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Introduction: In the context of global warming, terrestrial ecosystem carbon
sequestration is critical for mitigating climate change. However, quantitative
estimation of vegetation carbon sinks in arid/semi-arid regions remains a key
challenge for understanding global carbon cycling. This study aims to (1) quantify
the spatio-temporal dynamics of vegetation carbon sinks in Northwest China
(2000-2023) and (2) reveal their responses to climate drivers.

Methods: In this study, by using a multi-source remote sensing dataset of long
time series, vegetation Net ecosystem productivity (NEP) in northwestern China
(NWC) from 2000 to 2023 was estimated. Based on the NEPs, the spatio-
temporal characteristics of vegetation carbon sinks were quantitatively
investigated, revealing the spatio-temporal differences in NEP among different
underlying surface types. Furthermore, the response relationship between
vegetation NEP and climate change was deeply explored by using partial
correlation analysis.

Results: (1) From 2000 to 2023, the Northwest China has served as a carbon sink,
with an average carbon sequestration of 217.26 g C-m~2.a* and a stable upward
trend. Spatially, the regions of carbon sink exhibited a distinct zonal pattern along
the China's dry and wet climate boundary. (2) Over the 24-year period, the
dynamic changes in NEP have mainly been characterized by low to moderate
fluctuations, NEP in most areas of Northwest China showed an increasing trend,
and future NEP is predicted to continue increasing. indicating more stable for
NEP. The carbon sequestration capacity differs significantly across different land
cover types, but itis increasing about total amount, especially in most areas of the
Northwest, and this trend is expected to continue in the future. (3) Climate
analysis shows that the temperature and precipitation are generally positively
correlated with vegetation carbon sinks, while solar radiation is a negatively
correlated with carbon sinks in most areas.

Discussion: The research findings provide important references for vegetation
restoration and protection, as well as achieving the goals of “carbon peaking” and
“carbon neutrality”. Moreover, it offers scientific insights for studying vegetation
carbon sinks in terrestrial ecosystems in mid to high latitude regions globally.

vegetation carbon, net ecosystem productivity, spatiotemporal dynamics, multisource
remote sensing, northwest China
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1 Introduction

The global climate change caused by the increase in carbon
emissions is a significant challenge facing humanity in the 21st
century. The continuous rise of CO, concentration has led to the
continuous rise of the global average temperature, which has led to a
series of climate and environmental problems, seriously threatening the
survival and development of mankind (Ferndandez-Martinez et al., 2018;
Zhang et al, 2019). The Sixth Assessment Report by the
Intergovernmental Panel on Climate Change (IPCC) (Lee et al,
2023) emphasizes that global warming has made extreme weather
events such as high temperature, drought, rainstorm and flood more
frequent. In response to the issue of climate change, particularly global
warming, enhancing carbon sinks in terrestrial ecosystems has become
the focus of research (Yang Y. et al, 2022).

Asan important component of terrestrial ecosystems, vegetation
plays a crucial role in regulating the global carbon balance (Piao
et al., 2022; Wang et al.,, 2022). Plants absorb atmospheric CO,
through photosynthesis, and release CO, through their own
respiration (autotrophic respiration) and the decomposition of
organic matter in the soil and litter layer (heterotrophic
respiration) (Tao et al, 2001). Based on vegetation carbon
balance, ecosystems can be categorized as either carbon sources
or carbon sinks. The former indicates that CO, emissions exceed
absorption, resulting in a net release, while the latter represents a net
absorption state (Piao et al., 2022).

In recent years, quantitative assessments of regional carbon sources/
sinks have gradually adopted four main methods: plot inventory
method (Tang et al, 2018), eddy covariance method (Yun et al,
2021), atmospheric inversion method (Wang et al, 2020), and
remote sensing technology (Yang Y. et al, 2022). Remote sensing
technology has strong spatial-temporal continuity and low cost. It
usually uses net ecosystem productivity (NEP) to quantitatively
describe the carbon source/sink ability of vegetation ecosystem
(Chen et al, 2019; He et al, 2021). NEP is the difference between
Net Primary Productivity (NPP) of vegetation and soil heterotrophic
respiration (Rh). It represents the net absorption or net storage of
carbon in vegetation ecosystems (Zheng et al., 2024). The estimation
results from remote sensing technology are relatively close to the actual
values, making it capable of accurately representing the carbon status of
the study area (Wei et al., 2022). Most existing studies have focused on
forests (Zhao et al., 2023), grasslands (Fernandez-Martinez et al., 2018),
or analyzed only a single vegetation type (Xu et al,, 2023), land use type
(Song et al, 2024), lacking comprehensive research on the entire
ecosystem. Moreover, existing research on regional carbon sinks
mostly focuses on small regional scales (Lyu et al., 2023; Liu et al,
2023), or uses provinces as units (Yang and Chen, 2022; Wei et al,
2022), with limited studies on large-scale natural geographical areas.

