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Abstract: The arid terrestrial ecosystem carbon cycle is one of the most important parts of the global
carbon cycle, but it is vulnerable to external disturbances. As the most direct factor affecting the carbon
cycle, how land cover change affects vegetation carbon sources/sinks in arid terrestrial ecosystems
remains unclear. In this study, we chose the arid region of northwest China (ARNWC) as the study
area and used net ecosystem productivity (NEP) as an indicator of vegetation carbon source/sink.
Subsequently, we described the spatial distribution and temporal dynamics of vegetation carbon
sources/sinks in the ARNWC from 2001–2018 by combining the Carnegie-Ames-Stanford Approach
(CASA) and a soil microbial heterotrophic respiration (RH) model and assessed the effects of land
cover change on them through modeling scenario design. We found that land cover change had
an obvious positive impact on vegetation carbon sinks. Among them, the effect of land cover type
conversion contributed to an increase in total NEP of approximately 1.77 Tg C (reaching 15.55% of the
original value), and after simultaneously considering the effect of vegetation growth enhancement, it
contributed to an increase in total NEP of approximately 14.75 Tg C (reaching 129.61% of the original
value). For different land cover types, cropland consistently contributed the most to the increment of
NEP, and the regeneration of young and middle-aged forests also led to a significant increase in forest
carbon sinks. Thus, our findings provide a reference for assessing the effects of land cover change on
vegetation carbon sinks, and they indicated that cropland expansion and anthropogenic management
dominated the growth of vegetation carbon sequestration in the ARNWC, that afforestation also
benefits the carbon sink capacity of terrestrial ecosystems, and that attention should be paid to
restoring and protecting native vegetation in forestland and grassland regions in the future.

Keywords: net ecosystem productivity; Carnegie–Ames–Stanford approach; scenario design; cropland
expansion; afforestation

1. Introduction

As one of the three largest carbon pools on Earth, terrestrial ecosystems absorb approx-
imately 28–31% of anthropogenic CO2 emissions from the atmosphere [1,2], so enhancing
the carbon sink function of terrestrial ecosystems can be effective in mitigating rising at-
mospheric CO2 concentrations and limiting global warming [3]. The terrestrial ecosystem
carbon cycle has great spatial and temporal heterogeneity, and monitoring its spatial and
temporal variability is the key to accurately predicting future climate change and formulat-
ing climate negotiation strategies [4]. Therefore, the terrestrial ecosystem carbon cycle has
become one of the core contents of research on global change and has received widespread
attention from the international community [5].
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Above all, the carbon sink effects provided by terrestrial ecosystems are essential for
preserving nature and the survival of human society. However, such things as economic de-
velopment and the intensification of human production activities (fossil fuel use, irrational
land use, etc.) have led to increasing greenhouse gas emissions, which have disrupted the
original source-sink balance of terrestrial ecosystems [6]. Among them, land cover change
has altered the original land cover pattern, with a wide range and intensity of impact.
Therefore, land cover change can directly disturb the terrestrial ecosystem carbon cycle [7]
and have a great influence on terrestrial ecosystem functions [8].

Arid terrestrial ecosystems are generally fragile and vulnerable to external distur-
bances. However, the research regarding how land cover change affects vegetation carbon
sources/sinks in arid regions is limited, and most studies have concentrated on the carbon
fluxes of individual terrestrial ecosystems (e.g., grasslands, forests, etc.) without comparing
the interactions between different terrestrial ecosystems [9]. The arid region of Northwest
China (ARNWC) is far inland, experiences an arid climate with little rainfall, and its fragile
ecosystems have a low self-regulatory capacity against external disturbances. Since the
1940s, the dramatic increase in population, socioeconomic development, and large-scale
soil and water resource exploitation in the ARNWC have caused excessive depletion of
resources, giving rise to many ecological issues, including land degradation and desertifi-
cation, the degradation of riparian forest ecosystems, and the reduced carrying capacity of
grasslands [10]. To solve these problems, a number of ecological restoration projects were
launched in China between the late 1990s and the beginning of the 21st century, for instance,
the grain for green program and the natural forest protection project, which were aimed at
strengthening environmental restoration by closing hills for afforestation, planting trees
on wastelands, and prohibiting grazing [11–13]. In this context, the land cover pattern of
the ARNWC has experienced substantial changes [14]. However, the effects of land cover
change on the ecosystem vegetation carbon sources/sinks in the ARNWC are still unclear,
and whether the ARNWC, especially the bare areas that contain desert ecosystems, is a
carbon source or a carbon sink remains uncertain [15–18]. Given these findings, it is crucial
to analyze the spatial distribution and temporal variation characteristics of vegetation
carbon sources/sinks and assess their impacts on land cover change in the ARNWC. This
work can provide a scientific basis for the conservation and management of the ecological
environment in arid regions, provide a reference for the rational use and planning of land
resources, and regulate human activities under the premise of reducing carbon emissions.

The methods for estimating carbon sinks mainly include four approaches: field sur-
veys [19–22], flux measurements [23–25], atmospheric inversions [26–28], and model simu-
lations [29,30]. From an ecological perspective, carbon cycling processes and storage cycles
in terrestrial ecosystems can also be calibrated based on biological productivity, which
includes four parameters: gross primary productivity (GPP), net primary productivity
(NPP), net ecosystem productivity (NEP), and net biome productivity (NBP) [31]. Among
them, NEP is usually regarded as an indicator of terrestrial ecosystem carbon sources/sinks,
and it is calculated by taking the gap between the carbon dioxide absorbed by vegetation
through photosynthesis and the carbon consumed by vegetation autotrophic respiration
(RA) and soil microbial heterotrophic respiration (RH), in which a positive NEP denotes
a carbon sink and a negative NEP denotes a carbon source [32]. Therefore, terrestrial
ecosystems’ vegetation carbon sink can be evaluated using a model simulation approach.
NPP and RH are the two key factors in estimating NEP. The current models for estimating
regional NPP fall into three types: statistical models, process-based models, and light use
efficiency (LUE) models [33]. Among them, statistical models are simple to operate, but
they are mainly based on climatic factors to construct models, which cannot deeply analyze
the factors affecting biological productivity, especially the effects of land cover change
due to human activities [34]. Process-based models estimate biological productivity by
considering the physiological and ecological processes in plants, which helps to understand
the interactions between vegetation and the environment, but their algorithms are more
complex, have more input data, and are more computationally intensive, which makes
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it difficult to achieve large-scale biological productivity estimates with high spatial and
temporal resolution [35]. LUE models are also well grounded in biophysics and are widely
used due to their fewer parameters and higher accuracy of simulation. The Carnegie–Ames–
Stanford Approach (CASA) is the most widely used representative of the LUE models [4].
However, CASA models are affected by varying input data sources and parameter localiza-
tion, which may cause the estimates to be inaccurate in terms of local conditions [36], and
therefore CASA models often need to be improved in the application process. Furthermore,
current estimates of RH are mainly made by constructing empirical models of RH and its
influencing factors [37,38]. Among them, the model proposed by Huang et al. can rapidly
and accurately obtain the regional RH by requiring only two factors: precipitation and NPP.
Its results were validated by two datasets from around the world, and it was found to be
better than other models that consider more factors [37].

