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Abstract: The Shule River Basin (SRB) is a typical arid area in northwest China with a fragile
ecology. Understanding vegetation dynamics and its response to climate change and human activities
provides essential ecological and environmental resource management information. This study
extracted fractional vegetation coverage (FVC) data from 2000 to 2019 using the Google Earth Engine
platform and Landsat satellite images, employing trend analysis and other methods to examine
spatiotemporal changes in vegetation in the SRB. Additionally, we used partial correlation and
residual analyses to explore the response of FVC to climate change and human activities. The main
results were: (1) The regional average FVC in the SRB showed a significant upward trend from 2000
to 2019, increasing by 1.3 x 1073 a™!. The area within 1 km of roads experienced a higher increase of
3 x 1073 a1, while the roadless areas experienced a lower increase of 1.1 x 103 a™!. The FVC spatial
heterogeneity in the SRB is significant. (2) Partial correlation analysis shows that the FVC correlates
positively with precipitation and surface water area, with correlation coefficients of 0.575 and 0.744,
respectively. A weak negative correlation exists between the FVC and land surface temperature
(LST). FVC changes are more influenced by precipitation than by LST. (3) The contributions of climate
change to vegetation recovery are increasing. Human activities, particularly agricultural practices,
infrastructure development, and the conversion of farmland to grassland, significantly influence
vegetation changes in densely populated areas. (4) The area changes of different land types are closely
related to climate factors and human activities. Increased construction, agricultural activity, and
converting farmland back to grassland have led to an increase in the area proportions of “impervious

v

surfaces”, “cropland”, and “grassland”. Climate changes, such as increased rainfall, have resulted in
larger areas of “wetlands” and “sparse vegetation”. These results provide valuable information for

ecosystem restoration and environmental protection in the SRB.

Keywords: arid environment; ecosystem restoration; fractional vegetation coverage; spatiotemporal
analysis

1. Introduction

Vegetation is essential to terrestrial ecosystems, playing a critical role in ecosystem
functioning and delivering key ecosystem services [1]. In the arid regions of northwest
China, the fragile natural environment, coupled with the unsustainable development
and exploitation of natural resources, has intensified ecological issues such as vegetation
degradation and desertification [2,3]. Understanding how vegetation dynamics respond
to climate change and human activities is a key research focus due to its crucial role and
ever-changing nature [4]. However, recent studies have suggested that in ecologically
vulnerable regions, inappropriate ecological restoration measures that fail to account
for local climate factors have led to low survival rates of restored plants and even the
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deterioration of local ecosystems [5-8]. Therefore, examining the spatial and temporal
variations of vegetation greenness on a regional scale is crucial for ecological protection
and sustainable development [9].

The succession of vegetation cover is influenced by the climate, natural environmen-
tal factors, and human activities [10-25]. In recent years, various human activities, such
as urban expansion and resource development, have profoundly disturbed the regional
ecological environment, posing a serious threat to its stability [26-29]. Previous studies
have extensively investigated the spatiotemporal evolution of vegetation cover in the
arid regions of northwest China [30,31], driven by both climate change and human activ-
ities [32-34]. Techniques like geographic information systems (GIS) and remote sensing
(RS) have been utilized to study the dynamic evolution of vegetation [26]. Remote sensing
technology, particularly the use of satellite-derived indices like the normalized difference
vegetation index (NDVI), has proven to be an effective tool for monitoring vegetation
changes over large areas and extended periods [26]. Previous studies have utilized NDVI
data to analyze vegetation trends and their relationship with climatic factors in various
regions. For example, a fractional vegetation coverage (FVC) time series analysis from 1986
to 2021 in the Qilian Mountain National Nature Reserve revealed that climate variability
and human activities contributed significantly to vegetation variations [35]. Similarly,
the Qinghai-Tibet Plateau’s vegetation changes have been attributed to human activities
and climate variability [34,36,37]. Meanwhile, extreme weather and land desertification
caused by climate change have heightened awareness among humans about the crisis
of ecological environment deterioration [38]. Moreover, recent advancements in remote
sensing methodologies have further enhanced our ability to classify and monitor plant
ecological communities [39].

