME-BGC. The εmax of each vegetation type is
different. The εmax values for the needle-leaf forest,
broadleaf forest, bush, grassland, and farmland were set
to 1.008 g C$MJ–1, 1.044 g C$MJ–1, 0.768 g C$MJ–1, 0.608
g C$MJ–1, and 0.604 g C$MJ–1, respectively (Running et
al., (2000)). The values of εmax for the barren, sparsely
vegetated types and other ecosystems in this study were
defined to be the same as the constant value in the original
CASA model (0.389 g C$MJ–1). More details about the
CASA model, including descriptions of the calibration and
data processing, can be found in Yu et al. (2011) and Wang
et al. (2009). Figure 2 is a flow chart of the CASA
algorithm used to simulate the NPP.

3.2.2 Simulating the spatial distribution of temperature data

The monthly average temperature changes over altitude.
Under certain conditions, such as at high altitude, there are
significant differences in the spatial distribution of
temperature. Usually, within the scope of the troposphere,

the temperature decreases with a rise in altitude, and for
every 100 m rise above sea level, the average temperature
drops 0.65°C. However, the vertical lapse rate will vary
with the seasons (Li et al., 2006). According to the monthly
average temperature data from the 314 high-elevation
weather stations utilized in this study, Eq. (11) can be used
to calculate the average temperature of the nation’s vertical
decline rate.

Ti ¼ at � H þ bi, (11)

where Ti is the monthly average temperature (°C); at is a
regression coefficient; bi is the residual error; H is the
altitude (m); and i is the ordinal number of the month (from
1 to 12). Based on the vertical decline rate and
meteorological site elevations, the observed temperature
for elevation “0” correlates well with the simulated
temperature of elevation “0” (Tk(x,t)) using the Ordinary
Kriging spatial interpolation method. This method is based
on variation functions theory and structure analysis (see
Table 1). It uses the original data of regionalized variables
and the structural characteristics of variation functions. It
also adopts the weighted average of variable values of
observation points to ascertain the average value of test
points. The computation formula of the real temperature of
the terrain (Tx,t)-based DEM data and the vertical lapse rate
is as follows,

Tx,t ¼ Tkðx,tÞ – 0:01� Tt � H , (12)

where H is the altitude and Tt is the vertical decline rate.

3.2.3 Simulating the spatial distribution of solar radiation
data

Generally, meteorological stations (even in the mountain
area) are located at either the foot or the top of the
mountain and have no other features within a certain
distance from the shelter. Thus, meteorological data, such
as radiation and temperature, are observed in the horizontal
plane and as a result, are tremendously affected by the
surrounding terrain. Irregular terrain and complex under-
lying surfaces cause each section of the mountain to accept
the solar radiation in tremendously different ways. Thus,
solely relying on meteorological observatory data and
spatial interpolation methods to describe the precise spatial
distribution of total solar radiation in the ARNC with its
complex mountainous terrain can generate significant
errors. Therefore, by using the DEM as a basis and giving
full consideration to the effect of the overlap of different
terrains on total solar radiation, the sunshine percentage,
the astronomical radiation fit for total solar radiation, and
the empirical coefficients, the Angström-Prescott model
(APM) is used to calculate total solar radiation of the
undulating terrain (see Table 1). In addition, due to the
model’s relatively low error rates, few input parameters,
and ease of obtaining data, it has been the most convenient
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and widely used correlation for estimating solar radiation
(Angström, 1924; Prescott, 1940; Almorox and Hontoria,
2004; Li et al., 2013a; Liu et al., 2013). The formula is as

follows (Liu et al., 2013):

Qt ¼ Q0ðaþ b$SÞ, (13)

Fig. 2 Flow diagram summarizing the methodology for the Carnegie-Ames-Stanford Approach (CASA) model estimates based on
vegetation cover, NDVI , DEM, and Climate parameter. SOL = total solar radiation; Tε1 and Tε2 = temperature stress coefficients;Wε = the
moisture stress coefficient; APAR = photosynthetically active radiation; and ε = light-use efficiency. Trend analysis (slope) can detect and
analyze the temporal tendency of each grid in the long time series. Standard deviation (σ) can reflect the fluctuation. The Hurst analysis
(R/S) can evaluate the persistence or non-persistence of a time series of the NPP.

Table 1 List of methods used and their functions and references

Name Functions Key references

Tx,t Tx,t interpolates the real temperature of the terrain-based DEM data Li et al. (2006)

Qt Qt simulates the total monthly solar radiation in the undulating terrain Angström (1924)

Slope The slope method detects and analyzes the temporal tendency of each grid Stow et al. (2007)

σ σ quantifies the amount of variation or dispersion of a set of data values Xu (2010)

Hurst index The Hurst index evaluates the persistence or non-persistence of a time series Hurst (1951)
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where Qt is the monthly total solar radiation in the
undulating terrain; Q0 is the monthly astronomical
radiation; a and b are the empirical coefficients and were
calculated to be 0.22 and 0.773, respectively, in this study;
and S is the sunshine percentage.