Therefore, the main focus of this study includes (1) analyzing the number and spatial
distribution of land cover changes in the ARNWC from 2001 to 2018; (2) estimating the
vegetation carbon sources/sinks in the ARNWC from 2001 to 2018 using an improved
CASA model and a soil microbial heterotrophic respiration model with NEP as an indi-
cator of carbon source/sink and analyzing its spatial distribution and temporal variation
characteristics; and (3) assessing the impact of land cover change on vegetation carbon
source/sink. The findings of this study can (1) provide a reference for whether arid regions,
especially desert ecosystems, are sinks or sources, (2) help explore the impact of land cover
change on vegetation carbon sources/sinks in drylands, and (3) provide scientific guidance
for subsequent environmental management efforts.

2. Materials and Methods
2.1. Study Area

The arid region of northwest China (ARNWC), which lies between 73◦44′E–106◦46′E
and 34◦54′N–49◦19′N, has a total area of about 2.35 million km2 (Figure 1). The ARNWC
includes the whole territory of Xinjiang, the Hexi Corridor, the Qilian Mountains, the
Alxa Plateau, and the area west of the Helan Mountains, and it is an important part of
arid Central Asia [39]. The ARNWC has a unique and diverse landscape that includes
mountains, oases, and deserts. Due to water shortages and high evapotranspiration rates,
there is low vegetation coverage in this region. The native vegetation in this extremely
fragile ecological environment includes plants with shallow roots and a large number of
dry, drought-tolerant, salinity-tolerant vegetation that is also sand resistant [40].
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2.2. Dataset

In this study, we collected a variety of sources of vegetation and climate data to drive
the model (Table 1). To ensure data consistency and facilitate subsequent analysis, all
data were unified to the Albers equal area conic projection with WGS 84 as the datum,
and by using the neighbor assignment method and bilinear interpolation method, the
spatial resolution of vegetation and meteorological data was further resampled to 500 m,
respectively [41].

Table 1. The dataset in this study.

Group Parameter Data Source Period Spatial
Resolution

Temporal
Resolution

Vegetation
Land cover European Space Agency 1992–2020 300 m Yearly

NDVI MODIS MOD13Q1 2000–2022 250 m 16-day
EVI MODIS MOD13Q1 2000–2022 250 m 16-day

Climate

Temperature [41] National Earth System
Science Data Center 1901–2100 1 km Monthly

Precipitation [41] National Earth System
Science Data Center 1901–2100 1 km Monthly

Surface solar radiation [42] National Tibetan Plateau
Data Center 1983–2018 0.1◦ (~10 km) Monthly

Evapotranspiration [43] Terra Climate 1958–2021 1/24◦ (~4 km) Monthly
Potential

evapotranspiration [43] Terra Climate 1958–2021 1/24◦ (~4 km) Monthly

Boundary Study area boundary National Cryosphere
Desert Data Center – – –

The Climate Change Initiative-Land Cover (CCI-LC) dataset was obtained from the
European Space Agency (https://www.esa-landcover-cci.org (accessed on 22 September
2022)). We accessed data for each year from 2001 to 2018 and classified the land cover
types as cropland, forestland, grassland, urban areas, and bare areas according to the IPCC
classes considered for change detection. As we mainly considered the carbon source/sink
of vegetation, we did not consider water bodies or land permanently covered by snow
and ice; thus, these were excluded from this study. Ultimately, the total area of the five
remaining land cover types in the study area is approximately 2.06 million km2. The
MOD13Q1 vegetation index products (NDVI and EVI) were obtained from the National
Aeronautics and Space Administration (https://ladsweb.modaps.eosdis.nasa.gov/search
(accessed on 6 March 2022)). When we acquired this data. It was first pretreated by format
conversion, mosaic, and projection, revised by its quality control layer, eliminating outliers
and masks, and eventually synthesized to a monthly scale by applying the maximum
synthesis method. For resampling these vegetation data, we chose the nearest neighbor
assignment method that is suitable for discrete data, which will not change the pixel
values and has a maximum spatial error of half the pixel size. The monthly average
temperature and precipitation dataset for China was obtained from the National Earth
System Science Data Center, National Science and Technology Infrastructure of China
(http://www.geodata.cn (accessed on 4 March 2021)) [41]. The surface solar radiation
dataset was obtained from the National Tibetan Plateau Data Center (https://data.tpdc.
ac.cn (accessed on 8 March 2022)) [42]. The monthly scale potential evapotranspiration
(PET) and evapotranspiration (ET) data were obtained from the University of California
Climatology Laboratory (https://www.climatologylab.org/terraclimate.html (accessed
on 29 April 2022)) [43]. These data were all pretreated by format conversion, projection,
and mask. In addition, considering that meteorological data are continuous, we chose the
bilinear interpolation method to resample these data to 500 m, as this method uses the
weighted distance average of the four most adjacent pixels as the target pixel value, and the

https://www.esa-landcover-cci.org
https://ladsweb.modaps.eosdis.nasa.gov/search
http://www.geodata.cn
https://data.tpdc.ac.cn
https://data.tpdc.ac.cn
https://www.climatologylab.org/terraclimate.html
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processing can produce a smoothing effect on the data, thus it is considered to be suitable
for resampling continuous data.

The measured data are mainly from the work of Yang et al. [44] and Mohammat
et al. [45]. They collected above-ground biomass in the wild from July to September of
each year from 2001–2005. The locations included the Bayinbuluk Grassland Eco-System
Research Station, the Chinese Academy of Sciences, and the temperate grasslands of
northern China. In the sampling process, a large sample plot of 10 m × 10 m was first set
up, from which five small sample plots were taken to investigate the vegetation species,
height, cover, longitude and latitude, etc. Next, the above-ground part of the vegetation
was mowed flush with the ground, removing the incidental soil and gravel, and taken back
to the laboratory to be dried at 65 ◦C to a constant weight. Finally, the average value of
above-ground biomass of the five small sample plots was taken as the value of the large
sample plot and converted to carbon sequestration (g C/m2) by a 0.45 conversion factor.
Eventually, a total of 21 measured points were collected for the validation of the NPP
simulation results in our study.

The study area boundary was extracted from the 1:100,000 land desertification dataset
for the ARNWC, which was obtained from the National Cryosphere Desert Data Center
(http://www.ncdc.ac.cn (accessed on 9 January 2022)).

2.3. Methods
2.3.1. CASA Model

The CASA model belongs to the LUE models. It has been widely used due to its
good biophysical basis and simplicity of calculation [4]. It works by taking two variables,
including absorbed photosynthetically active radiation (APAR) and a light use efficiency
factor (ε), as the main drivers of the model. Additionally, the model considers the influence
of water and temperature stress on vegetation [46,47]. The relevant equations are as follows:

NPP = APAR× ε (1)

where NPP denotes the net primary productivity (g C/m2/month); APAR denotes the
absorbed photosynthetically active radiation (MJ/m2/month); and ε denotes the actual
light use efficiency (g C/MJ).