The northwest of China (NWC) consists mainly of arid and
semi-arid zones, and also contains humid and semi-humid zones,
with complex climatic conditions. The complexity of climate change
and the fragility of ecosystems hinder the quantitative assessment of
carbon balance and the exploration of influencing factors. Currently,
there have been numerous studies analyzing vegetation coverage
changes and vegetation NPP in the surrounding areas of the
Northwest, providing a basic understanding of vegetation growth
in this region (Gong et al., 2024). However, there is relatively little
research further exploring vegetation carbon sinks. Therefore,
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studying the relationship between the carbon sink patterns of
terrestrial ecosystems and climate factors in the Northwest, and
accurately assessing the vegetation carbon pool and its dynamic
changes in this region, will help in understanding the feedback
relationship between climate change and vegetation in arid and
semi-arid areas, and promote the increase of carbon sinks and
reduction of carbon sources in vegetation.

In this study, the vegetation NEP in Northwest China from
2000 to 2023 has been estimated by integrating long-time-series
multi-source remote sensing data and ground-based observational
data. It identifies vegetation carbon source areas and carbon sink
areas, explores the spatiotemporal variation characteristics of
vegetation carbon sources/sinks, and refines the spatiotemporal
of NEP different land types.
Furthermore, it examines the response relationship between

differences across cover

vegetation NEP and climate factors. The results provide
important references for vegetation restoration and conservation,
as well as for achieving “carbon peak” and “carbon neutrality” goals.
Additionally, it offers scientific insights for studying vegetation
carbon sinks in terrestrial ecosystems in mid- to high-latitude
regions globally.

2 Materials and methods

2.1 Study area

The Northwestern region of China, located in the hinterland of
the Eurasian continent and the northern part of the Qinghai-Tibet
Plateau, covers approximately 3.079 million square kilometers,
accounting for about 32% of China’s land area (Figure 1). Its
administrative divisions from east to west include Shaanxi
Province, Gansu Province, Ningxia Hui Autonomous Region,
Qinghai Province, and Xinjiang Uygur Autonomous Region. The
NWC comprises several mountain systems, such as the Altai
Mountains, Tianshan Mountains, Kunlun Mountains, Karakoram
Mountains, Altun Mountains, Qilian Mountains, and Helan
Mountains. It also includes diverse landforms such as the Hexi
Corridor, Junggar Basin, Tarim River Basin, Turpan Basin,
Taklimakan Desert, Gobi Desert, and other basins and deserts
(including the Taklimakan Desert, the world’s second-largest
mobile desert). The region also includes a variety of complex
terrain, such as Hexi Corridor, Junggar Basin, Tarim River basin,
Turpan Basin, Taklimakan Desert and so on.

The NWC is deeply inland with precipitation of less than
600 mm, high variability in precipitation, and frequent droughts.
It is one of the main areas sensitive to climate change and
ecologically fragile areas in China, greatly affected by climate
change (Zhang et al., 2023b; Jia et al., 2019). Over the past three
decades, the Northwestern region has exhibited characteristics of
rising temperatures and increasing precipitation, indicating a trend
towards “warmth and humidity” phenomenon (Li et al., 2021).

2.2 Data sources and processing

NPP data (MOD17A3HGF) data were obtained from the NASA
EOSDIS Land Processes Distributed Active Archive Center (https://
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FIGURE 1

Location of the study area.

www.usgs.gov/), with a spatial resolution of 500 m and a temporal ~ research in Northwest China, demonstrating high precision and
interval of 1 year. This product has been widely recognized by  adaptability in the study area.

international scholars for its high accuracy and continuous sequence Land cover type data were selected from the MODIS product
length. Existing studies have already applied it to vegetation growth ~ (MCD12Q1) (https://www.usgs.gov/), which was generated at
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500 m according to the International Geosphere-Biosphere
Programme (IGBP) Global Vegetation Classification Scheme. In
this study, it was reclassified into seven categories: forest, grassland,
cropland, wetland, urban and built-up areas, water, and barren for
the period from 2000 to 2022, with data for 2023 not yet released.
The Digital Elevation Model (DEM) data were obtained from the
Data Center for Resources and Environmental Sciences, Chinese
Academy of Sciences (https://www.resdc.cn/), with a spatial
resolution of 500 m. The vector boundaries of China’s arid and
humid regions were provided by the Map Network (http://map.
psl23.net/china/11468.html). These boundaries were imported into
ArcGIS and manually vectorized after geometric correction.
Temperature, precipitation, and solar radiation data were
obtained from the Tianqing system of the China Meteorological
Administration. The study area includes 350 stations.