The Hexi Corridor, situated in northwest China, is a typical representation of an arid
region, with the Shule River Basin (SRB) being one of its primary inland river basins. The
SRB, characterized by a landscape of mountains, oases, and deserts, experiences limited
rainfall, high evaporation rates, and uneven water distribution, making its ecosystem partic-
ularly delicate and vulnerable. It is also among the most susceptible regions to the impacts
of climate change globally [40]. The overexploitation of water resources has exacerbated
ecological issues in the basin, including sparse vegetation, grassland degradation, soil
salinization, wetland reduction, and desertification [41]. These challenges are anticipated
to influence future development planning in the area significantly. Therefore, studying the
spatiotemporal dynamics of vegetation in the SRB and its responses to climate change and
human activities holds scientific significance and crucial economic and social implications.
Despite previous studies focusing on the impact of natural and social factors on the SRB,
few have conducted large-scale and long-term dynamic analyses of the vegetation cover-
age. The ecological fragility of the basin, exacerbated by climate variability and human
activities, poses significant challenges. Extreme events such as precipitation, drought, and
human activities like farming, industry, and construction further destabilize vegetation
coverage [35,42,43]. Monitoring vegetation growth and change is essential for promoting
ecological protection and sustainable economic development in the region. It is imperative
to undertake dynamic research on FVC in the basin. The FVC quantifies the surface vegeta-
tion status and is crucial for assessing vegetation change, soil and water conservation, and
climate impacts.

In this study, we assess the impact of climate change and human activities on
vegetation change in the Shule River Basin (SRB). Using the Google Earth Engine (GEE)
platform, we extracted fractional vegetation coverage (FVC) time series data from 2000
to 2019 and conducted spatiotemporal analyses to monitor vegetation coverage changes.
The objectives are to monitor temporal and periodic changes in vegetation coverage
and analyze the spatial distribution to gain insights into the ecological consequences of
climate variations and human activities, especially in arid ecotone zones. The main goals
of this study are: (1) to analyze the temporal and spatial dynamic trends of vegetation
in the SRB; (2) to identify the response mechanisms of vegetation changes in the SRB
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to human activities, such as road construction; (3) to determine the dominant climate
factors affecting vegetation change in the SRB; and (4) to identify land cover dynamics
and their responses to climate change and human activities.

2. Materials and Methods
2.1. Study Area

The Shule River Basin (SRB) is situated in the Gansu Province, China, spanning
from a longitude of 92°11" E to 98°30’ E and a latitude of 38°0’ N to 42°48’ N. It lies at
the westernmost edge of the Hexi Corridor. This region is a transition zone between the
Qinghai-Tibet Plateau and the Alashan Plateau of Inner Mongolia, forming an integral
part of the historic “Silk Road”. Spanning an area of approximately 100,000 km?, the
Shule River is one of the three major inland rivers in the Hexi Corridor (Figure 1a). The
SRB experiences a temperate, arid climate with ample and intense solar radiation. The
annual average temperature ranges from 7 to 9 °C. Despite its limited annual average
rainfall of less than 60 mm, the region witnesses high evaporation rates ranging from
1500 to 3000 mm [44]. Altitudes in the study area vary significantly, ranging from 660
to 4545 m above sea level.
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Figure 1. Overview of the study area. (a) The geographic location and terrain of the Shule River
Basin, and (b) the land cover types of the Shule River Basin, including cropland, grassland, sparse
vegetation, wetlands, impervious surfaces, and bare areas.
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Surface water resources in the SRB are scarce. The land cover types in the SRB encom-
pass a diverse range of ecosystems, including croplands, grasslands, sparse vegetation,
wetlands, impervious surfaces, and bare areas (Figure 1b). Given its unique geographical
and climatic features, as well as its historical significance along the Silk Road, the SRB
presents an ideal study area for exploring vegetation dynamics influenced by climate
change and human activities.

2.2. Datasets
2.2.1. Vegetation

The main dataset employed in this study comprises annual Fractional Vegetation Cover
(FVC) data derived from annual Normalized Difference Vegetation Index (NDVI) data. The
NDVI data were obtained from Landsat TM/OLI satellite data products, including Landsat
5TM, Landsat 7 ETM, and Landsat 8 OLI, synthesized using the Google Earth Engine (GEE)
platform (https://developers.google.com/earth-engine (accessed on 1 January 2023)). The
data span from 2000 to 2019, with a spatial resolution of 30 m.

This approach ensures the comprehensive assessment of vegetation dynamics over
the study period, allowing for detailed spatiotemporal analysis of vegetation changes in
the SRB. The detailed calculation methodology will be elaborated on in Section 2.3.1.

