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Abstract: The Three Rivers Headwaters Region (TRHR), situated in the high-altitude region of the
Tibetan Plateau, represents a critical ecological security barrier for both China and Southeast Asia. In
addition to providing a vital freshwater supply for China, it is also one of the most biodiverse areas
in the world. However, the region is characterized by a fragile and sensitive ecosystem, which makes
it particularly vulnerable to environmental disturbances. Given the role of vegetation as a reliable
indicator of ecosystem changes, investigating the patterns and drivers of vegetation change in the
TRHR can provide valuable insights into the state and trajectory of its ecological system. To assess the
spatiotemporal dynamics of vegetation changes in TRHR, this study constructed a comprehensive
vegetation index (CVI) based on leaf area index (LAI), fractional vegetation cover (FVC), and net
primary productivity (NPP). Trend analysis and significance testing were employed to detect and
quantify the magnitude and direction of vegetation changes over the past two decades. Moreover,
correlation analysis, spatial overlay, and statistical modeling techniques were applied to examine the
relative contributions of climate, land use/cover changes, and slope altitude to CVI changes. The
results showed the following: (1) the CVI in the TRHR showed an overall increasing trend from
2000 to 2019, with an average annual increase of 0.6%, indicating a positive development trend of
vegetation, but with obvious spatial differences. (2) The vegetation in the TRHR has shown a marked
increase over the past two decades, with significant increase accounting for 19% of the total area,
mainly concentrated in the Yellow River Basin. Conversely, a significant decline in vegetation was
observed in 3% of the total area, predominantly in the Yangtze River Basin. (3) Both temperature and
precipitation had a positive impact on vegetation restoration in the TRHR, but the area affected by
temperature was larger than that affected by precipitation. (4) The land-use regime had a discernible
impact on vegetation increase, with the conversion of land use to ecological land promoting vegetation
restoration. However, the efficacy of restoration efforts might have varied depending on natural
resource endowments in certain regions. (5) With increasing altitude, vegetation conditions initially
improved before eventually deteriorating. Conversely, as the slope increased, vegetation experienced
an initial improvement before ultimately stabilizing. This study helps to understand the overall
changes and driving mechanisms of vegetation in the TRHR and provides a scientific basis and
decision-making reference for the dynamic adjustment of vegetation restoration and ecological
engineering in the region in the future.

Keywords: spatiotemporal variation; composite vegetation index (CVI); vegetation decline; vegeta-
tion restoration; Three Rivers Headwaters Region (TRHR)

1. Introduction

Vegetation dynamically affects ecosystem services [1] including soil and water conser-
vation, climate regulation, air purification, soil improvement [2,3], ecosystem health [4,5],
regional or global ecological security [6], economic development, and human well-being [7].
However, existing research suggests that vegetation status and change are driven by a
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complexity of factors such as climate change, land use, altitude, slope, temperature, precip-
itation, soil carbon, and nitrogen [8–13] as well as fire risk [14], overgrazing and excessive
mowing [15,16]. Accurate vegetation status mapping and analyses of impacts from differ-
ent drivers in different climatic, human, and environmental setting are therefore necessary
for effective ecological protection and restoration [17]. Therefore, research on vegetation
change remains a hotspot in geography, ecology, and environmental science.

In recent years, with the continuous development and updating of remote sensing
observation technology, large-scale, multi-scale vegetation change processes can be accu-
rately characterized and analyzed [18–20]. Vegetation change is often analyzed using single
or combined indices, such as Normalized Difference Vegetation Index (NDVI) [19,21,22],
Leaf Area Index (LAI) [23,24], Fractional Vegetation Cover (FVC) [25,26], Net Primary
Productivity (NPP), and Gross Primary Productivity (GPP), for long-term trend analysis
at different scales [26–30]. In contrast to previous approaches that rely on a single vege-
tation index to assess vegetation change, the China Meteorological Administration has
developed the Meteorological Vegetation Quality Index by combining fractional vegetation
cover and net primary productivity to evaluate vegetation eco-logical quality in typical
ecosystems and key ecological engineering areas in China [31–35]. The EQI ecosystem
quality index, as specified in the Technical Specification for Investigation and Assessment
of National Ecological Status-Ecosystem Quality Assessment environmental standard by
China’s Ministry of Ecology and Environment, utilizes the relative density of FVC, LAI,
and GPP to reflect the overall ecological quality of a region’s ecosystems. However, in
the TRHR, which experiences high altitude and low temperature, the vegetation growth
and survival conditions differ significantly. Therefore, relying solely on a single vegetation
index may not accurately reflect the region’s actual vegetation conditions. Additionally,
based on expert knowledge and experience, the relative density approach used to construct
the EQI may not be appropriate in this region.