3.2.4 Trend analysis (slope)

The greenness rate of change (GRC) is defined as the slope
of the linear regression line with least squares fit of the
inter-annual NDVI values (Stow et al., 2007). The slope of
the regression method was applied to detect and analyze
the temporal tendency of each grid in the long time series,
and some influences on the trend analysis that resulted
from abnormal factors were dismissed (see Table 1). Here,
we took GRC as an indicator for the trend of NPP images
from 2001 to 2012. It was generated with the following
formula:

Slope ¼
n�

Xn

i¼1

NPPi –
Xn

i¼1

i
Xn

i¼1

NPPi

n�
Xn

i¼1

i2 –
Xn

i¼1

i

 !2 , (14)

where i is the ordinal number of the year, from 1 to 12, and
n is equal to 12. NPPi is the mean NPP of year i using the
Maximum Value Compositing (MVC) method (Holben,
1986), which can reduce some errors from cloud cover and
large solar zenith angles. Positive slopes indicate increas-
ing trends, while negative slopes indicate decreasing
trends.

3.2.5 Standard deviation (σ)

The standard deviation (σ) is a measure used to quantify
the amount of variation or dispersion of a set of data values
(see Table 1). The stability of the NPP from 2001 to 2012
can be evaluated with the standard deviation σ calculated
by the following formula:

� ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1

ðNPPi –NPPÞ2
s

, (15)

where NPP is the mean of NPP; NPPi is the NPP in a given
year i; and n is the number of data points in the sample. σ
values were divided into five levels by using the Natural
Fracture method of ARCGIS 10.1: high deviation
(σ> 0.026), relatively high deviation (0.020< σ£0.026),
moderate deviation (0.015< σ£0.020), relatively low
deviation (0.010< σ£0.015), and low deviation
(0< σ£0.010). The larger the σ values, the greater the
change in NPP, and conversely, the lower the σ values, the
greater the stability of the NPP.

3.2.6 Hurst method (R/S)

The rescaled-range (R/S) method was introduced by Hurst
(1951) as a tool for evaluating the persistence or non-
persistence of a time series (see Table 1). R is defined as the
difference between the maximum and minimum amounts
accumulated for the time series:

RðmÞ ¼ max
1£m£n

X ðtÞ – min
1£m£n

X ðtÞ,

ðm ¼ 1,2,:::,nÞ: (16)

The range R will typically depend on the time span and
normally increases when a larger time span is considered.
The standard deviation is estimated from the time series

by:

S mð Þ ¼ 1

m

Xm

i¼1

ðΔNPPi –ΔNPPðmÞÞ2
" #1

2

,

ðm ¼ 1,2,:::,nÞ, (17)

where H is called the Hurst index; its range is 0 to 1. The
range 1/2<H< 1 indicates that the future trend is the same
as the past; in other words, the course has persistence.
When H is close to 1, the persistence is strong. When H =
1/2, the future is independent of the past and events are
random. The range 0<H< 1/2 indicates that the future
trend is contrary to the past; namely, that this course has
anti-persistence. An H value close to 0 indicates that anti-
persistence is strong.

4 Results

4.1 Validation of the NPP

To validate the predicted NPP, we first compared the annual
mean NPP over the period 2001–2012 from the CASA
model and that from observations at 40 sites downloaded
from the ORNL DAAC (http://daac.ornl.gov/). The
observed annual NPP came from each site’s observed
average data over 60 years (1946–2006). The results of the
estimated NPP and corresponding observed NPP are
shown in Fig. 3. Although their time series differ, the
CASA model performed fairly well in estimating NPP,
showing a high coefficient of determination (R2) of 0.76. In
addition, due to the influence of changing environmental
factors such as temperature, precipitation, and human
activities, disagreement between estimates and observa-
tions was inevitable. In addition, the estimated NPP
patterns were mostly located within the range of the
observed NPP. The CASA model, therefore, is a good
potential tool and can be used for analyzing NPP patterns
in the ARNC.
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The MODIS NPP has been well verified and used to
study NPP at regional or global scales in monitoring plant
productivity and for estimating biomass and global
changes (Silvestri et al., 2002; Running et al., 2004). In
China, many researchers have used MODIS NPP data to
validate the estimated NPP in the Chinese Loess Plateau
(Xie et al., 2014), the Wuling mountainous area (Sun et al.,
2015), and the Tibetan Plateau (Mao et al., 2015).
Therefore, using the MODIS NPP to validate NPP is a
highly reliable method. We compared the estimated NPP
with the annual MODIS NPP with a spatial resolution of
1 km�1 km using the BIOME-BGC model and found that
they showed similar spatial patterns. The mean annual NPP
was higher in the northeast and gradually decreased toward
the southwest; however, the values of the MODIS NPP
were higher than those of the estimated NPP in 2001, 2003,
2007, and 2010. In other years, the differences between the
estimated NPP and the MODIS NPP were very slight,
ranging from 3.71 to 24.46 g C$m–2$yr–1. Furthermore, the

total annual data of MODIS NPP were similar to the total
annual estimated NPP, except in 2001 and 2003. The
estimated NPP in 2001 was higher than the MODIS NPP
data by 22.47 Mt C $yr–1. Generally speaking, however,
the CASA model could reproduce China’s actual NPP
reasonably well.