2.2.2. Land Cover

The land cover data utilized in this study were sourced from the Global 30-m
Land Cover Products with a Fine Classification System in 2020 (GLC_FCS30-2020).
This dataset provides comprehensive land cover information with an exemplary clas-
sification system derived from continuous time-series Landsat imagery on the GEE
platform. The GLC_FCS30-2020 dataset offers detailed and up-to-date land cover
classification for the study area, enabling a precise analysis of land cover dynamics.
The dataset covers various land cover types, including croplands, grasslands, sparse
vegetation, wetlands, impervious surfaces, and bare areas. The land cover types in
the study area are defined as follows: “Cropland” refers to land used for agricultural
purposes, including mature, cultivated land, newly reclaimed land, fallow land, ro-
tational rest land, and areas undergoing grassland rotation cropping, among others.
“Grassland” encompasses various types of land predominantly covered by herbaceous
plants, forming different grasslands. “Sparse vegetation” represents areas with limited
vegetation cover, characterized by scattered vegetation patches. “Wetland” includes
areas with high water saturation, such as marshes, swamps, and other waterlogged
habitats. “Impervious surfaces” refer to urban and rural residential areas, industrial
zones, mining sites, transportation infrastructure, and other human-built surfaces
that prevent water infiltration. “Bare areas” denote areas devoid of vegetation cover,
typically consisting of exposed soil, rock, or other non-vegetated surfaces.

These land cover categories provide valuable insights into the landscape composition
and land use patterns within the study area, facilitating a comprehensive analysis of
vegetation dynamics and ecosystem changes over time.

2.2.3. Precipitation

The precipitation data utilized in this study were obtained from the Climate Hazards
Group InfraRed Precipitation with Station data (CHIRPS). CHIRPS is a long-term quasi-
global rainfall dataset spanning over 30 years. It integrates high-resolution satellite
imagery with in-situ station data to generate gridded rainfall time series, enabling
trend analysis and seasonal drought monitoring [45]. The CHIRPS dataset provides
reliable and spatially detailed information on precipitation patterns, making it suitable
for analyzing temporal variations in rainfall. For this study, we extracted the annual
mean precipitation data from 2000 to 2019 using the GEE platform. The precipitation
data were resampled to 30-m resolution using the ArcGIS 10.8 software. Resampling
the precipitation data to a finer resolution enhances its utility by capturing localized
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variations in rainfall patterns and facilitating a more accurate analysis of its effects on
vegetation dynamics. This high-resolution precipitation dataset is valuable input for
assessing the relationship between precipitation variability and vegetation changes in
the SRB over the study period.

2.2.4. Land Surface Temperature

The Landsat series of satellites provides valuable data for monitoring the land surface
temperature (LST), offering high spatial resolution and frequent revisit times. Researchers
can obtain reliable and spatially detailed LST data for various applications, including
climate studies, environmental monitoring, and land surface modeling [37]. The LST data
used in this study were acquired from the GEE platform using open-source code designed
explicitly for LST estimation from the Landsat series [46]. Accessing LST data through
the GEE platform and utilizing open-source code for processing ensures transparency,
reproducibility, and accessibility of the data, facilitating robust scientific analysis and the
interpretation of land surface temperature dynamics in the SRB [47].

2.2.5. Surface Water Area

The surface water data utilized in this study were obtained from the JRC Monthly
Water History (v1.4) dataset. This dataset offers maps depicting the spatial distribution and
temporal changes in surface water from 1984 to 2021. With a spatial resolution of 30 m,
the JRC Monthly Water History dataset provides detailed information on the extent and
dynamics of surface water bodies [37]. By analyzing the temporal distribution of surface
water, we can assess changes in water bodies, including fluctuations in size, seasonal
variations, and long-term trends in the SRB [48,49].

2.2.6. DEM and Road

Digital Elevation Model (DEM) data were acquired from the Geospatial Data Cloud
(https:/ /www.gscloud.cn/ (accessed on 1 January 2023)). The dataset is derived from
the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) Global
Digital Elevation Model (GDEM) version 1 (V1). With a spatial resolution of 30 m by 30 m,
the DEM dataset provides detailed information about the terrain elevation in the study
area. Road data comes from the OpenStreetMap (OSM; www.openstreetmap.org (accessed
on 1 January 2023)).

2.3. Methods

Figure 2 shows the framework of this research. Firstly, the least squares method was
adopted to detect vegetation trends from 2000 to 2019. Secondly, the relationship between
climatic factors and the FVC was evaluated with partial correlation analysis. Finally, the
residual analysis method was used to explore the main driving factor of spatial-temporal
changes of FVC.