APAR = SOL× FPAR× 0.5 (2)

ε = Tε1 × Tε2 ×Wε × εmax (3)

where SOL denotes the total solar radiation (MJ/m2/month); FPAR is the fraction of
incident photosynthetically active solar radiation absorbed by the vegetation canopy; and
the constant 0.5 denotes the fraction of available active solar radiation (from wavelengths
between 0.4 and 0.7 µm) from the total solar radiation utilized by the vegetation. Tε1 and
Tε2 denote the stress effect of low and high temperatures on light use efficiency; Wε is
the water stress effect coefficient; εmax is the maximum light use efficiency under ideal
conditions (g C/MJ).

2.3.2. Model Improvements

In order to obtain productivity results that are more consistent with arid regional
ecosystems, we performed a partial improvement of the model. Firstly, there is an im-
provement to the FPAR simulation. We used MODIS-derived NDVI and EVI data, which
provides a higher spatial resolution over the NOAA/AVHRR data applied for the original
CASA model. It may cause the algorithm for the FPAR of the original model to no longer
be applicable. Therefore, the value of FPAR could not be accurately simulated [36]. Consid-
ering that FPAR is well correlated with both NDVI and EVI and that the FPAR calculated

http://www.ncdc.ac.cn
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from them is higher and lower, respectively, we took their average value and used it for the
FPAR input to the model [48,49].

FPAR = αFPARNDVI × (1− α)FPAREVI (4)

FPARNDVI =
NDVI(x,t) − NDVI(i,min)

NDVI(i,max) − NDVI(i,min)
× (FPARmax − FPARmin) + FPARmin (5)

FPAREVI =
EVI(x,t) − EVI(i,min)

EVI(i,max) − EVI(i,min)
× (FPARmax − FPARmin) + FPARmin (6)

where FPARNDVI denotes FPAR calculated with NDVI; FPAREVI denotes FPAR calculated
with EVI; the value of α is taken as 0.5; VI(x,t) denotes the vegetation index of pixel x in
month t; VI(i,max) and VI(i,min) denote the maximum and minimum values of the vegetation
index for the i-th vegetation type in month t, respectively; and FPARmin and FPARmax take
the values of 0.001 and 0.95, respectively.

Furthermore, it is clear that εmax has a significant impact on the simulation results
of NPP. The original CASA model used a constant value of 0.389 g C/MJ for εmax, but it
varies for different vegetation types [50]. Therefore, we classified the land cover types in
the ARNWC into five categories: cropland, forestland, grassland, urban areas, and bare
areas, and determined the εmax for different land cover types with reference to the findings
of previous studies (Table 2) [51,52]. In these studies, the εmax of different land cover types
in the arid region was inverted by substituting the NPP-measured data into the formula of
the CASA model and finally determined according to the principle of minimum error.

Table 2. εmax selected for different land cover types in the ARNWC (unit: g C/MJ).

Cropland Forestland Grassland Urban Areas Bare Areas

εmax 0.604 0.774 0.380 0.202 0.301
In this table, εmax is the maximum light use efficiency under ideal conditions (g C/MJ).

2.3.3. NEP Estimation Algorithm

Our study used NEP as an indicator of vegetation carbon source/sink. Since NPP is
the carbon accumulated after deducting vegetation’s own respiratory consumption, NEP
can be calculated as the difference between NPP and RH. The equations are as follows:

NEP = NPP− RH (7)

RH = 0.27× R0.52 × NPP0.43 (8)

where R denotes the total monthly precipitation (mm). For the estimation of RH, we used
the model proposed by Huang et al. [37].

2.3.4. Trend Analysis

The slope of the univariate linear equation over the same time period for each year
from the starting year to the ending year was calculated using the least squares method for
the variation in NEP over the year in that time period. Generally, a positive slope indicates
an increase in NEP over the years, a negative slope indicates a decrease in NEP, and a slope
equal to zero indicates a constant NEP.

2.3.5. Scenario Design

The main thought behind modeling scenario design is to control whether the input
variables to the model change or remain constant. It is commonly used to decompose the
magnitude of the impact of different factors on geographical phenomena [9,34].
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In this study, we treat the impact of land cover change as a joint effort of land cover
type conversion (abrupt change) and vegetation growth enhancement (gradual change).
On this basis, two sets of five modeling scenarios were designed to analyze the impact of
land cover change on vegetation carbon sources/sinks in the ARNWC (Table 3). Among
them, the first group was used to simulate the impact of land cover change (including
scenarios L1 and L2). Where scenario L1 only allows land cover type to change while
keeping other factors consistent at the 2001 level, this scenario assesses the direct impact
of land cover type conversion on vegetation carbon source/sink but fails to account for
the impact of vegetation growth enhancement. Thereby, in order to assess the impact of
vegetation growth enhancement, we use NDVI and EVI as indicators of natural vegetation
growth and designed scenario L2, which allows for changes in land cover type, NDVI, and
EVI with constant climate factors. This scenario assesses the combined effect of land cover
type conversion and vegetation growth enhancement on vegetation carbon source/sink
(i.e., the effect of land cover change). The second group contains three scenarios (LC1, LC2,
and LC3), where LC1 is used to model annual NEP changes in the study area in a real
scenario, which allows all model input variables to change. The results of scenarios LC2
and LC3 can reveal the direct and interactive effects of land cover type conversion and
climate change, respectively, where scenario LC2 allows all factors except NDVI and EVI
to change, while scenario LC3 allows only NDVI and EVI to change, and all other factors
remain unchanged. Given that the modeling scenario design method generally has both
direct and indirect strategies to assess the impact of land cover change, the difference in
results between scenarios LC1 and LC2/LC3 can further demonstrate the reliability of the
research findings.

Table 3. Modeling scenarios design for this study.

Group Scenario Land Cover Type NDVI/EVI Rad Tem WSI Pre

land cover change L1 N 4 4 4 4 4
L2 N N 4 4 4 4

land cover change and
Climate Change

LC1 N N N N N N
LC2 N 4 N N N N
LC3 4 N 4 4 4 4

In this table, solid triangles (N) indicate that the input variable changed continuously from 2001 to 2018, and
hollow triangles (4) indicate that the input variable was fixed at the 2001 level. Rad indicates radiation, Tem
indicates temperature, WSI indicates the ratio of ET to PET, and Pre indicates precipitation.

3. Results
3.1. Validation of NPP Estimation Results

We use the measured data from 2001 to 2005 to validate the NPP results that are
evaluated by the improved CASA model in the ARNWC [44,45]. In Figure 2, the correlation
between the NPP estimation results and the observed data was significant (R2 = 0.673,
p < 0.01), indicating that the NPP simulation results can be used for subsequent analysis.



Remote Sens. 2023, 15, 2471 8 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW  8  of  25 
 

 

3. Results 

3.1. Validation of NPP Estimation Results 

We use  the measured data  from 2001  to 2005  to validate  the NPP  results  that are 

evaluated by the improved CASA model in the ARNWC [44,45]. In Figure 2, the correla‐

tion between the NPP estimation results and the observed data was significant (R2 = 0.673, 

p < 0.01), indicating that the NPP simulation results can be used for subsequent analysis. 