4.2 Spatial and temporal changes in NPP

The spatial patterns of a 12-year mean annual NPP of the
ARNC for the period 2001–2012 are illustrated in Fig. 4.
The mean annual NPP was observed to be higher in the
northeast than in the southwest, with a gradually
diminishing trend between the two. The overall mean
annual NPP ranged from 2.4 to 1647 g C$m–2, with a 12-
year mean value of 803.65 g C$m–2. Partition statistics
based on the geographical regions by the physio-
geographical regional system were also calculated. Higher
NPP values were distributed in the Inner Mongolia
temperate steppe region, with an annual average NPP of
953.68 g C$m–2$yr–1; values which were well above the
overall annual average NPP value in the region. The
Xinjiang Mountain grassland-coniferous forest region also
had a higher NPP value, with an annual average of 860.73
g C$m–2$yr–1. The lowest NPP values, however, were in
the northwestern warm-temperate desert region, with an
annual average of only 703.60 g C$m–2$yr–1. This
correlated well with the types and quantity of vegetation
(Fig. 5). Primary vegetation types were needle-leaf forest,
broadleaf forest, and grassland in the eastern ARNC as
well as the Tianshan and Altay mountains (areas of high
vegetation cover), while the central and western regions
were typified as mostly barren and sparsely vegetated.
The NPP in the ARNC shows an obvious regularity with

the seasons. From March to September, the NPP values
were higher than those in the other months. The average

Fig. 3 Comparison of simulated and observed NPP.

Fig. 4 Spatial distribution of mean annual NPP of the ARNC from 2001 to 2012.
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NPP in January was only 27.81 g C$m–2, while it was
highest during the growing season in July at 120.11 g C
$m–2. The annual NPP value was the lowest in December at
22.85 g C$m–2, and the lowest monthly average NPP value
was 20.12 g C$m–2 in December 2012.
The overall mean annual NPP ranged from 789.14 to

829.15, while the mean annual NPP fluctuated at an
increasing rate of 2.327 g C$m–2$yr–1 from 2001 to
2012 (Fig. 6). After 2010, this increasing trend markedly
accelerated, with an annual increase of 21.19 g C$m–2$yr–1.
Compared with the mean annual NPP in 2001, the value in
2012 grew 37.86 g C$m–2. Over the entire 12-year period,
the lowest mean annual NPP was 789.14 g C$m–2$yr–1 in
2006, while the highest was 829.15 g C$m–2$yr–1 in 2012.

4.2.1 Change trends in NPP

The slope reflects the spatial change trend of NPP, which is
defined as the linear regression line. The overall NPP of the
ARNC showed a higher tendency towards (Fig. 7)
improvement than degradation over the 12 year period.
From 2001 to 2012, the area of NPP degradation covered

49.77�104 km2, accounting for 18.58% of the total area,
while the area of improvement was 137.86�104 km2,
comprising almost half of the ARNC.
The regions of NPP degradation were mainly located in

the Xilingol Grassland Nature Reserve, the Inland River
Basins in the Hexi Corridor, and similar areas— those
seriously affected by human activities such as deforestation
and overgrazing. The partial NPP pixels exerted an
increasing trend in the northeast of Inner Mongolia and
the three basins in Xinjiang. Land-use and land-cover
changes were the major causes. For instance, some
grassland was transformed into farmland. When the
negative consequences of grassland desertification became
clear, a series of protection measures were established to
provide favorable conditions for grassland restoration,
such as grassland preservation, reasonable grazing, and
other measures. The NPP in the Tianshan, Altay, and Great
Khingan mountain ranges also showed increases after
these measures were implemented. In addition, the
vegetation in these areas was only slightly affected by
human activity yet growth was promoted by precipitation,
snow melt, and glacier.
The NPP in the Inner Mongolia temperate steppe region

Fig. 5 Spatial distribution of mean annual NDVI of the ARNC from 2001 to 2012.

Fig. 6 Interannual variations in total NPP over the ARNC from 2001 to 2012.
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showed the largest area of increase. The improved area was
137.84�104 km2, accounting for 71.41% of the total area
of Inner Mongolia, while the area of NPP degradation was
10.54�104 km2, accounting for only 16.12%. In the
northwestern warm-temperate desert region, almost half
(42.81) of this area’s NPP was unchanged yet the area of
degradation was 28.01�104 km2, accounting for 19.01%
of the region. The area where NPP changed dramatically
was in the Xinjiang Mountain grassland-coniferous forest
region. The area of degradation was 8.11�104 km2,
accounting for 22.58%, the area of improvement was
21.15�104 km2, accounting for 58.83%, and the area of
unchanged NPP was only 18.59% of the total area.