2.3.1. Retrieval of FVC Time Series Data

Observations of the NDVI via remote sensing satellites are susceptible to various
factors that may affect data quality. We used the annual maximum method to extract the
NDVI values for each year. This method selects the highest NDVI value within the year,
which typically corresponds to the growing season when vegetation is most active. By
focusing on the maximum NDVI, we effectively capture the growing season dynamics
while reducing the influence of cloud cover and water vapor on the NDVI observations [50].
This method utilizes the following calculation formula:

NDVI; = max (NDVIj), (1)
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where NDVI; represents the NDVI value in the i th year, NDVI; is the NDVI value in the j th
month of the i th year, and j is valued in the range of 1-12. The NDVI value was calculated
as specified in Equation (2):

NDVI = (NIR — R)/(NIR + R), @)

where NIR is the near-infrared band spectral reflectance, and R is the red band
spectral reflectance.

The NDVI is commonly used to derive the FVC [51]. The FVC can better measure
surface vegetation conditions and environment changes [35]. The FVC was calculated using
the Band Math calculation module of ENVI 5.0 after projection conversion and mosaicking
as specified in Equation (3):

FVC = (NDVI — NDVl;;) / (NDVIyeg — NDVIg), (©)]

where NDVI,; and NDVlyeg represent the values of bare soil and full vegetation cover,
respectively [35,52]. We use the NDVI values at the cumulative percentages of 0.5% and
99.5% as NDVlI;; and NDVlyg, respectively. The detailed data are shown in Table 1.
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Figure 2. Framework of this research.

As suggested in a previous study, and in terms of the actual situation of the study area,
the FVC was divided into five classes, namely extremely low [0-0.2], low [0.2-0.4], middle
[0.4-0.6], middle high [0.6-0.8], and high [0.8-1.0] vegetation cover [35].
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Table 1. The NDVI; and NDVlyeg value of the Shule River Basin.
Year Minimum Maximum NDVI,;; (0.5%) NDVlyeg (99.5%)
2000 —0.488 0.905 0.004 0.659
2001 —0.141 0.491 0.000 0.327
2002 —0.137 0.531 0.002 0.371
2003 —0.482 0.993 0.004 0.600
2004 —0.083 0.550 0.001 0.378
2005 —0.385 0.541 0.000 0.356
2006 —0.135 0.696 0.002 0.412
2007 —0.365 0.543 0.002 0.365
2008 —0.379 0.561 0.000 0.373
2009 —0.153 0.554 0.002 0.363
2010 —0.087 0.552 0.000 0.397
2011 —0.163 0.554 0.003 0.416
2012 —0.087 0.662 0.004 0.433
2013 —0.085 0.691 0.015 0.521
2014 —0.048 0.669 0.017 0.520
2015 0.001 0.686 0.017 0.516
2016 —0.009 0.680 0.015 0.501
2017 —0.055 0.680 0.015 0.507
2018 —0.035 0.677 0.018 0.520
2019 —0.106 0.671 0.016 0.513

2.3.2. Vegetation Trend Analysis

The linear trend of vegetation conditions was estimated using a simple linear re-
gression in the study area from 2000 to 2019 and every five years separately (2000-2004,
2005-2009, 20102014, and 2015-2019) on a pixel scale. Trend analysis at the pixel scale can
provide a more accurate reflection of vegetation spatiotemporal variations, which can better
simulate areas where vegetation coverage is significantly improved and degraded [7,53].
The slope of the trend line in the multi-year regression equation for a single pixel represents
the rate of variation, computed using the least squares method as follows [5,54-56]:

ny ML (ix FVG) — ¥ P ix ¥ 0 FVG @
; ~2 ’
ny ?:112 - (Z ?:11)

where n is the sequence number of monitoring years (we divided the monitoring period
(2000-2019) into four periods, where n is 5 for each period), FVC; is the maximum value
for the specific year, “Slope” is the slope of the linear regression, which represents the
trend of FVC during each period. A positive slope (slope > 0.01) indicates an increased
trend of FVC and vice versa. The significance of variation was determined using F-tests to
calculate confidence levels (p < 0.05) [57,58]. The vegetation trend analysis was performed
in Matlab 2022b.