 

Figure 2. Validation of NPP estimation results. In which **  indicates that the p‐value  is  less than 

0.01. 

3.2. Land Cover Change during the Study Periods 

In Table 4, the bare areas are dominant among each land cover type in the ARNWC, 

accounting for approximately 70% of the total area, which is distributed in the Alxa Plat‐

eau, Tuha Basin, Junggar Basin, and Tarim Basin. Grassland ranked second with an area 

of approximately 22%, mainly distributed in the Altai Mountains, the western part of the 

Tacheng Prefecture, the south and north slopes of the Tianshan Mountains, the Ili Region, 

the Kunlun Mountains,  the Qilian Mountains,  and  the Helan Mountains. The  area  of 

cropland accounts for approximately 7% and is mainly distributed in the Irtysh River Ba‐

sin, the northern part of the Tacheng Prefecture, the Ili Region, the economic belt on the 

northern slope of the Tianshan Mountains, the oasis belt around the Tarim Basin, and the 

Qilian Mountains. The area of forestland and urban areas is the smallest, both accounting 

for  less  than 1%. Among  them,  forestland  is mainly distributed  in mountainous areas, 

including the Altai Mountains, the Tianshan Mountains, and the Qilian Mountains. 
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3.2. Land Cover Change during the Study Periods

In Table 4, the bare areas are dominant among each land cover type in the ARNWC,
accounting for approximately 70% of the total area, which is distributed in the Alxa Plateau,
Tuha Basin, Junggar Basin, and Tarim Basin. Grassland ranked second with an area of
approximately 22%, mainly distributed in the Altai Mountains, the western part of the
Tacheng Prefecture, the south and north slopes of the Tianshan Mountains, the Ili Region,
the Kunlun Mountains, the Qilian Mountains, and the Helan Mountains. The area of
cropland accounts for approximately 7% and is mainly distributed in the Irtysh River
Basin, the northern part of the Tacheng Prefecture, the Ili Region, the economic belt on the
northern slope of the Tianshan Mountains, the oasis belt around the Tarim Basin, and the
Qilian Mountains. The area of forestland and urban areas is the smallest, both accounting
for less than 1%. Among them, forestland is mainly distributed in mountainous areas,
including the Altai Mountains, the Tianshan Mountains, and the Qilian Mountains.

Table 4. Area of each land cover type in the ARNWC during 2001–2018 (unit: km2).

Year Cropland Forestland Grassland Urban Areas Bare Areas

2001 137,764.5 17,148.25 451,596.5 730.25 1,448,575
Percentage 6.70% 0.83% 21.97% 0.04% 70.46%

2018 152,862.25 19,332.25 455,680.75 2615.25 1,425,324
Percentage 7.44% 0.94% 22.17% 0.13% 69.33%

change 15,097.75 2184 4084.25 1885 −23,251
Percentage 10.96% 12.74% 0.90% 258.13% −1.61%
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The spatial distribution of land cover change in the ARNWC from 2001–2018 is
illustrated in Figure 3. The most obvious characteristics are mainly shown by the expansion
of cropland and forestland in the central part of the ARNWC and the interconversion of
grassland and bare areas in the southern and central mountainous areas, combined with
Table 4 and the results of the land use transfer matrix (Table 5). The total cropland area
increased by 15,097.75 km2, which showed outward expansion through the occupation
of bare areas and grassland on the edge of the Tarim Basin and the economic belt on
the northern slope of the Tianshan Mountains. The total area of forestland increased by
2184 km2, showing the expansion of forestland located in the southern part of the Ili Region
to external grassland and the conversion of grassland to forestland. The net increase in the
total grassland area is 4084.25 km2, which is mainly the result of the conversion between
bare areas and grassland, which mainly occurred in mountainous areas, including the
Helan Mountains, Qilian Mountains, Kunlun Mountains, and Tianshan Mountains. The
urban areas increased the least, approximately 1885 km2, but the tendency toward urban
expansion was more significant because the urban area in 2018 was nearly four times that
of 2001. The net decrease in total bare area of 23,251 km2 was mainly the result of bare areas
being converted into cropland and grassland. Thus, land cover change in the ARNWC from
2001 to 2018 mainly occurred as a result of the conversion between cropland, grassland,
and bare areas, and the expansion of cropland and urban areas is obvious. Due to the
influence of national policies such as the Grain for Green Program, the forestland area is
slowly and steadily increasing.
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Table 5. The land use transfer matrix for the ARNWC during 2001–2018 (unit: km2).

From
To

Cropland Forestland Grassland Urban Areas Bare Areas

Cropland 133,151.75 339.50 2433.00 1083.75 756.50
96.65% 0.25% 1.77% 0.79% 0.55%

Forestland
150.00 16,635.00 318.50 1.00 43.75
0.87% 97.01% 1.86% 0.01% 0.26%

Grassland
6332.50 2328.50 434,464.00 556.75 7914.75
1.40% 0.52% 96.21% 0.12% 1.75%

Urban areas
0.00 0.00 0.00 730.25 0.00

0.00% 0.00% 0.00% 100.00% 0.00%

Bare areas
13,228.00 29.25 18,465.25 243.50 1,416,609.00

0.91% 0.00% 1.27% 0.02% 97.79%

Table 6. Codes for interannual land cover type conversions.

Cropland to Forestland (12) Cropland to Grassland (13) Cropland to Urban Areas (14) Cropland to Bare Areas (15)
Forestland to Cropland (21) Forestland to Grassland (23) Forestland to Urban areas (24) Forestland to Bare areas (25)
Grassland to Cropland (31) Grassland to Forestland (32) Grassland to Urban areas (34) Grassland to Bare areas (35)
Bare areas to Cropland (51) Bare areas to Forestland (52) Bare areas to Grassland (53) Bare areas to Urban areas (54)

3.3. Spatial Distribution and Temporal Variation of Carbon Source/Sink
3.3.1. Spatial Distribution of Carbon Source/Sink

From 2001 to 2018, the vegetation carbon source/sink in the ARNWC had an obvious
regional divergence (Figure 4). Generally, the region was mainly a carbon sink, and the total
annual average carbon sequestration reached 80.34 Tg C (1 Tg = 1012 g). Among each land
cover type, forestland had the largest NEP, reaching more than 300 g C m−2 a−1, which
was mainly found in the higher altitude areas such as the Altai and Tianshan Mountains
and Qilian Mountains. The regions with NEP greater than 200 g C m−2 a−1 were mainly
spread throughout the oasis agricultural belt in the plain areas, such as the northern
part of the Tacheng prefecture, the economic belt on the northern slope of the Tianshan
Mountains, the Ili Valley region, and the edge of the Tarim Basin. It is also noteworthy
that the sparsely vegetated areas in the Tarim Basin, Junggar Basin, Tuha Basin, and Alxa
Plateau have also shown regional vegetation as a carbon sink in recent years, even if in
a weak state (NEP > 0 g C m−2 a−1). The regions with NEP less than 0 g C m−2 a−1 are
mainly distributed in parts of the bare areas on the southern and northern slopes of the
Tianshan Mountains and the Kunlun Mountains.