4.2.2 Changes in the stability of NPP

The NPP data obtained using the MVC method were used
to analyze the fluctuant characteristics of NPP from 2001
to 2012 in the ARNC (Fig. 8). The standard deviation (σ)
varied from 0.001 to 0.235, and overall its characteristics
were “more high deviation and less low deviation,”
although the stability of the NPP showed significant
regional differences. The regions of high deviation
occurred around 105°E and 42°N in the northern area,
occupied 56% of the total area, and anastomosed with the
improved area. The proportions of high and medium
deviation were relatively small— only 14.10% of the
research area— and randomly distributed in the ARNC.
The area of low deviation was 72.08�104 km2, mainly
concentrated in the Tarim, Junggar, and Qaidam basins,
and in Alashan where the major vegetation types were
desert plants showing a patchy distribution pattern. Here,
the change in NPP was relatively stable.
Divisional statistics showed that the changing trend of

NPP in the three subareas of the ARNC were in keeping
with the overall trend of the ARNC and were mostly

consistent with the improved regions of the overall NPP.
The highest proportion of high-deviation NPP was located
in the Inner Mongolia temperate steppe region— up to
79.34% of its own total area. The second-largest area of
high NPP deviation, namely the Xinjiang Mountain
grassland-coniferous forest region, was relatively large,
reaching 22.48�104 km2 or 62.55% of its own total area.
By contrast, the area of high NPP deviation in the
northwestern warm-temperate desert region was the
smallest, accounting for only 22.44% of its own total
area. However, this region’s low deviation area was as high
as 20.20%, far higher than either the Xinjiang Mountain
grassland-coniferous forest region (3.02%) or the Inner
Mongolia temperate steppe region (0.12%), due to the
sparse vegetation of the northwestern warm-temperate
desert region, the influence of human activity, and the
inconspicuous meteorological factors in this area. The
vegetation cover in the two remaining subareas, however,
was mostly forest, farmland, and other green landscape
types— vegetation that is very sensitive to the changing
climate and anthropogenic activities and prone to volatility.

4.2.3 Change persistence in NPP

Annual NPP data obtained monthly from 2001–2012,
using the MVC method, were computed using the Hurst
index of NPP with MATLAB and ARCGIS software
(Fig. 9). The Hurst index values were in the range of 0.11–
1.00; the average value was 0.55. The area where the Hurst
index value was less than 0.25 comprised only 0.20% of
the total research area, showing that the anti-persistence of
NPP was very weak and could be ignored. For the
remainder, the Hurst index values were divided into weak,
medium, and strong persistence, according to the thresh-
olds< 0.5, 0.5–0.65, and> 0.65, respectively. As a whole,
the area of strong persistence comprised 25.88 �104 km2,

Fig. 7 Distribution of the linear trend of annual NPP changes in the ARNC from 2001 to 2012.
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accounting for 9.66% of the total study area, and was
mainly distributed in the Root Flag, the Laura Left Flag,
the Siziwang Banner, and a few smaller areas. The area of
medium persistence accounted for 67.85% of the ARNC
and was found in the Mesozoic-Cenozoic, La Shan Left
Flag, and a few other areas. The area of weak persistence
comprised 60.28�104 km2 and primarily occupied West
Ujimqin, Laura Right Flag, and Low-Amphibolite. Over-
all, the wide range of medium and strong persistence
indicates that although the vegetational developmental
trend can be expected to continue to improve, it still faces
risks and uncertainties.
At the regional scale, the Hurst index showed a similar

trend in the three subareas, namely, that the medium
persistence area was the most widespread, the weak
persistence area was intermediate, and the strong persis-
tence area was the least. Most areas of the northwestern

warm-temperate desert region showed characteristics of
medium and weak persistence; up to 95.25% of the region
fell within this category. The lowest proportion of medium
and weak persistence area was in the Xinjiang Mountain
grassland-coniferous forest region. This type comprised
88.73% of this region. More persistence was found,
however, in the Inner Mongolia temperate steppe region.
Compared with the other regions, the Inner Mongolia
temperate steppe is a major agricultural and pastureland
interlaced region, and its ecological system is more stable,
its vegetation recovery ability strong, and its sustainability
significantly higher than that of the other two subareas. By
contrast, the northwestern warm-temperate desert region
has experienced serious desertification, and its environ-
ment is very fragile, so that its overall persistence has been
poor. Future regional restoration efforts should be focused
on strengthening the stability of this ecosystem.

Fig. 8 Standard deviation of NPP changes in the Northwest arid region from 2001 to 2012.