2.3 Data processing

Data preprocessing primarily concerns the preprocessing of
remote sensing data and ground-based meteorological data,
detailed as follows:

2.3.1 NPP data preprocessing

MODI17A3HGF data, with a spatial resolution of 500 m,
undergoes projection transformation, mosaicking, clipping, and
resampling using the MODIS Reprojection Tool. Through spatial
overlay analysis with the MCD12Q1 land cover classification
product (based on the IGBP classification scheme), the analysis
shows that invalid-value pixels exhibit significant spatial coupling in
barren, water, and urban and built-up areas, demonstrating strong
spatial consistency. To maintain spatiotemporal continuity in the
study area, eliminate the impact of invalid values in barren and other
regions on subsequent spatiotemporal analysis, and enhance the
spatial consistency of NEP estimation results, invalid-value areas
are masked.

2.3.2 Meteorological data preprocessing

Temperature, precipitation, and solar radiation data from
350 benchmark meteorological stations in the study area undergo
quality-checking, with missing data and outliers (e.g., unrealistic
temperature, precipitation, or solar radiation values) being flagged.
Kriging interpolation is applied for data reconstruction of these
missing and outlier values. Then, quality-controlled daily data are
aggregated (for precipitation) or averaged (for temperature and solar
radiation) to create an annual series. Subsequently, ANUSPLIN-
based spatial interpolation is conducted with a digital elevation
model introduced as a covariate. A statistical relationship between
meteorological elements and geographical parameters is established
through thin-plate splines, generating annual climate-element raster
datasets at a 500 m spatial resolution.

2.3.3 Data spatiotemporal consistency processing
data,
meteorological data (annual temperature, precipitation, and solar

Multi-source including preprocessed NPP data,

radiation), and land cover type data, are spatially and temporally

matched, then integrated to ensure consistent spatiotemporal
resolution.
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2.4 Methods

This study estimates soil heterotrophic respiration (Rh) using
multi-source data such as NPP data, temperature data, and
precipitation data. By calculating the difference between NPP and
Ry, vegetation NEP in Northwest China from 2000 to 2023 is
obtained, identifying the vegetation carbon source and sink areas
in Northwest China. The linear trend of NEP is estimated using the
combined method of Theil-Sen Median trend analysis and Mann-
Kendall test. The stability and sustainability of NEP are assessed
based on the coefficient of variation (Cv) and Hurst index.
Furthermore, the differences in vegetation carbon sinks across
different land cover types are refined. Finally, partial correlation
analysis is conducted to deeply evaluate the relationship between
climate  factors  (temperature, precipitation, and solar
radiation) and NEP.

2.4.1 Vegetation net ecosystem productivity

NEP is an important indicator for estimating regional vegetation
carbon sources and sinks. Without considering other natural and
anthropogenic factors, vegetation carbon sinks can be represented
by the difference between NPP and soil microbial respiration carbon
emissions (Equation 1):

NEP = NPP - R, (1)

where NEP represents the Net Ecosystem Productivity, NPP
represents the Net Primary Productivity of vegetation, and Ry
represents the soil microbial respiration. When NEP > 0, it
indicates that the carbon fixed by vegetation is greater than the
carbon emitted by soil, indicating a carbon sink; otherwise, it is a
carbon source.

Soil microbial respiration is related to the number and species
of microorganisms in soil, plant root exudates, temperature
and precipitation. Among all factors affecting soil microbial
respiration, temperature and precipitation are the two most
important factors. Pei et al. (2009) established a fitting equation
for precipitation, temperature, and carbon emissions based on
extensive experimental data to estimate regional soil microbial
respiration. This formula has relatively low data requirements
and a simple model structure. Importantly, the geographic
characteristics of the study area are closely related to the
Northwestern region of China, reducing the instability of the
model and the uncertainty of the data. Moreover, this method
has been successfully applied and validated in arid ecosystems in
China (Wei et al., 2022; Lyu et al.,, 2023). Soil microbial respiration
(Equation 2):

R;, = 0.22 x (exp(0.0912T) + In (0.3145 R + 1)) x 30 x 46.5%,
(2)

here, T
precipitation (mm).

represents temperature (‘C), and R represents

2.4.2 Trend analysis

The Theil-Sen Median trend analysis combined with the Mann-
Kendall test is a robust statistical method for analyzing long time
series data (Theil, 1992; Sen, 1968; Hoaglin et al., 2000). It has been
widely applied in the analysis of long time series in meteorology,
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TABLE 1 Mann-Kendall test trend categories.