3.3.2. Temporal Variation in Vegetation Carbon Sources/Sinks

From 2001–2018, the total NEP in the ARNWC increased from 73.68 Tg C in 2001 to
85.06 Tg C in 2018, with an average rate of increase of approximately 0.67 Tg C/a, and
the average NEP increased from 35.84 g C m−2 a−1 to 41.37 g C m−2 a−1 (Table 7). The
total NEP of all land cover types also showed a net increase. Among them, the urban areas
showed the most significant increase in total NEP, which more than tripled compared to
2001, although the total increased by only 0.08 Tg C. The contribution by cropland was the
largest, with a net increase of 8.36 Tg C in recent years, accounting for approximately 73.46%
of the total regional NEP increase, and the average rate of increase was approximately
0.49 Tg C/a. Following cropland were grassland, forestland, and bare areas, whose net
increases in NEP were 2.36 Tg C, 0.55 Tg C, and 0.03 Tg C, respectively. Comparing the
average NEP of each land cover type, we found that all land cover types except forestland
had an increasing trend. This further indicated that the vegetation growth of each land
cover type except forestland was improving.



Remote Sens. 2023, 15, 2471 11 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW  11  of  25 
 

 

and Qilian Mountains. The regions with NEP greater than 200 g C m−2 a−1 were mainly 

spread throughout the oasis agricultural belt in the plain areas, such as the northern part 

of the Tacheng prefecture, the economic belt on the northern slope of the Tianshan Moun‐

tains, the Ili Valley region, and the edge of the Tarim Basin. It is also noteworthy that the 

sparsely vegetated areas in the Tarim Basin, Junggar Basin, Tuha Basin, and Alxa Plateau 

have also shown regional vegetation as a carbon sink in recent years, even if in a weak 

state (NEP > 0 g C m−2 a−1). The regions with NEP less than 0 g C m−2 a−1 are mainly distrib‐

uted in parts of the bare areas on the southern and northern slopes of the Tianshan Moun‐

tains and the Kunlun Mountains. 

 

Figure 4. Average NEP of vegetation  in the ARNWC from 2001–2018. Subfigures (a–d,f) are dis‐

played by raster, with the color of the raster representing its value. subfigure (e) shows the urban 

areas, due to their relative small proportion compared to the study area, and therefore uses dots to 

represent the corresponding raster, with the color of the dots indicating the value of the correspond‐

ing raster. 

3.3.2. Temporal Variation in Vegetation Carbon Sources/Sinks 

From 2001–2018, the total NEP in the ARNWC increased from 73.68 Tg C in 2001 to 

85.06 Tg C in 2018, with an average rate of increase of approximately 0.67 Tg C/a, and the 

average NEP increased from 35.84 g C m−2 a−1 to 41.37 g C m−2 a−1 (Table 7). The total NEP 

of all land cover types also showed a net increase. Among them, the urban areas showed 

the most significant  increase  in  total NEP, which more  than  tripled compared  to 2001, 

although the total increased by only 0.08 Tg C. The contribution by cropland was the larg‐

est, with a net increase of 8.36 Tg C in recent years, accounting for approximately 73.46% 

of the total regional NEP  increase, and the average rate of  increase was approximately 

0.49 Tg C/a. Following cropland were grassland,  forestland, and bare areas, whose net 

increases in NEP were 2.36 Tg C, 0.55 Tg C, and 0.03 Tg C, respectively. Comparing the 

average NEP of each land cover type, we found that all land cover types except forestland 

had an increasing trend. This further indicated that the vegetation growth of each land 

cover type except forestland was improving. 

Table 7. Total and average NEP in 2001 and 2018 in the ARNWC. 

Type  Cropland  Forestland  Grassland  Urban Areas  Bare Areas  Total 

Total NEP (Tg C) 

2001  24.64  6.69  23.50  0.03  18.82  73.68 

2018  33.00  7.24  25.86  0.11  18.85  85.06 

Change  8.36  0.55  2.36  0.08  0.03  11.38 

Figure 4. Average NEP of vegetation in the ARNWC from 2001–2018. Subfigures (a–d,f) are displayed
by raster, with the color of the raster representing its value. subfigure (e) shows the urban areas, due
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Table 7. Total and average NEP in 2001 and 2018 in the ARNWC.

Type Cropland Forestland Grassland Urban Areas Bare Areas Total

Total NEP (Tg C)
2001 24.64 6.69 23.50 0.03 18.82 73.68
2018 33.00 7.24 25.86 0.11 18.85 85.06

Change 8.36 0.55 2.36 0.08 0.03 11.38
Percentage 33.93% 8.22% 10.04% 266.67% 0.16% 15.45%

Average NEP (g C m−2 a−1)
2001 178.87 389.86 52.03 38.94 12.99 35.84
2018 215.85 374.25 56.75 43.15 13.23 41.37

Change 36.98 −15.61 4.72 4.21 0.24 5.53
Percentage 20.67% −4.00% 9.07% 10.81% 1.85% 15.43%

In Figure 5, the annual carbon sink of cropland in the northern part of Tacheng
Prefecture, the economic belt on the northern slope of the Tianshan Mountains, the Ili
Region, the edge of the Tarim Basin, and the Qilian Mountains has been increasing over
time. In contrast, the high carbon sink areas of forest located in the Altai Mountains and
Tianshan Mountains, as well as the grassland in the Ili Valley, have decreased annually,
indicating that the vegetation carbon sequestration capacity in these areas is decreasing.
The regions that behave as carbon sources, such as the northern and southern slopes of the
Tianshan Mountains, have continued to increase carbon emissions at a slow rate in recent
years. The remaining sparsely vegetated areas, mainly within the hinterlands of the Tarim
Basin, Junggar Basin, Tuha Basin, and Alxa Plateau, showed minor changes in NEP.

As indicated by land cover type conversions from 2001 to 2018, the results in Figure 6
show that in areas where the land cover type remains unchanged, the total NEP of cropland,
grassland, urban areas, and bare areas has increased by 4.91 Tg C, 2.57 Tg C, 0.025 Tg C,
and 0.82 Tg C, respectively, which indicates that their vegetation growth has improved.
In contrast, the total NEP of forestland has decreased by 0.37 Tg C, which indicates that
the vegetation has degraded in the unchanged forest areas. This may also account for the
decline in the average carbon sink in forests throughout the region. In areas where land
cover types have changed, the total NEP of cropland and forestland increased dramatically,
reaching 3.45 Tg C and 0.93 Tg C, respectively, which is approximately 4.5 and 5.5 times
more than in 2001, and the total NEP of urban areas also increased by approximately
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0.08 Tg C due to urban expansion, whereas the total NEP of grassland and bare areas
decreased by 0.2 Tg C and 3.17 Tg C, respectively.
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3.4. Effects of Land Cover Change on Vegetation Carbon Source/Sink
3.4.1. Changes in NEP in the Context of Expansion of Different Land Cover Types