Fig. 9 Hurst index of NPP changes in the northwest arid region from 2001 to 2012.
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To further explore the change trends and persistence of
NPP in the ARNC, we carried out a spatial overlay analysis
of the slope value of the linear regression line and Hurst
index using the geographical information system software
Arc/Info, and we mapped persistence change trends by
combining these data using ARCGIS software. There were
nine distribution types: improvement and strong persis-
tence, improvement and medium persistence, improve-
ment and weak persistence, stability and strong
persistence, stability and medium persistence, stability and
weak persistence, degradation and strong persistence,
degradation and medium persistence, and degradation
and weak persistence (Fig. 10). The proportions of area
showing improvement and strong persistence, improve-
ment and medium persistence, and degradation and weak
persistence were 5.59%, 32.26%, and 4.20%, respectively,
together accounting for 42.05% of the total study area.
From these percentages, it can be seen that change trends
for NPP are not optimistic and leave much room for
improvement. The area of stability was 80.34�104 km2:
29.97% of the region. The proportion of the areas of
improvement and weak persistence and of degradation and
strong persistence was 15.91%, mainly distributed in Barr
Tiger Flag, Right Flag, Chen low-amphibolite, Altay City,
the northern part of Hami City, and Mazong Mountain in
Subei County.
The development trend of NPP was mainly benign. The

proportions of areas showing improvement and strong
persistence, improvement and medium persistence, and
improvement and weak persistence were 13.59%, 32.56%,
and 5.59%, respectively, occupying 51.44% of the ARNC
area and mainly distributed in the center of Xinjiang, the
middle of the Hexi corridor in Gansu province, and major
regions of Inner Mongolia, such as Laura Left Flag, Laura
Right Flag, and the eastern part of Erdos City. The area of
stability was the largest, with a ratio of approximately

30%, and the trend of persistence was normal. These
regions of degradation and strong persistence and of
degradation and medium persistence were distributed in
the boundaries along Gansu Province, Xinjiang Autono-
mous Region, and Inner Mongolia Autonomous Region,
and were scattered near the center of the Tianshan
Mountains, the eastern part of Xilingol League, the
grasslands along the Xi Liao River, and in the Altai
Mountains. These areas should be a priority for ecological
protection regulations.
In the Inner Mongolia temperate steppe region, the

proportion of improved regions— including strong, med-
ium and weak persistence—was 71.41%, obviously
showing that the development trend of NPP was favorable
and positive in this region. Following this was the Xinjiang
Mountain grassland-coniferous forest region, with an
approximate proportion of 58.82%. Its NPP value also
shows positive development. In contrast, the ratio of the
Inner Mongolia temperate steppe region was only 38.18%,
due to weak vegetation restoration ability that can be
ascribed to the changing climate as well as natural factors.
However, it is important to note that although the
development trend of NPP was good overall, areas of
degradation and strong persistence and of improvement
and weak persistence totaled 25.52�104 km2, comprising
30.19% of the Inner Mongolia temperate steppe region.
This region, therefore, needs more attention, with restric-
tions that could promote vegetation restoration and other
ecological protections.

5 Discussion

A precise evaluation of NPP at the regional or global scale
is always difficult. In this study, we first compared the
annual mean NPP with NPP data from the 40 downloaded

Fig. 10 Spatial change characteristics of NPP based on the trends and the Hurst index. Note: nine distribution types are present.
A: improvement and strong persistence; B: improvement and medium persistence; C: improvement and weak persistence; D: stability and
strong persistence; E: stability and medium persistence; F: stability and weak persistence; G: degradation and strong persistence;
H: degradation and medium persistence; I: degradation and weak persistence.
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sites. In general, the CASA model performed fairly well in
estimating NPP, showing a coefficient of determination (R2)
of 0.76. These data, it should be noted, did not consider the
error resulting from temperature, precipitation, or human
activities. Even though the acquisition of observed NPP is
difficult, the resulting data from the sites is difficult to
extrapolate to regional and global scales. Furthermore,
different time periods were used for the estimated vs. the
observed data; the period of the estimated NPP was 2001 to
2012, while the observed was 1946 to 2006. We also do not
know if the observed NPP data are representational. If not,
the differences may be greater and it would be impossible
or impractical to determine their correlations. Moreover,
validation was only performed at the annual scale, not at
seasonal or regional scales. This presents a limitation, and
thus multiscale observed data should be obtained for a more
precise validation. Human activities should be separated
from the environment before performing the NPP valida-
tion, a step which unfortunately was not taken, creating a
major disadvantage. In fact, actual NPP values may still not
be accurately estimated under the existing conditions for
this technique. Even so, it is possible to compare the mean
NPP values for large samples and to study the spatio-
temporal dynamics of regional NPP with some precision
(Matsushita and Tamura, 2002).
The estimated NPP can also be compared with the