10.3389/fenvs.2025.1550501

B z Description B Z Description
>0 (2.58, + 00) Extremely significant increase (4) <0 [2.58, + 00) Extremely significant decrease (—4)
(1.96, 2.58] Significant increase (3) (1.64, 2.58] Significant decrease (-3)
(1.64, 1.96] Weakly significant increase (2) (1.64, 1.96] Weakly Significant decrease (-2)
[0, 1.64] Insignificant increase (1) [0, 1.64] Insignificant decrease (1)
=0 [0, + c0) Unchanged (0)

hydrology, vegetation, and other fields (Jiang et al., 2015; Gocic and
Trajkovic, 2013). The Theil-Sen Median trend analysis reflects
whether the element shows an increasing or decreasing trend
when the slope is greater than 0 or less than 0, respectively. The
Mann-Kendall test is used to determine the significance of the trend,
where a Z value greater than 1.64, 1.96, and 2.58 indicates passing
the significance test at the 90%, 95%, and 99% confidence levels,
respectively. Due to space limitations, please refer to reference
(Gocic and Trajkovic, 2013) for the specific formulas. The
detailed classification is provided in Table 1.

2.4.3 Stability analysis

The stability of NEP in the Northwestern region from 2000 to
2023 was measured by the pixel-based coefficient of variation (C,)
(Milich and Weiss, 2010). The coefficient of variation (Equation 3):

o

Cy = (3)

X
where o represents the standard deviation, and x represents the
mean value. The coefficient of variation reflects the degree of data
dispersion. A smaller C, value indicates a more concentrated data
distribution and higher stability over time, while a larger value
indicates greater fluctuations over time and lower stability.

2.4.4 Sustainability analysis

The Hurst exponent, denoted as H, characterizes the persistence
or anti-persistence features of a time series, providing insights into
possible future trends of the sequence (Edwin, 1951). This study
used R/S analysis to estimate the Hurst index and analyze the
persistence characteristics of NEP. Please refer to the literature
for the basic principle (Tong et al., 2018).

The Hurst exponent ranges between 0 and 1. If 0.5 < H < 1, it
indicates a persistent sequence with long-term correlations. For
vegetation carbon source-sink dynamics, the Hurst index can
characterize the inertial features of NEP change trends. If 0.5 <
H < 1, the NEP series in Northwest China from 2000 to 2023 exhibits
a persistent pattern, indicating that the future trends are likely to
continue in the same direction as past trends, with stronger
persistence as H approaches 1. If H = 0.5, the NEP time series is
random, and future changes are independent of past trends. If 0 <
H < 0.5, it indicates anti-persistence, with lower H values implying
stronger anti-persistence.

2.4.5 Partial correlation analysis

In this study, partial correlation analysis is employed to examine
the relationships between NEP in the northwest region and climate
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factors such as temperature, precipitation, and solar radiation.
Partial correlation analysis refers to analyzing the linear
correlation between two variables while controlling for the
influence of other variables (Venna et al., 2021) (Equation 4).

R - Ry, ,R
wa, _ wx,y wz,y Rxz,y (4)
. \/(1 - Rlzvz,y)(l - Rﬁzcz,y)

where Ryyy, Ruzy and Ry, represent the first-order partial

correlation coefficients between variables w and x, variables w
and z, and variables x and z, respectively.

3 Results
3.1 Interannual variability

Using the vegetation net ecosystem productivity model, this
study estimated the NEP in the northwest region from 2000 to 2023,
and its temporal characteristics are depicted in Figure 2. The mean
NEP in NWC ranged from 169.82 to 246.63 g C:m>a™" during the
period of 2000-2023, with an average of 217.26 g C-m *a™' over the
24 years. The annual average NEP for Xinjiang, Qinghai, Gansu,
Ningxia, and Shaanxi were 155.26, 137.40, 335.79, 175.88, and
431.75 g Cm™>a'. Overall, the northwest region acts as a
carbon sink.

The NEP values in the northwest region exhibit a stable
increasing trend (Figure 2). The rate of increase of vegetation
carbon  sink  capacity was as  follows:  Shaanxi
(7218 g Cm™>a') > Gansu (4969 g Cm*a™') >Ningxia
(3.825 g Cm™a™') > Xinjiang (1.767 g Cm*a') > Qinghai
(1.459 g Cm>a™"). Except for Ningxia and Gansu, which show
considerable fluctuations in vegetation carbon sink capacity, other
provinces demonstrate steady increases.