Slope =

2.3.3. Partial Correlation Analysis

Partial correlation analysis describes the relationship between two variables while
taking away the effects of another variable or several other variables [53]. We employed
partial correlation analysis to evaluate the relationship between climatic factors (LST and
precipitation) and FVC, which can exclude the confounding effects of other variables [59].
The calculation of the partial correlation coefficient can be expressed as follows:

o3 = 12 ; 13123 - , (5)
V=13 (1-13,)

where 15, 123, and ry3 refer to the correlation coefficients between Y and Xj, Y and X5, and
X1 and Xj, respectively. rq; 3 refers to the partial correlation coefficient between Y and X;
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when the variable X; is fixed [60]. Each partial correlation coefficient is tested using the
t-test (p < 0.05) [8].

2.3.4. Calculating Contribution of Driving Factors to Variation in FVC

It is commonly assumed that the FVC is affected by the combined impact of human
activities and climate variability [26,27,29,35,50,59,61-63]. The response of vegetation
conditions to temperature and precipitation is often nonlinear [42]. The residual analysis
method calculates the relative contributions of climate change and human activities to
better attribute the observed vegetation changes to climate change and human activi-
ties [11,50].

First, a binary linear regression equation is constructed based on the LST and precipi-
tation to predict the FVC only affected by climate change. Then, the predicted FVC value
(FVCc) is calculated using the LST and precipitation data. Finally, the difference between
the observed FVC and FVC. is calculated and defined as the FVC residual, representing
the variation rate of the contribution of unknown factors to FVC, which means the impact
of human activities on FVC in this paper. The regression model for each pixel is as follows:

FVC. =a x LST+Db x Pre +¢, (6)

& = FVC; — FVCy, 7)

where FVC_, is the simulated value of the multiple linear regression equation built based
on climate factors; a, b, and c are regression coefficients of the land surface temperature,
precipitation, and a constant term, respectively; ¢; is the FVC residual between the observed
FVC and the simulated FVC in the ith year; ¢; > 0 and ¢; < 0 separately indicate that human
activities promote vegetation improvement and vegetation degradation.

This study used MATLAB software version R2020b under an academic license and
ArcGIS software version 10.8 under an educational institution license.

3. Results
3.1. Temporal Change of Vegetation

Figure 3 illustrates the changes in FVC area proportions from 2000 to 2019. The
proportion of “extremely low cover” ranges from 92.13% to 95.61%, with an average of
94.09% =+ 1.03%, and exhibited a decreasing trend with a slope of —0.163/a (R? = 0.87).
In contrast, the area proportions of “low coverage”, “middle coverage”, “middle-high
coverage”, and “high coverage” show increasing trends, with slopes of 0.080/a (R? = 0.68),
0.030/a (R? = 0.85), 0.023/a (R% = 0.84) and 0.030/a (R? = 0.74), respectively. The results
indicate an improvement in the ecological environment. Due to spatial heterogeneity, it is
essential to analyze vegetation change patterns and their influencing factors.

Roads fragment landscapes and trigger human colonization and degradation of ecosys-
tems. Ibisch et al. [64] defined the areas outside a 1-km buffer around all roads as “roadless
areas”. According to this definition, we divided the study area into “road areas” and
“roadless areas”. In “road areas”, vegetation changes were affected by both climate change
and human activities. Therefore, we use Vclimate+Human tO represent the average FVC in this
area. Conversely, in the “roadless areas”, where human activity was minimal, vegetation
changes were primarily driven by natural climate variations. Therefore, we use Vciimate
to represent the average FVC in these regions. Finally, V Ay represented the average FVC
of the whole study area. Figure 4 depicts the trend of VcjimaterHuman, VAl and Vciimates
showing significant increases (p < 0.05) from 2000 to 2019, with slopes of 1.3 x 1073 a™!,
3x 1072 atand 1.1 x 1072 a™!, respectively.
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Figure 3. The temporal changes of vegetation coverage from 2000 to 2019 in SRB.
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Figure 4. Dynamic changes of vegetation cover in “road areas” (Vcjimate+Human), ~T0adless areas”
(VClimate), and the entire region (V 4y).

In arid regions, roads are generally constructed around oases, while “roadless
areas” are primarily located in desert regions. Therefore, the mean FVC of “road
areas” (V(limate+Human) tends to be higher than that of “roadless areas” (Vciimate)- The
dynamic changes of Vcjimate and V 4y exhibit similar trends, while the dynamic changes
of V(limate+Human Significantly declined in 2003, primarily due to human activities.
Upon investigation, we discovered the construction of the Jia’an Highway from 2004 to
2006 in the study area, which significantly impacted the dynamic changes of vegetation
(Figure 5).
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(b) 2006 - After road construction
Figure 5. Vegetation changes caused by road construction.