MODIS NPP (i.e., MOD17A3). MODIS NPP is one of the
MODIS global ecological parameters available from the
University of Montana Numerical Terradynamic Simula-
tion Group (NTSG), and has been widely recognized and
applied at the global scale. Previous studies have shown
that MOD17A3 can also be applied with some accuracy in
China. Guo et al. (2008) compared 128 measured forest
data points with the average MOD17A3 NPP from 2000 to
2006 and found that although the measured data points
were slightly higher than those from the MOD17A3 NPP,
there was a close correlation between them. Zhao et al.
(2011) used the GLOPEM-CEVSAmodel to simulate NPP
in northeast China from 2000 to 2008, which, when
compared with MOD17A3, found that R2= 0.525,
P< 0.001. In addition, many researchers, such as He et
al. (2006), Guo et al. (2008), Li et al. (2013a), and Wang et
al. (2013), used MODIS NPP data in the South-North
Water Diversion Project, northeast China, Henan Province,
Jiangsu Province, and other regions to analyze the
temporal-spatial distribution characteristics of the vegeta-
tion NPP. It is reasonable, therefore, for this study to
compare the estimated NPP with the MODIS NPP to
explain the respective trend analysis of the reliability of the
data source. Our results show similar spatial patterns;
namely, that the mean annual NPP in the northeast was
higher than that in the southwest. The differences between
the estimated NPP and the MODIS NPP were very small,
within the range of 3.71 to 24.46 g C$m–2$yr–1. This
evidence further illustrates that the CASAmodel presents a
highly reliable method of calculating NPP.

Although our validation results at 40 sites showed an
overall good performance of the CASA model for
estimating NPP in the ARNC, there were some unavoid-
able uncertainties. For example, different models required
different input parameters and theoretical models were
somewhat compromised. Researchers have developed
numerous models and methods for estimating NPP, with
both advantages and disadvantages; yet to date, no single
universal model has been found for estimating NPP.
Although we were able to improve the CASA to some
extent by using some static parameters either obtained or
calculated in small experimental regions, and were able to
monitor data from a few experimental stations in the
model, errors inevitably resulted when data were applied to
large-scale regions. In addition, the observed data were
difficult to obtain and validate, and the estimated data
introduced some uncertainties. For example, the measured
NPP obtained from the global NPP database was based on
a different time period than that for the estimated NPP.
Even though we used the average annual data, temporal
differences led to deviations in estimating biomass. The
measured NPP came from monitored values from the
needle-leaf forests, temperate forests, and grasslands of
northern China, while the corresponding measured data
came from the ubiquitous sparse vegetation types the arid
areas were lacking. The low spatial resolution of MODIS
NPP may have generated a large number of mixed pixels
that affected the precision and made NC verification
difficult. Thus, in the future, more time and money should
be invested to improve and enhance the precision of NPP
validation and to reduce the uncertainties as much as
possible.
One minor problem with the model may be that the leaf

area index (LAI) and photosynthetic active radiation
(FPAR) showed a saturation problem in some areas.
However, because this study focused on the change in
vegetation net primary productivity throughout the year,
the FPAR and LAI saturation phenomenon are under-
standable (Jiang et al., 2011). This study modeled NPP
values from different vegetation types in comparison with
the research of Zhu et al. (2005) and Ren and Liu (2013)
(comparison data are shown in Table 2). The results show
similar overall NPP trends. The NPP values for needle-leaf
forest and broadleaf forest were lower than the estimated
values from Zhu et al. (2005), while our brush, grassland,
and farmland NPP values were higher. Relatively speak-
ing, the estimated NPP of brush and grassland were lower
than those from Ren and Liu (2013), while the NPP values
of the remaining vegetation types were higher. This
phenomenon can be explained as follows. 1) Each study
covered a different research region- Zhu et al. (2005)
covered the Inner Mongolia region of China, Ren and Liu
(2013) covered Northwest China and our research took
place in the ARNC. 2) Each study covered a different time
period- Zhu et al. (2005) covered 2002, Ren and Liu
(2013) covered 2000, 2003, 2006 and 2009, and our study
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covered the period of 2001 to 2012. 3) The input
parameters were different. 4) The meteorological stations
from which our data were obtained were small and poorly
distributed throughout the study area. Although interpola-
tion methods for gathering meteorological data have
improved over the last decade, further development is
needed to enhance the precision and effectiveness of the
model. Finally, some of the differences in the results could
have been caused by human interference. As observed in
the various research areas, the distribution pattern of the
NPP remained consistent in the ARNC. Wang et al. (2014)
estimated the NPP of Gansu Province, Northwest China in
2003. They observed greater NPP values centralized in the
high altitude areas covered with growing forest and
grassland, whereas lower NPP was distributed across the
Hexi Corridor and Northern Mountains characterized by
sparse vegetation. Meanwhile, the evident seasonal trend
of NPP was higher in summer than in winter. These
research results are highly consistent with our study. Li et
al. (2013b) studied the NPP characteristics and changes in
the Inner Mongolia Autonomous Region from 2003 to
2008. They found that the NPP decreased from northeast to
southwest and that the period from May to September
accounted for 84.2% of the annual NPP. Our research
shows that the NPP values from March to September were
higher than those in other months. The distribution trend of
the NPP is also in line with the research of Li et al. (2013b).
Furthermore, the spatial distribution of NPP in the
Xinjiang Autonomous Region of the ARNC was clearly
heterogeneous. High values were distributed in the Altai
Mountains and Tianshan Mountains with abundant water
resources and meadows, including alpine and subalpine
meadows. These results are in accord with the outcomes
reported by Zhou et al. (2014). Although the distribution
pattern of NPP is consistent with others’ achievements,
many differences can be found when delving deeper. The
estimation of NPP entails vast and abundant uncertainties,
requiring greater effort crucial for reliable model develop-
ment.
In summary, differences in the use of remote sensing