3.2 Spatiotemporal pattern

3.2.1 Temporal change trends

The spatial distribution of average carbon sources and sinks in
Northwest China from 2000 to 2023 exhibits distinct zonal
characteristics (Figure 3a). NEP shows a pattern of being higher
in the east and south, and lower in the west and north, with plains
and mountains having higher values, and plateaus and basins having
lower values. The vegetation carbon sink capacity displays a high-
low-high trend from southeast to northwest. The carbon source

frontiersin.org


https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1550501

Zhang et al. 10.3389/fenvs.2025.1550501
400 Totality GanSu _ 600
NingXia QingHai
- XinJiang
1 =
=300 g
% )
g =D
% 400 %
Y

j<a] S
Z @
200 &
83
g Z

100 200

FIGURE 2

Temporal change trend of NEP in NWC from 2000 to 2023.
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areas (NEP < 0) account for about 0.28% of the study area. These
areas are mainly distributed around the edges of the Taklamakan
Desert, Gashun Gobi, and Kumtag Desert. These regions are
characterized by proximity to deserts, poor soil conditions, harsh
natural environments, and low vegetation cover. The low carbon
sink areas (0 < NEP < 200) account for approximately 56.34% of the
study area and are mainly distributed on both sides of the 200 mm
isohyet. In Northwest China, the low carbon sink areas in the eastern
part are located north of the 200 mm isohyet, the central low carbon
sink areas are south of the 200 mm isohyet, and the low carbon sink
areas in the northwest of Xinjiang are east of this line. The medium
carbon sink areas (200 < NEP < 400) are concentrated north of the
400 mm isohyet in the eastern part of Northwest China. The high
carbon sink areas (NEP > 400) are relatively scarce and
concentrated, mainly located south of the 400 mm isohyet in the
Qinling region, where abundant precipitation and favorable
temperatures support vegetation growth.
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3.2.2 Spatiotemporal change trends

The NEP data has passed the autocorrelation test and meets the
requirements for trend analysis. Through trend analysis and
significance testing (Figure 3b), the spatiotemporal variation
trend of NEP from 2000 to 2023 mainly shows an increase. The
areas with increasing and decreasing NEP trends account for 91.99%
and 8.00%, respectively, with 65.07% and 0.87% of the regions
exhibiting significant increases or decreases. In the eastern part
of Northwest China, which includes the high and medium carbon
sink areas, the vegetation carbon sink capacity has significantly
strengthened. The areas with decreasing NEP are fewer, accounting
for about 8.00% of the total area, mainly concentrated around the
Tianshan Mountains and scattered around the main urban areas.

3.2.3 Spatiotemporal change trends

This study calculated the coefficient of variation for NEP in
the NWC over a 24-year period, and visualized it using the
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The land cover type transition Sankey diagram in the NWC.

natural breaks method (Figure 4). The proportions of low, lower,
medium, higher, and high fluctuation areas of vegetation NEP
account for 37.11%, 34.96%, 22.34%, 4.22%, and 1.37%,
respectively. The overall distribution pattern is characterized
by a large head and small tail, coexistence of high and low
fluctuations, with low fluctuations being predominant. The
average coefficient of variation for NEP in the northwest
region from 2000 to 2023 is 0.19, indicating relatively small
overall changes. There are obvious spatial differences in NEP
stability. High fluctuation areas are predominantly located on the
northern side of the Tianshan Mountains and the northern part
of the Tarim Basin. Medium fluctuation areas are largely found in
the northeastern part of the NWC. Low fluctuation areas are
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situated in the southern part of the NEC, where vegetation NEP is
relatively stable.

3.2.4 Different vegetation carbon source/sink
changes by land cover type

This study calculates the land cover transition matrix based on the
land cover type maps of the years 2000, 2011, and 2022. Here, we
visualize it using a Sankey diagram (Cuba, 2015). The Sankey diagram
in Figure 5 illustrates the continuity and changes in land cover types in
the NWC during the two time periods (2000-2011, 2011-2022). The
stacked bar chart represents the relative quantities of each land cover
type in 2000, 2011, and 2022. The height of each component in the
stacked bars is proportional to the relative abundance of the land cover
categories represented in the study area (Sinha et al.,, 2020).

In 2022, the land cover types in the northwest region mainly
comprised barren, grassland, and cropland, accounting for 51.98%,
37.81%, and 6.09% of the total area. Urban and built-up areas occupied
a smaller area, accounting for only 0.31%. From 2000 to 2022, forest,
grassland, cropland, urban and built-up areas showed an expanding
trend, increasing by 0.58%, 0.66%, 1.77%, and 0.01%. However, the
areas of barren, water and wetlands decreased by 2.66%, 0.29% and
0.07%. Most land did not undergo changes in land cover type during
2000-2022, with only 7.76% of land changing between 2000 and 2011,
and 4.18% changing between 2011 and 2022.