On the basis of land cover conversion in each of the adjacent two years, we obtained
the accumulation of NEP change in the expansion areas of different land cover types from
2001–2018. In Figure 7a, there are net increases of 1.71 Tg C and 0.64 Tg C for cropland
and forestland expansion areas, respectively, and net decreases of 0.05 Tg C, 0.13 Tg C,
and 0.12 Tg C for grassland, urban land, and bare land expansion areas, respectively, from
2001–2018. In particular, the areas converted from bare land and grassland to cropland had
an increase in NEP of approximately 1.72 Tg C. Both together contributed to the NEP’s
increase in areas of additional cropland. (Figure 7b). The increase in NEP in areas converted
from grassland to forestland is the main contributor to the NEP increase in forestland
expansion areas, with a contribution of approximately 92.18%, while it is also controlled
by the NEP increase in areas of fallow forestry (Figure 7c). Total NEP in areas of new
grassland showed a net decrease from 2001–2018, with a cumulative increase of 0.2 Tg C
in areas of bare land converted to grassland but a cumulative decrease of approximately
0.25 Tg C in areas of cropland and forestland converted to grassland (Figure 7d). The
reduction of NEP in areas where urban land occupies cropland is the main component
of the reduction of NEP in areas of urban land expansion. It is noted that although the
conversion of other land cover types to urban areas leads to a loss of regional vegetation
and carbon stocks compared to the previous year, the total vegetation and carbon stocks in
urban land expansion areas increased from 2001–2018 due to the significant expansion of
urban areas (Figure 7e). The conversion of cropland, forestland, and grassland to bare land
covers 756.5 km2, 43.75 km2, and 7914.75 km2, respectively, and resulted in a net reduction
of 0.07 Tg C, 0.01 Tg C, and 0.04 Tg C in regional NEP, with cropland and grassland
contributing a total of 91.67%. Combined with the regional distribution of land cover type
conversion (Figure 3), this indicates areas of grassland in the high-altitude mountains of the
southern part of the ARNWC and the Tianshan Mountains and cropland in the northern
part of the ARNWC, including the Yili, Tacheng, and Altay regions, all of which are subject
to land degradation, as well as a minor degradation of forests around Lake Bosten in
southern Xinjiang (Figure 7f).

3.4.2. Results of Modeling Scenario Design

According to the results of scenario L1 (dynamic land cover type while other factors
remained fixed), 94.04% of the ARNWC expressed an increase in NEP under the effects
of land cover type conversion. mainly within the areas of cropland expansion along the
economic belt on the northern slope of the Tianshan Mountains and the edge of the Tarim
Basin, as well as regions where grassland converted to forestland in the southern part of
the Ili region (Figure 8a). The effects of land cover type conversion promoted an increase in
total NEP at a rate of 0.10 Tg C/a (Figure 8c), among which cropland, forestland, grassland,
urban, and bare areas contributed 0.08 Tg C/a, 0.05 Tg C/a, −0.03 Tg C/a, 0.005 Tg C/a,
and −0.01 Tg C/a, respectively. The net increase in total NEP under the effects of land
cover type conversion was 1.77 Tg C until 2018, which explains approximately 15.55% of
the change in original NEP (Table 8). Furthermore, the effects of land cover type conversion
increased the total NEP by 1.40 Tg C, 0.92 Tg C, and 0.08 Tg C for cropland, forestland,
and urban areas, respectively, and decreased the total NEP by 0.44 Tg C and 0.19 Tg C for
grassland and bare areas, respectively.
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vegetation carbon sources/sinks in the ARNWC from 2001–2018. (a) L1 trend (dynamic land cover
type, other factors remain fixed); (b) L2 trend (dynamic land cover type, NDVI, EVI, other factors
remain fixed); (c) annual total NEP for L1; (d) annual total NEP for L2.
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Table 8. Total NEP for 2001 and 2018 under different scenario designs.

Type Cropland Forestland Grassland Urban Areas Bare Areas Total

Total NEP for LC1 (Tg C)
2001 24.64 6.69 23.50 0.03 18.82 73.68
2018 33.00 7.24 25.86 0.11 18.85 85.06

Change 8.36 0.55 2.36 0.08 0.03 11.38
Total NEP for L1 (Tg C)

2018 26.04 7.61 23.06 0.11 18.63 75.45
Change 1.40 0.92 −0.44 0.08 −0.19 1.77

Percentage for LC1 16.75% 167.27% −18.64% 100.00% −633.33% 15.55%
Total NEP for L2 (Tg C)

2018 33.30 7.79 26.99 0.12 20.23 88.43
Change 8.66 1.10 3.49 0.09 1.41 14.75

Percentage for LC1 103.59% 200.00% 147.88% 112.50% 4700.00% 129.61%

In addition to the effects of land cover type conversion, it is equally important to
consider the effects of vegetation growth enhancement. Therefore, we designed scenario L2
(dynamic land cover type, NDVI, EVI, other factors kept fixed). Compared with the results
of scenario L1, the area showing an increasing trend in NEP was reduced, which accounted
for approximately 60.02%, mainly distributed in the regions where cropland and grassland
existed (Figure 8b). However, the net increase in total NEP reached 14.75 Tg C (Table 8),
which exceeded the results of scenario LC1 (reaching 129.61% for its results). This indicated
that land cover change has an obvious positive influence on the carbon sink of vegetation,
especially the growth enhancement of fresh vegetation. The mean rate of increase was
approximately 0.87 Tg C/a (Figure 8d), among which cropland, forestland, grassland,
urban, and bare areas contributed 0.51 Tg C/a, 0.06 Tg C/a, 0.21 Tg C/a, 0.01 Tg C/a,
and 0.08 Tg C/a, respectively. Meanwhile, the contribution to total NEP was the largest
in cropland and grassland, reaching 8.66 Tg C and 3.49 Tg C, respectively, and the net
increase in NEP in forestland, urban, and bare areas was 1.10 Tg C, 0.09 Tg C, and 1.41 Tg C,
respectively.

4. Discussion
4.1. Overall Vegetation Carbon Source/Sink in the ARNWC

In our study, we found that 98.99% of vegetation in the ARNWC showed a carbon
sink from 2001–2018, which is in line with earlier findings [16,53]. We observed that the
overall vegetation in the ARNWC showed various degrees of carbon sinks. In addition,
there are two noteworthy features.

First, the vegetation within bare areas, which mainly consist of desert ecosystems, has
shown a weak carbon sink in recent years. A recent study demonstrated that although there
is currently not enough evidence to prove that desert ecosystems can form stable vegetation
carbon sinks, an increased aboveground biomass of desert vegetation is still observed in
other parts of the globe, mainly due to increased precipitation during the growing season,
which promotes vegetation growth. This also occurred in the ARNWC (Figure 9), and CO2
fertilization effects increased the carbon sequestration capacity of vegetation [54–56]. In
addition, biocrust is widely distributed in arid deserts, and it can fix carbon dioxide, which
is also an essential factor that influences the desert carbon cycle [57]. When the drifting
sand in the desert is fixed by plants, it will gradually generate different stages of biocrust
by the physical effects of dust fall and rainfall [58], and the newly generated biocrust can
also be more convenient for herbaceous and woody plants to invade and grow [59], which
may be another important reason why the desert is a carbon sink.
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Figure 9. Annual variation in average precipitation during the growing season (May–October)
in ARNWC.