data, vegetation classification data, model and research
dimensions, as well as the possibility of system error, could
cause differences in the NPP values calculated by the
different studies. Clearly, some improvements in the study
methods are needed for more consistent results. Further
study is needed on the physiological mechanisms used for
calculating NPP which is influenced by both environ-
mental and botanical factors. A deeper understanding of
these factors is crucial to bring the NPP estimation model
more in line with these physical realities.The remote
sensing software will also need to be updated to reflect our
increased knowledge of these environmental and biologi-
cal mechanisms. Despite the drawbacks of the current
models, the MODIS NPP from this study and the results of
other researchers demonstrate an overall good performance
for the CASA model in estimating NPP in the ARNC.

Therefore, the estimated NPP derived from the CASA
model results were analyzed regarding spatial, monthly,
and inter-annual variations. From a spatial distribution
perspective, the gradient distribution of NPP in the ARNC
is distinct, while the NPP in the northeast regions was
generally higher than that in the southwest region due to
the spatial variability in precipitation and temperature.
Analyses of annual NPP variability showed an obvious
increasing trend over time. Notable monthly variations in
the NPP were observed and were primarily accumulated
between May and August. This is likely due to the
abundant solar radiation and favorable hydrothermal
conditions with the concentrated herbaceous plant growth
during this period. Plant growth is slow from March to
April and from September to October when temperatures
are low. Plant growth grinds to a halt from November
through the following February. As a result, the NPP is
very low during this period of decreased vegetation. This
phenomenon indicates that a suitable combination of water
(precipitation) and thermal regimes is a principal driver for
dynamic change in NPP.
Increased studies on the effectiveness of government

policies and programs that monitor the impact of human
activities on NPP are of significant importance. For
example, the NPP values of the Ejin Banner were
significantly improved, due to the government’s decision
in 2000 to transfer water downstream, which in turn led to
an increase in water levels and in vegetation. Mu et al.
(2013b) reported that the NPP has significantly increased
in the Mu Us Sandy Land, the Ala Shan Desert, and the
Otindag Sandland under a series of positive measures
taken by the government. The regions of the Wulate
Midum Banner, Holingol Banner, Sizhiwangqi Banner,
and Ejin Horo Banner launched a pilot project for soil and
water conservation and ecosystem restoration. As a result,
cropland was returned to grassland or woodland, which
prohibited grazing, encouraged pen raising, and a forest
shelter belt was constructed to control soil erosion and
grassland degradation from 2001 to 2002. The environ-
ment and the NPP of these regions have immensely
improved. Due to the rapid growth of the pastoral
population and the high-speed development of our social
economy over the past 30 years, the pressure on the
grassland has significantly increased, as has the severity of
overgrazing, contributing to the degradation of grassland.
Significant grassland degradation will bring about a
decline in primary productivity. The light, moderate,
severe or extreme degradation of grassland is expected to
see primary productivity fall by 20%–30%, 35%–60%,
60.85%, or 85%, respectively (Zheng et al., 2005). The
NPP in the Tianshan Mountains, the eastern part of
Xilingol League, the grasslands of the Xi Liao River
valley, and the Altai Mountains has significantly and
persistently decreased, perhaps due to grassland degrada-
tion. In spite of the drastic measures taken in the Xilingol
League (e.g., grazing in spring, enclosed grazing, and
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blocking of rotational grazing), which have shown some
success, the region still faces grassland degradation, land
desertification, and numerous other environmental issues.
As a result, the NPP of the region continues to decline.
Hence, the improvement of governmental measures and
policies in the ARNC is critical to protect the environment
and improve the primary productivity.
The method of standard deviation (σ) describes the