Based on the average NEP changes for different land cover types
from 2000 to 2022 (excluding water and barren), it can be observed
that all land cover types function as carbon sinks, with only some
land cover types at the desert edges acting as carbon sources. The
carbon sink areas are ranked as follows: forest > cropland >
wetland > grassland > urban and built-up areas. The vegetation
carbon sink shows a steady upward trend (Figure 6), with the rate of
increase in vegetation carbon sink capacity as follows: forest
(8.5469 g Cm>a™") > wetland (3.4486 g C-m *a™') > urban and
built-up areas (2.7333 g C:m >a™") > cropland (1.9699 g C-m >a™') >
grassland (1.7324 g Cm*a™). It is noteworthy that, unlike the
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FIGURE 7
Spatial Characteristics of NEP based on trend variation and
Hurst index.

significant fluctuations in the average NEP of forests, the average
NEP of grassland and cropland shows relatively stable interannual
fluctuations during the study period.

3.3 NEP sustainability trends

The above results mainly explains the “pattern-process” of NEP
in NWC over 24 years, and the future trends are still uncertain.
Therefore, this study calculated the Hurst index of NEP in the study
area. Anti-sustainability accounts for 84.91% of the total area, while
sustainability accounts for 14.59%, indicating that the same
direction characteristics of NEP changes in the NWC are
stronger than the reverse characteristics.

By overlaying the spatial trend of vegetation NEP (Figure 3b) with
the Hurst index calculation results, we obtained the persistence
distribution of NEP changes from 2000 to 2023 (Figure 7). In the
NWOGC, the areas with continuous increase, and decrease then increase
account for 78.43% and 1.27% of the study area, respectively. The area
where NEP first increases and then decreases accounts for 6.73% of the
region, with a very scattered distribution. It is relatively concentrated in
key ecological areas around the Tianshan Mountains, the northern part
of the Qilian Mountains, and the Tanggula Mountains. Preventive
measures should be taken to prevent these areas from developing a
trend towards degradation. In the future, the NEP in Northwest China
is expected to continue increasing, but key ecological areas still require
close attention.

3.4 The relationship between vegetation
carbon sink and climate factors

Vegetation growth is primarily influenced by climate change and
human factors (Yang et al,, 2022). In Section 3.2.4, it is noted that over
90% of the land in the study area did not undergo land cover type
changes, so this study mainly investigates the impact of climate factors
on vegetation changes in Northwest China. Precipitation, temperature,
and radiation are key factors affecting vegetation growth, and their
interplay imposes complex and varied constraints on vegetation activity
(Zhao et al., 2018). To understand the reasons behind the variation in
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vegetation NEP in the northwest region, we analyzed the correlation
between NEP and temperature, precipitation, and solar radiation. To
understand the reasons for the changes in NEP in Northwest China, we
analyzed the correlations between NEP and temperature, precipitation,
and solar radiation.

From 2000 to 2023, the annual average temperature, precipitation,
and solar radiation in the northwest region showed a fluctuating
increasing trend (Figures 8a—c). The phenomenon of “warming and
humidification” gradually became apparent, with increases in annual
average temperature, precipitation, and solar radiation of 0.04°C,
0.03 mm, and 547 MJ/m> Spatially, the multi-year average
temperature exhibited an “Q” shaped increasing trend from
southwest to northeast, while precipitation showed a decreasing
trend from southeast to northwest, and solar radiation exhibited a
pattern of high in the middle and low on the periphery. Overall, the
eastern region had better thermal and hydrological conditions
compared to the western region.

All data meet the assumptions of residual normality and
homoscedasticity for partial correlation analysis. Figure 9a shows that
a large area of the study region exhibits a positive correlation with
temperature, with positively correlated areas accounting for 78.54% and
negatively correlated areas accounting for 21.45%. The temperature and
NEP changes are significantly negatively correlated (P < 0.0369, n = 24)
on both sides of the Tianshan Mountains and in the border areas of
Shaanxi, Gansu, and Ningxia, indicating that rising temperatures may
hinder net ecosystem productivity. The areas in Northwest China where
NEDP is significantly correlated with temperature account for 12.89%. The
regions with a significant (P < 0.0495, n = 24) positive correlation
account for 12.61%, mainly distributed in the Tianshan Mountains,
Qilian Mountains, Animaqing Mountains, Tanggula Mountains, and
Qinling Mountains. It is noteworthy that in the carbon source areas,
NEP is negatively correlated with temperature, meaning that as
temperature increases, NEP decreases, and carbon release increases.

NEP shows a positive correlation with precipitation (Figure 9b),
with positively correlated areas covering 75.20% and negatively
correlated areas covering 24.80%. Areas with a significant positive
correlation (P < 0.0493, n = 24) account for 24.61%, mainly
distributed in northern Shaanxi, Ningxia, central Gansu, and parts
of eastern Qinghai. Areas with a significant negative correlation (P <
0.0436, n = 24) account for 1.74%, mainly located in southern Qinghai.
In the carbon source areas, NEP is negatively correlated with
precipitation, meaning that as precipitation increases, NEP decreases,
and carbon release increases. Therefore, overall, an increase in
precipitation positively impacts the net ecosystem productivity in
Northwest China, with only a few areas showing a negative
correlation with precipitation.