Second, the carbon source in ARNWC mainly occurs in high altitude mountains
(Figure 10), including the Tianshan Mountains, Kunlun Mountains, and Qilian Mountains.
Previous studies have also illustrated that as altitude increases, vegetation at middle and
high altitudes is less disturbed by human activities. Furthermore, regions at these altitudes
have an increase in rainfall and a decrease in evapotranspiration, which can encourage
the area of vegetation carbon sinks to increase. However, at extremely high altitudes,
temperatures that are too low inhibit vegetation growth, and vegetation will behave as a
carbon source [60].
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(a) the number of grids for carbon sinks or sources contained within different elevation ranges (b) the
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value above the red line denotes a carbon sink, and those below the red line denote a carbon source.

4.2. Vegetation Carbon Source/Sink in Different Land Cover Types and Their Response to Land
Cover Change

For different land cover types, we found that the total and average carbon sinks for
cropland in the ARNWC from 2001 to 2018 increased annually, which was caused by
both the expansion of cropland area and anthropogenic management. In recent years,
newly reclaimed land has mainly originated from the ARNWC due to the cultivated land
requisition-compensation balance policy, which has contributed to the rapid expansion of
the local cropland area [61,62]. In addition, since the expansion of cropland mainly occupies
the surrounding desert grassland or bare areas, the soil moisture and nutrient conditions
of the newly reclaimed areas have improved compared to the original land cover type.
Furthermore, it has been proposed that agricultural activities such as the application of
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organic fertilizers, anthropogenic irrigation, and conservative tillage practices contributed
to 3.2-, 2.4-, and 4.2-fold increases in the yields of wheat, maize, and cotton, respectively,
in Xinjiang during 1978–2015 [63], thus indicating that the implementation of effective
agricultural activities and artificial inputs in the ARNWC is favorable for increasing the
productivity of cropland [64].

From 2001–2018, the total carbon sink in forestland increased by a net of 0.55 Tg C.
However, the average NEP decreased from 389.86 g C m−2 a−1 to 374.25 g C m−2 a−1,
which was caused by the loss of the carbon sink in the original forest areas. Our study
found a decrease of 0.37 Tg C (5.67%) in the carbon pools and a decrease in the average NEP
from 392.09 g C m−2 a−1 to 369.64 g C m−2 a−1 in the regions with unchanged forestland,
mainly located in the Altai Mountains. This observation indicates that the ecology of the
regional forest is degrading. Previous findings have noted that the proportion of young,
middle-aged, and nearly mature forests in the Altai Mountains is lower, the age composition
is imbalanced, and the stands have been rapidly decreasing in recent years due to age and
mortality. In addition, anthropogenic activities such as indiscriminate deforestation and the
exploitation of mineral resources have also led to the destruction of forests [65]. However,
the forest expansion and regeneration of young and middle-aged forests caused by the
implementation of national afforestation and reforestation projects and the Natural Forest
Protection Project in the Ili Valley and Qilian Mountains will contribute to the increase in
the carbon sink [66,67].

The total and average carbon sinks of grassland in the ARNWC have been increasing
in the last 18 years. Although the effects of land cover type conversion led to a decrease
of 0.44 Tg C, which offset a part of the increased carbon sink by enhanced vegetation
growth, the combined effect of land cover change was still favorable to the accumulation
of the carbon sink. It has been illustrated that the overall trend of grassland growth in
the ARNWC has improved, and conservation measures such as fencing, prohibition, and
rotational grazing have a positive impact on grassland growth [68,69]. This is similar to
our observations that carbon sinks increase in areas with unaltered grassland. However,
consistent with the negative effect of land cover type conversion, we found that the areas
with changes in grassland had a decrease in carbon sink of 0.20 Tg C (16.39%), and the
average NEP decreased from 71.37 g C m−2 a−1 to 47.98 g C m−2 a−1. The new grassland
mainly originated from bare areas and was distributed in mountainous regions, for instance,
the Tianshan Mountains, Kunlun Mountains, Qilian Mountains, and Helan Mountains.
Since the 1980s, the warming climate in the ARNWC has led to partial snow melting [70].
These warmer conditions could promote the growth of alpine meadows and drive the bare
alpine areas into higher elevations, with the former bare area boundaries being occupied by
grassland [71]. However, the increase in new grassland carbon sinks still cannot compensate
for the loss of grassland carbon sinks due to the expansion of cropland in the plains [72].

The total and average values of the vegetation carbon sink in urban areas increased,
and this characteristic remained under the influence of land cover change. On the one
hand, this was related to urban expansion. Our study found that the area of cities in 2018
was approximately four times greater than that in 2001 due to the influence of policies
such as Western Development [73], which is in line with the results of prior studies [14].
On the other hand, although urbanization in its earlier stages occupied a large amount of
the surrounding natural vegetation, fossil fuel combustion and consumption by industry
also released large amounts of CO2 into the atmosphere. However, the vegetation growth
status and carbon sink capacity will gradually improve with the intensification of subse-
quent human management strategies [74,75]. In addition, taking into account the natural
environment in which the ARNWC is located, urbanization will sustainably improve the
vegetation coverage to a certain extent [76].

The effects of land cover type conversion resulted in a decrease of 0.19 Tg C in the
carbon sink of bare areas, corresponding to a decrease of 0.79 Tg C for the total vegetation
carbon sink in the regions where bare areas changed. This mainly results from the reduction
in bare areas. Our study found that only the bare land areas decreased from 2001–2018, and
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the decrease was substantial at 23,251 km2. However, the total carbon sink has increased in
regions with unchanged bare areas, which eliminates the loss of carbon sink caused by the
reduction of bare land area. The effect of land cover change indicates that the growth of
vegetation in bare areas is improving, which is consistent with the findings observed in
other regions of the globe [54].

In general, our study reveals that the vegetation in the ARNWC mainly operated as
a carbon sink and that the total amount increased. Among them, although the total net
increase in the vegetation carbon sink in bare areas is relatively small, accounting for only
0.16% of the total carbon sink increase in the ARNWC, it still shows the same trend of
increasing carbon sink as observed by previous studies [77,78]. Under the influence of
several national policies, land cover change has an obvious positive effect on the vegetation
carbon sink. This further confirms that ecological restoration projects can be effective
in achieving long-term improvements in terrestrial ecosystem carbon sink capacity [79].
However, it is still worth noting that although the carbon sink of cropland is increasing due
to cropland expansion and anthropogenic management, in view of the constraints of natural
conditions such as limited water resources and poor rainfall in arid regions, attention should
still be paid to improving water use efficiency and avoiding the waste of water resources
in the process of cropland reclamation [80]. Additionally, the windproof forest belt of
cropland should be protected to prevent the occurrence of environmental problems such as
land desertification [63]. For regions with degraded forests, such as the Altai Mountains,
emphasis should be placed on restoring forest vegetation and strengthening the restoration
and management of mine ecology, which are also relevant efforts that are expected to be
implemented by the state-approved pilot project for ecological protection and restoration of
mountains, rivers, forests, fields, lakes, and grasslands in the Irtysh River Basin that began
in 2018 [81]. Our study also observed a gradual decrease in grassland carbon sink in the
Ili region, which was also confirmed in previous studies associated with the soil moisture
deficit and overgrazing in the Ili region [82]. Therefore, the enforcement of measures such
as grazing prohibition and livestock relocation should be focused on in this region to slow
the pace of grassland degradation [83].