variability of NPP for an image pixel in many years. Many
researchers have used this method to uncover the NPP
variability range in response to human activities. Reeves et
al. (2014) modeled the standard deviation of the mean
slope of the linear regression of the NPP trend to 2100 for
three emission scenarios. Ren and Liu (2013) calculated
the inter-annual standard deviation of the vegetation NPP
value in Northwest China. They concluded that the
Xinjiang had a low standard deviation and that the
fluctuation was insignificant and not obvious. This desert
area is characterized with sparse vegetation, and affects
from human activities are minimal. The North Shaanxi
Loess Plateau had large fluctuations due to the destruction
of the ecological environment influenced by human
activities. These conclusions are in line with ours. In this
paper, high-deviation NPP was located in the Inner
Mongolia temperate steppe region, and the vegetation
and climate conditions were superior and favorable. Thus,
these regions were suitable for human life. The deviation
of the NPP was immense in the Inner Mongolia temperate
steppe region. In contrast, the area of high NPP deviation
in the northwestern warm-temperate desert region was the
smallest, accounting for only 22.44% of its own total area.
The land cover areas were small, primarily within the Gobi
desert, and unsuitable for human habitation. As a result, the
affect from human activities was again minimal, with the
variability of NPP related to anthropogenic activities. In
this paper, we discuss the effects of climatic variables and
human activities on NPP, which poses both limitations and
drawbacks. Because the influencing factors are multi-
farious and complicated, both natural factors (e.g.,
radiation, evaporation, and carbon dioxide concentration)
and anthropogenic factors (e.g., grazing and enclosure)
must be fully taken into account to clarify the effects of
climate change and anthropogenic activities on the NPP in

the future. Thus, this will be the focus of my ongoing
research.
One result from this study is clear: the regions

distributed along the boundaries of Gansu Province,
Xinjiang Autonomous Region, and Inner Mongolia
Autonomous Region, and those scattered in the center of
the Tianshan Mountains, the eastern part of Xilingol
League, the grasslands of the Xi Liao River valley, and the
Altai Mountains need the attention of ecological protection
agencies due to their characterization of ‘degradation and
strong persistence’ and ‘degradation and medium persis-
tence.’ The results of this study show that detailed analyses
of NPP data have derived valuable information about the
ARNC and can provide significant information based on
the vegetation growth in the area. These analyses could
also provide some suggestions to extend to other arid
environments, where both similarities and differences in
vegetation productivity have been identified.

6 Conclusions

In this study, the CASA model, in combination with long-
term MODIS NDVI series and concurrent meteorological
data, was used for NPP modeling in the ARNC for the
period 2001–2012. The NPP results were analyzed with
regard to spatial and temporal variations at both pixel and
regional scales. The derived datasets provided information
about the spatial distribution and temporal variation of
NPP for the arid environment in the ARNC. The main
conclusions can be summarized as follows:
1) The CASA model performed well in the ARNC. The

validation results showed that the coefficient of determina-
tion (R2) was 0.76 between the estimated and the observed
NPP, and the typical vegetation NPP was similar over
trends compared with other field studies.
2) The annual NPP in the ARNC showed evident spatial

gradients, with the NPP in the eastern regions generally
higher than that in the western areas; a result that can be
explained mainly by spatial variability in precipitation.
3) Over the entire study period, the annual NPP showed

a significant increasing trend, with an annual average
increase of 2.327 g C. However, the increasing trends in

Table 2 Typical vegetation NPP average contrasts (g C$m–2$yr–1)

Vegetation type Present study Zhu et al. (2005) Ren and Liu (2013)

Needle-leaf forest 1075.18 900.8‒1435.9 735.41‒881.99

Broadleaf forest 883.59 1085.6 735.41‒881.99

Bush 879.36 235.6 312.13‒1242.93

Barren 270.02 19.4 59.78

Grassland 631.56 259.9 700.42‒846.86

Farmland 892.19 376.8 414.73

Water 358.67 369 61.98‒291.67
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NPP were not continuous throughout the 12-year period.
Annual NPP showed two trends: a decreasing trend from
2001 to 2005 and an increasing trend from 2006 to 2012.
In 2006, the annual NPP reached its minimum value of
789.14 g C$MJ–1. This turning point in the trend was
associated with a shift in climatic conditions as well as
extensive drought events in the region.
4) The standard deviation (σ) varied from 0.001 to

0.235, yet overall, its characteristic was “more high
deviation and less low deviation,” even though the NPP
trend showed significant regional differences. The rate and
amplitude of change varied over three subareas, but
overall, the trends were consistent with that of the region
as a whole.
5) An analysis of the Hurst index showed that the NPP

development trend was of medium and strong persistence,
and its share of area reached 77.50%. In addition, the
development trend of NPP was favorable and positive in
the Inner Mongolia temperate steppe region and the
Xinjiang mountain grassland-coniferous forest region.
However, because of changes in climate and other natural
factors, the development trend for the northwestern warm-
temperate desert region was not optimistic.
6) The proportion of the areas of either weak improve-

ment and persistence, or of strong degradation and
persistence, was 15.91%, mainly distributed in Barr
Tiger Flag, Right Flag, Chen low-amphibolite, Altay
City, the northern part of Hami City, and Mazong
Mountain in Subei County. Thus, they urgently need the
direct attention of the government. Alternatively, stronger
measures of protection are needed in the regions located in
the center of Xinjiang, the middle of the Hexi corridor in
Gansu province, and Inner Mongolia (i.e., Laura Left Flag,
Laura Right Flag, and the eastern section of Erdos City) to
maintain the strong and persistent improvement observed
in these areas.
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