The partial correlation distribution between NEP and solar
radiation is shown in Figure 9c. The areas with positive and
negative correlations cover 42.07% and 57.93%, respectively.
Areas with a significant positive correlation (P < 0.0313, n = 24)
account for 2.26%, scattered in northern Xinjiang, southeastern and
southwestern Gansu. Areas with a significant negative correlation
(P < 0.0414, n = 24) account for 5.95%, scattered in central Xinjiang,
southern Qinghai, and near the Qilian Mountains. In the carbon
source areas, NEP is negatively correlated with solar radiation,
meaning that as radiation increases, NEP decreases, and carbon
release increases. Therefore, the overall impact of radiation on NEP
shows a negative correlation.
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4 Discussion
4.1 Spatiotemporal dynamics of NEP

This study estimated NEP using the widely employed method of
subtracting soil respiration from NPP, as commonly utilized in
previous research (Cao et al., 2023; Jiang et al., 2015). The average
NEP was 217.26 g C-m>-a™" from 2000 to 2023, and the average NEP
values for Xinjiang, Qinghai, Gansu, Ningxia, and Shaanxi were

Frontiers in Environmental Science

155.26, 137.40, 335.79, 175.88, and 428.44 g C-m *a™". These values
are not significantly different from previous studies on NEP
estimates (Lyu et al., 2023; Cao et al., 2023). The majority of the
Northwest region exhibits a significant upward trend in vegetation
NEP, particularly in the eastern areas. This aligns with previous
studies on the spatiotemporal evolution and future trends of
vegetation NEP or NPP (Yuan et al,, 2023; Zuo et al., 2023).

The distribution of carbon sinks in the Northwest shows a
distinct zonal pattern, which largely coincides with the
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boundaries of arid and humid zones. This indicates that climate
exerts a significant controlling influence on carbon sink
The land humid
predominantly forest, which has strong carbon sink capacity,

distribution. cover in regions is
making the vegetation carbon sink capacity in these regions the
highest. Arid regions, dominated by grasslands and deserts, have
sparse or no vegetation, leading to low carbon sequestration
capacity. Areas with medium to high fluctuations in vegetation
NEP stability account for 27.93% of the total area, likely reflecting
the ecological fragility of the region.

Additionally, this study explored the NEP changes across
different land cover types in the Northwest. Since the beginning
of this century, the types of land cover in the region have not
undergone significant changes. There are notable differences in
NEP values and rates of change across different land cover types,
with forests showing the highest NEP values and rates of change,
consistent with previous research findings (Lyu et al., 2023). It is
worth noting that the carbon sink capacity of croplands ranks
second only to that of forests, while grasslands have the lowest
carbon sink capacity. Furthermore, the so-called “cropland
carbon sink hotspots” may be linked to agricultural irrigation
in arid regions (Zeng et al., 2023). As for grasslands, their carbon
sink capacity is the lowest, likely due to the impacts of grazing

pressure (Li et al., 2020).

4.2 Impact of climate change on vegetation
carbon sink

Climate factors have played a major driving role in the changes
of vegetation carbon sinks (Jiao et al., 2024). As shown in Section
3.2.4, more than 90% of the land in the study area did not experience
changes in land cover types, indicating that human activities have
the Northwest

and water

had minimal impact on region.
heat the

controlling factors that determine the zonal distribution of

Among

meteorological factors, are primary
vegetation growth (Niu et al., 2015). Partial correlation analysis
results show that NEP has a stronger positive correlation with
precipitation than with temperature, while NEP’s significant
relationship with solar radiation is weak and shows a negative
Water and heat

are key factors

correlation. conditions, especially water

availability, limiting the improvement of
vegetation carbon sink capacity. This observation is generally
consistent with previous research (Li et al., 2020; Liu et al.,, 2024).

Under the background of “warming and wetting” in the
Northwest, the increase in temperature can accelerate the
greening of vegetation and extend the growing period (Piao
et al, 2007; Wang et al, 2023), which is beneficial for the
ecosystem’s carbon absorption. Particularly, the alpine vegetation
systems in high-altitude areas are more sensitive to these changes.
However, under the stress of high temperatures, photosynthesis in
vegetation can be weakened or even halted, while respiration
increases, which can adversely affect the carbon sequestration
capacity of vegetation (Salvucci and Crafts-Brandner, 2004).
Precipitation, as a crucial water source for the arid and semi-arid
regions of the Northwest, is the primary factor influencing changes
in vegetation carbon sources and sinks (Zhang et al., 2023a). Since
the beginning of this century, precipitation in the Northwest has
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shown an increasing trend, helping to store moisture in the soil and
alleviate poor vegetation growth caused by water scarcity. The
Northwest region is a high-energy solar radiation area (Yao et al,
2023); however, excessive infrared or ultraviolet radiation inhibits
vegetation growth, negatively affecting carbon sinks.