4.3. Uncertainties

Carbon sinks in terrestrial ecosystems are usually influenced by land cover change and
climate change. However, separating the effects of land cover change and climate change
remains a challenge due to their complex interactions [84]. The vegetation carbon sink in
the ARNWC is mainly affected by land cover change [14]. Therefore, our study explored
this phenomenon by means of modeling scenarios. For example, to investigate the effects
of land cover change, we only allowed land cover type, NDVI, and EVI to change during
the model operation, while climate-related factors were kept at 2001 levels. However, it
can be seen that the simulation results still represent the combined effect of land cover
change and climate influences under stable climate conditions, even if the climate factors
remain constant. In addition, to take the impact of natural vegetation growth into account,
we allowed NDVI and EVI to vary in the stable category, but this was also potentially
affected by climate simultaneously and introduced some uncertainty into the results. Nev-
ertheless, our findings still provide knowledge regarding how land cover change affects
the vegetation carbon sink in the ARNWC. Ultimately, we found that land cover change
had an obvious positive impact on the vegetation carbon sink in ARNWC. In addition,
we used a direct strategy to analyze the effects of land cover change, and the results are
conservative in comparison with the indirect strategy (Supplementary Figure S1), which
has a similar pattern to previous studies [9]. This further supports our results in another
way because, even with some underestimation, our study still found that the effects of
land cover change contributed to an increase in the vegetation carbon sink, regardless of
whether it was considered in the overall study area or split by land cover types.

Regarding the model, although we have partially improved the CASA model, there
may also be differences in the results due to varying sources of input data. For example,
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by comparing ESA CCI and MCD12Q1 land cover products, we found that there are
some differences in the classification of pixel units. Particularly in the hinterland of the
Tuha Basin and the southern margin of the Tarim Basin, a large number of pixel units are
classified as permanent snow and ice in MCD12Q1, which is not reasonable. In contrast,
the CCI product provides the first detailed long-term time series of land cover change, and
it also meets the input requirements of both surface and climate models [85]. Therefore,
we chose the ESA CCI product as the input land cover dataset for the model in this study.
In addition, it has been proposed that the estimation results derived by inputting MODIS
NDVI are higher than those of GIMMS NDVI [52], and NDVI suffers from saturation
effects, which may underestimate the value of high coverage areas [86]. Thus, it can be
seen that the results of the vegetation carbon sink will be subject to some uncertainty.
However, the results of our study still contribute to revealing the relative magnitude and
direction of the vegetation carbon sink. Furthermore, given the uncertainty of the model
itself, we need to improve our understanding of the formation mechanism and influencing
factors for terrestrial ecosystem productivity and deepen our research on the mechanisms
of physiological and ecological processes in the model in future studies.

In addition, there is no doubt that model simulation results with high-spatial-resolution
input data are more beneficial to our understanding of the response of terrestrial ecosystems
to global climate change. However, fine representation of model results at large scales is
often difficult to achieve due to the complexity of the model structure, the difficulty of
applying high-resolution simulations regionally/globally, and long operation times. In
contrast, using coarser resolution remote sensing products often fails to capture the effects
of sub-grid heterogeneity and topographic relief, two factors that play an important role in
surface energy balance and can significantly interfere with vegetation photosynthesis and
thus cause bias in the results of vegetation carbon source/sink evaluation [87]. Based on
this consideration, our study still has some limitations. First, the MODIS vegetation index
data were generated ignoring the topographic effects [88], and second, the meteorological
data used in the study, including the solar radiation at 0.1◦ (~10 km) and the evapotranspi-
ration/potential evapotranspiration data at 1/24◦ (~4 km), were of coarse resolution, and
even if they were resampled to 500 m using a bilinear interpolation method that applies to
continuous data, their ability to capture changes in the surface energy balance due to sub-
grid heterogeneity and topographic relief remains weaker than the higher spatial resolution
products [89]. However, even with the uncertainties associated with using these data to
force the model, we were able to assess the results for vegetation carbon source and sink at
a spatial resolution of 500 m over an area of more than 2 million km2. Any attempt to build
on this foundation with more detailed simulations would be difficult to achieve due to the
sheer volume of data. At present, Tesfa et al. [89] have developed a method for downscaling
grid-scale meteorological data to sub-grid scale based on topography in response to the
coarse resolution of meteorological data. Moreover, Xie et al. [90] also demonstrated the
feasibility of their proposal to run the model at coarse spatial resolution and then apply a
linear or non-linear downscaling process to the coarse estimation results by considering
surface heterogeneity to obtain high spatial resolution vegetation productivity at large
scales. Therefore, our future work will be able to use these methods to conduct more refined
simulations of vegetation carbon sinks and to assess the impact of land cover change, thus
making our research more considered.

5. Conclusions

In this study, we described the spatial and temporal dynamics of vegetation carbon
sources/sinks in the ARNWC from 2001 to 2018 by combining the CASA model and a
RH model and assessed the effects of land cover change on them through a modeling
scenario design. We found that vegetation in the study area mostly acted as a carbon
sink from 2001 to 2018. Among them, it is noteworthy that the vegetation within bare
areas, which mainly consist of desert ecosystems, has also shown a weak carbon sink in
recent years. This is likely to be related to increased regional precipitation during the
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growing season, CO2 fertilization, and biocrust distribution. Furthermore, we found that
land cover change had an obvious positive influence on vegetation carbon sinks. Among
them, the effect of land cover type conversion (abrupt change) contributed to an increase
in total NEP of approximately 1.77 Tg C, which reached 15.55% of the original value, and
after simultaneously considering the effect of vegetation growth enhancement (gradual
change), it contributed to an increase in total NEP of approximately 14.75 Tg C, which
reached 129.61% of the original value. For different land cover types, cropland consistently
contributed the most (approximately 73.46%) to the increment of NEP in the ARNWC,
and the regeneration of young and middle-aged forests also led to a significant increase in
forest carbon sinks, which is approximately 5.5 times more than in 2001. Thus, our study
indicated that cropland expansion and anthropogenic management dominated the growth
of vegetation carbon sequestration in the ARNWC from 2001–2018, that afforestation also
benefits the carbon sink capacity of terrestrial ecosystems, and that attention should be
paid to restoring and protecting native vegetation in forestland and grassland regions
in the future. Our findings provide a reference for assessing the effects of land cover
change on vegetation carbon sinks, provide scientific guidance for the rational use and
planning of land resources, and regulate human activities under the premise of reducing
carbon emissions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs15092471/s1, Figure S1: Direct and indirect strategies for
modelling scenario design. (a) Comparison of direct and indirect strategies; (b) Differences between
the results of direct/indirect strategic thinking adopted in the scenario design and the results of the
original scenario.
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