3.2. Spatial Pattern of Vegetation Dynamics

Figure 6 depicts the trends of FVC in the entire SRB during the periods of 2000-2004,
2005-2009, 2010-2014, and 2015-2019. The findings are as follows:

(b)

>z

0 50 100 A 0 50 100
KM KM

(@

©

0 50 100 A 0 50 100 A
KM — KM

The variation of vegetation coverage: - Significant decrease - Significant increase |:| Significant stable - Non-significant change

Figure 6. Spatial distribution of FVC and the significance of variations in FVC in the SRB in
(a) 2000-2004, (b) 2005-2009, (c) 2010-2014, and (d) 2015-2019.
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(a) From 2000 to 2004, the area exhibiting a significant increase in FVC accounted for
0.20%, primarily concentrated in the western part of Dunhuang and the eastern part of
the Guazhou oasis (Table 2 and Figure 6). The area experiencing a significant decrease in
vegetation cover accounted for 0.29% and was mainly distributed in the Yumen oasis and
the desert zone in the northern part of the SRB.

Table 2. Summary of FVC trends.

Area (%)
Trend of FVC p Slope
2000-2004 2005-2009 2010-2014 2015-2019
Significantly increased p <0.05 slope > 0.01 0.20 0.38 0.89 0.68
Significantly decreased p <0.05 slope < —0.01 0.29 0.21 0.32 0.25
Significantly stable p <0.05 —0.01 < slope < 0.01 46.75 46.59 48.18 46.65
Non-significant change p > 0.05 - 52.76 52.82 50.61 52.42

(b) During the period 2005-2009, the area witnessing a significant increase in vegetation
cover expanded to 0.38%, predominantly observed in the oases of Dunhuang, Guazhou,
and Yumen, as well as on both sides of the Shule River between the oases. Conversely, the
area experiencing vegetation degradation accounted for 0.20% and was mainly distributed
in the Qilian Mountains pre-mountainous zone southeast of the SRB.

(c) During 2010-2014, areas with a significant increase in vegetation cover expanded
to 0.89%, while the proportion of regions witnessing a considerable decrease in vegetation
cover accounted for 0.32% and was mainly concentrated in the oases in Dunhuang city.

(d) Finally, from 2015 to 2019, areas with a significant increase in vegetation cover
extended to 0.68%, primarily concentrated in Dunhuang.

In summary, the dynamic changes in vegetation exhibit substantial spatial variability.
While vegetation in the SRB generally shows an improving trend, the areas of change vary
across different periods. Activities such as afforestation significantly increase FVC, whereas
human activities like road construction notably reduce it.

3.3. Correlations between Climate Factors and FVC

Climate change and human activities influence the succession process of surface vege-
tation coverage. To comprehend how environmental factors impact vegetation variation in
the study area, we gathered and calculated time series data of annual average precipitation,
the highest LST, and the maximum area of surface water (Figures 7-9). Pearson correlation
analysis was used to analyze the relationship between FVC and precipitation, LST, and
surface water area (Table 3).

Table 3. The correlation coefficients of precipitation, LST, area of surface water, and FVC (V).

Van Precipitation LST Area of Surface Water
Van 1 0.575 —0.107 0.744
Precipitation 0.575 1 —0.136 0.548
LST —0.107 —0.136 0 0.030
Area of surface water 0.744 0.548 0.030 0

The FVC demonstrates a positive correlation with the annual average precipitation
(Figure 7), with correlation coefficients of 0.575 (Figure 7 and Table 3). The FVC also posi-
tively correlates with the surface water area, with correlation coefficients of 0.744 (Figure 9
and Table 3). Meanwhile, precipitation and the area of surface water also exhibit a positive
relationship, with a correlation coefficient of 0.548. Results suggest that precipitation pro-
motes the increase of area of surface water and vegetation growth, with higher humidity
associated with better vegetation growth.
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A weak negative correlation exists between the FVC and LST (Figure 8 and Table 3),
with correlation coefficients of —0.107. In arid and semiarid areas, water is crucial for
vegetation growth; hence, elevated temperatures may lead to increased evaporation,
reduced water supply, exacerbated drought stress, and vegetation degradation [65].
Consequently, areas with higher LSTs exhibit poorer vegetation development. In
recent years, northern desertification areas in China have generally witnessed rising
temperatures and increased precipitation, leading to extended plant growth periods
and enhanced vegetation growth.