4.3 Conservation of key ecological areas

Although most areas are projected to show a sustained increase
in NEP, key ecological regions such as the Tianshan, Qilian, and
Tanggula Mountains may face significant impacts from climate
fluctuations and anti-persistent changes. Given the fragility of
these ecosystems, rising temperatures and altered precipitation
patterns could intensify soil erosion, vegetation degradation, and
water scarcity, thereby weakening their carbon sink function and
potentially triggering a shift from carbon sinks to carbon sources.

To ensure the stability of the carbon sink function in these
vulnerable we  recommend  the

ecologically areas,

following measures:

1. Long-term ecological monitoring of these regions should be
strengthened,  comprehensive
databases should be established, and the dynamic impacts

ecological ~ environment
on vegetation growth, carbon stock changes, and climatic
factors should be tracked in real-time.
. Ecological restoration projects, such as the Three-North
Shelter Forest program, should be promoted, and local
should be
participate in forest restoration and grassland protection
mechanisms  (Zuo

governments and farmers encouraged to

through  ecological
et al., 2023).
. Community engagement should be prioritized by valuing the

compensation

interaction between ecological protection and local
communities, encouraging green agriculture and sustainable
grazing management, reducing anthropogenic pressures, and

enhancing ecosystem resilience.

5 Conclusion and prospects
5.1 Main conclusion

This study utilized NEP as an evaluation metric to identify
carbon source and sink areas in the northwestern China, analyzing
the spatiotemporal characteristics and future trends of vegetation
carbon source/sink dynamics. Additionally, an in-depth analysis was
conducted to explore the impact of climate change on NEP,
providing valuable insights into the contribution of climate to
NEP. Our findings include:

From 2000 to 2023, the

northwestern region of China functioned as a carbon sink,
-1
)

1. Carbon Sink Characteristics:

with the average carbon sink capacity of 217.26 g Cm™a
showing a consistent increase. The spatial distribution of
carbon sinks exhibits distinct zonal characteristics, showing
a “high-low-high” pattern from southeast to northwest along
the boundary of dry and wet zones.
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2. Spatiotemporal Dynamics: Over the 24-year period, most areas
in the northwest region have shown an increasing trend in
NEP. The dynamic changes of most vegetation NEP in the
study area are characterized by low to moderate fluctuations
and high stability. In the future, the NEP in Northwest China is
expected to continue increasing. Across the region, land cover
types remained largely unchanged, and nearly all acted as

The

specifically manifested as: forest > cropland > wetland >

carbon  sinks. carbon sequestration capacity is
grassland > urban and built-up areas.

3. Climate Influence: Climate factors played a primary driving
role in the changes of vegetation carbon source/sink in the
NWC from 2000 to 2023. During this period, there was a
fluctuating increasing trend in the annual average temperature,
precipitation, and solar radiation in the region, indicating a
gradual transition towards warmer and wetter conditions.
Temperature has a positive effect on the vegetation carbon
sink in 78.54% of the area, promoting carbon sequestration,
while precipitation positively influences the vegetation carbon
sink in 75.20% of the area. Conversely, solar radiation hindered

carbon sequestration in 57.93% of the area.

5.2 Research limitations and prospects

Although this study has revealed the spatiotemporal dynamics
of vegetation carbon sources and sinks in Northwest China, the
following limitations still need attention:

1. Uncertainty in NEP estimation: Although the current soil
respiration model has been widely verified, the
parameterization based on single-year experimental data
may introduce errors. In future research, it is necessary to
integrate multi-source observation data (such as long-term
fixed station monitoring data, isotope tracing technology,
etc.) the of
respiratory processes.

. Limitation of research time scale: Due to data availability
constraints, the study period (2000-2023) cannot fully
capture the century-scale evolution patterns of vegetation

Subsequent should

combining paleoecological records with model simulation

to improve characterization accuracy

carbon  sinks. research consider
methods to systematically expand the time dimension analysis.
3. Complexity of multi-factor coupling mechanism: While this
study focuses on the impact of climatic factors on NEP, the
interactions between changing CO, concentrations, extreme
climatic events, and human activities (such as grazing
intensity regulation and urban expansion processes) have
not been quantified. Future research urgently needs to
develop multi-factor coupling models. By systematically
analyzing the weight differences between natural and
anthropogenic factors, the understanding of carbon cycle

mechanisms can be deepened.
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