Figure 10 illustrates the spatial distribution of the partial correlation coefficient be-
tween the FVC and climate factors. The partial correlation between FVC and precipitation
shows the area of significant positive correlation (SPC) covering approximately 1.47% of
the total area, primarily distributed in the middle of the SRB (Figure 10a,c). The area of SPC
between the FVC and LST is mainly concentrated in the eastern and middle regions of the
SRB and covers 7.64% of the total area (Figure 10b,d).

()
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Coefficient I T ET— Coefficient
-1-08-06-04-02 0 02 04 06 08 1 -1-08-06-04-02 0 02 04 06 08 1
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Figure 10. Partial correlation coefficient between FVC and climate. (a) FVC and precipitation (Pre)
partial correlation. (b) FVC and LST partial correlation. (c) The relationship between FVC and
precipitation. Significant negative correlation (SNC), significant positive correlation (SPC), and
non-significant correlation (NSC). (d) The relationship between FVC and LST.

4. Discussion
4.1. Contributions of Climate Change and Human Activities to Vegetation Dynamics

Quantifying the relative contributions of human activities and climate factors
to vegetation dynamics is crucial for understanding and addressing climate change
impacts [65]. In this study, we quantified the spatiotemporal variations of FVC in the
SRB from 2000 to 2019 and determined the contributions of climate change and human
activities to vegetation dynamics.

Climate change, including factors like precipitation, temperature, and solar radiation,
significantly influences vegetation dynamics in the SRB [26,27,29,66,67]. Previous research
has highlighted the importance of these climate factors in affecting vegetation productivity,
with precipitation generally promoting vegetation growth in arid and semiarid regions.
At the same time, higher temperatures can inhibit it [35,38,68,69]. However, the impact of
climate factors on FVC exhibits spatial heterogeneity across the study area.
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2000-2004

Figure 11 illustrates the relative contributions of climate change and human activities to
the increasing trend of FVC in the SRB from 2000 to 2019. Table 4 denotes the area proportion
of the contribution of climate change and human activities to FVC increase. Climate change
contributed to 17.47%, 25.48%, 28.31%, and 30.81% of the total area during 2000-2004,
2005-2009, 2010-2014, and 2015-2019, respectively. Human activities contributed to 24.14%,
30.45%, 25.69%, and 26.80% during the same periods.
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Figure 11. Contribution of climate change and human activities to annual variation in FVC from 2000
to 2019 in the SRB.
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Table 4. The area proportion of the contribution of climate change and human activities to FVC
increase.

2000-2004 2005-2009 2010-2014 2015-2019

The contribution of climate change 17.47% 25.48% 28.31% 30.81%
The contribution of human activities 24.14% 30.45% 25.69% 26.80%

The results show that climate change is contributing to vegetation recovery. The areas
with a positive contribution of human activities to FVC increase were mainly concentrated
in the middle part of the SRB, where agricultural areas are prevalent. This reflects the
significant impact of human activities on vegetation growth in more populated regions.

These findings underscore the complex interplay between climate change and human
activities in shaping vegetation dynamics. While climate change emerges as a primary
driver of vegetation recovery, human activities dominate densely populated areas, high-
lighting the need for targeted strategies to mitigate anthropogenic impacts on ecosystems
while adapting to changing climatic conditions.

4.2. Land Cover Dynamics and Their Response to Climate Change and Human Activities

Understanding the dynamic changes in land cover types is essential for comprehend-
ing the environmental changes driven by human activities and climate change. Variations
in meteorological conditions, topography, and soil moisture across different land cover
types significantly influence vegetation dynamics [70].

The relationship between the FVC and land cover types, as summarized in Table 5,
underscores the complex interplay between vegetation dynamics and environmental factors.
By analyzing the spatiotemporal changes in land cover types and their corresponding FVC
proportions, we can gain insights into the responses of different ecosystems to human-
induced and natural environmental changes.

Table 5. The relationship between FVC and land cover types.

FVC (%
Land Cover Types %)
[o,01] (0.1,02] (0.2,03] (0.3,04] (0.4,05] (0.50.6] (0.6,0.71 (0.7,0.8] (0.80.9] (0.9,1.0]

Cropland 0.01 3.32 19.03 31.73 46.81 56.59 68.38 79.62 83.80 83.47
Grassland 0.45 28.61 41.77 38.87 32.75 31.51 26.88 13.58 14.08 13.70
Sparse vegetation 8.05 23.67 23.30 11.32 6.59 2.25 1.19 1.89 0.00 0.47
Wetlands 0.17 0.81 10.60 15.87 10.77 4.18 1.19 1.13 1.76 0.00
Impervious surfaces 0.01 0.36 0.63 1.48 1.54 5.47 1.98 3.77 0.35 1.06
Bare areas 91.31 43.23 4.67 0.74 1.54 0.00 0.40 0.00 0.00 1.30

The area proportion of different land cover types can be estimated based on the
proportion of land cover types in the FVC interval. Figure 12 illustrates the trends in
various land cover types over the study period.

The area proportion of “bare areas” decreased from 84.401% in 2000 to 77.548% in
2019, a decrease of 6.853%, with an average annual decrease of about 0.307%. The results
show that the area of bare land in the region has decreased, and the land cover type has
changed significantly.

The area proportion of “grassland” ranges from 3.392% to 6.827%, averaging
4.642 + 1.070%. “Grassland” shows an increasing trend over time, with an increase
rate of 0.145% per year. “Grassland” covers all types of land covered mainly by herba-
ceous plants. The increase in grassland area may be caused by the combined effects of
climate change and human activities, such as returning farmland to grassland [71,72].
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Figure 12. The area proportions of different land cover types from 2000 to 2019 in the SRB.

The area proportion of “cropland” ranges from 2.264% to 4.113%, with an average of
3.132 + 0.540%. The area of “cropland” is increasing at a rate of 0.087% per year, reflecting
the expansion of agricultural activities.
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Impervious surfaces are usually covered by anthropogenic materials that prevent
water from penetrating into the soil [73]. The area proportion of “impervious surfaces”
ranges from 0.101% to 0.177%, with an average of 0.024 & 0.001%. The rise in “impervious
surfaces” highlights the ongoing urbanization and infrastructure development.

“Wetlands” include areas of high water saturation, such as marshes and other habitats,
that are of great ecological importance. The area proportion of “wetlands” ranges from
0.522% to 0.854%, with an average of 0.651 £ 0.101%. The area of “wetlands” increases at a
rate of about 0.015% per year, reflecting the improvement of the ecological environment.
The area proportion of “sparse vegetation” ranges from 8.985% to 10.482%, with an average
of 9.535 + 0.470%. The proportion fluctuates greatly, with an R? of 0.51.

The results of the analysis reflect the impact of human activities and climate change
on land cover types. Activities such as construction, increased agricultural activity, and
converting farmland back to grassland have led to an increase in the area proportions of
“impervious surfaces”, “cropland”, and “grassland”. Climate changes, such as increased
rainfall, have resulted in larger areas of “wetland” and “sparse vegetation”. Overall,
under the influence of climate change and human activities, the proportion of “bare areas”
has decreased, while vegetation cover and ecological conditions have shown positive
development trends.

5. Conclusions

This study provides comprehensive insights into vegetation dynamics in the SRB from
2000 to 2019, shedding light on the impacts of climate change and human activities on
ecosystem dynamics. The main results were as follows:

(1) This study reveals a significant upward trend in regional average FVC within
the SRB from 2000 to 2019, with an increase of 1.3 x 10~2 a~!. Notably, areas proximal to
roads experienced a higher FVC increase of 3 x 1073 a™!, while roadless areas experi-
enced a comparatively lower increase of 1.1 x 1072 a~!. Additionally, road construction
activities during 2004-2006 led to a notable reduction in FVC within a 200-m buffer of
the roads.

(2) Spatial heterogeneity in FVC dynamics is pronounced within the SRB. While there is
a general trend of improvement and increased vegetation cover, the magnitude and spatial
distribution of these changes vary across different periods and locations. Afforestation
initiatives significantly enhance FVC, whereas human activities like road construction have
localized detrimental effects on vegetation.

(3) Partial correlation analysis highlights the influence of climatic factors on FVC
dynamics within the SRB. The FVC shows positive correlations with precipitation (0.575)
and surface water area (0.744), underscoring their pivotal roles in supporting vegetation
growth. In contrast, a weak negative correlation is observed between the FVC and LST
(—0.107), indicating varying responses of vegetation to LST variations.

(4) Climate change has made a significant and growing contribution to vegetation
restoration. However, human activities—especially agricultural practices, infrastructure
development, and the conversion of farmland to grassland—play a vital role in vegetation
changes in densely populated areas.

In summary, this study’s findings offer crucial insights into the complex interactions
between environmental factors and human activities, providing valuable information for
ecosystem restoration and environmental management initiatives in the SRB.
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