The TRHR is one of the most concentrated areas for nurturing large rivers in Asia
and even the world, where the Yangtze River, Yellow River, and Lancang River originate.
It is also one of the world’s most concentrated and rich regions for high-altitude biodi-
versity, known as the “water tower of China” and a natural gene pool of high-altitude
biological resources. It is an important ecological security barrier for China and Southeast
Asian countries’ ecological environment safety and sustainable economic development [36].
However, the TRHR is also an ecologically sensitive and vulnerable area [37,38]. Due to
climate change and human activities, prominent ecological problems such as grassland
degradation, soil erosion, lake reduction, and glacier shrinkage have occurred in the re-
gion [36]. In order to protect and enhance the ecosystem service functions of the TRHR,
China established the Qinghai Three Rivers National Ecological Protection Comprehensive
Pilot Zone in 2000 and implemented the first and second phases of the Three Rivers Source
Ecological Protection and Construction Project, as well as a series of major eco-logical
projects such as grassland restoration, cropland conversion to forest or grassland, and
local protection ecological projects. However, vegetation restoration is a coupling effect
of the socio-economic-ecological system, and its effectiveness is also influenced by many
natural and socio-economic factors [39,40]. After the implementation of numerous ecologi-
cal projects, what is the vegetation change status in the TRHR? Which regions still have
vegetation degradation issues? What are the main influencing factors of vegetation change
in the TRHR?

We first used the NDVI data provided by MODIS to calculate the vegetation cover data.
Then, we constructed a comprehensive vegetation index (CVI) by combining the LAI and
NPP data provided by MODIS. The Delphi method was employed to determine the weight
coefficients of FVC, LAI, and NPP in the TRHR, which were used to derive the annual
CVI for the area from 2000 to 2019. Trend analysis and significance tests were conducted
to analyze the vegetation changes. The partial correlation method was used to explore
the relationship between the CVI and temperature and precipitation, while the impact of
factors such as land use, elevation, and slop on the CVI was also analyzed. This study
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contributes to an understanding of the overall vegetation changes and driving mechanisms
in the TRHR, providing scientific evidence and decision-making references for the dynamic
adjustment of future vegetation restoration and ecological engineering in the region.

2. Materials and Methods
2.1. Study Area

The TRHR is located in the hinterland of the Qinghai-Tibet Plateau, at 31◦39′~36◦12′ N
and 89◦45′~102◦23′ E, with a total area of 363,000 km2 [41] (Figure 1a). It is the headwater
catchment of the Yangtze River, Yellow River, and Lancang River. The region is mainly
composed of glacial, mountainous, high plateau, and hilly landscapes, situated in a frigid
zone with an average altitude ranging from 3500 to 4800 m. The climate of the TRHR
is a typical highland continental climate, characterized by alternations of cold and hot
seasons, distinct dry and wet seasons, small annual temperature differences, large diurnal
temperature ranges, long sunshine hours, strong radiation, and no significant seasonal
climate variation. The annual average temperature ranges from −5.6 to 3.8 ◦C, annual
precipitation ranges from 730 to 1700 mm, and sunshine hours range from 2300 to 2900 h.
The TRHR is primarily composed of grasslands, followed by deserts and water and wetland.
The grassland types, from southeast to northwest, are generally high altitude meadow,
temperate grassland, high altitude steppe, and high altitude desert, with productivity
gradually decreasing. This study divides the TRHR into the Yangtze River Basin (YTRB),
Yellow River Basin (YLRB), Lancang River Basin (LCRB), and Northwestern Rivers Basin
(NWRB) based on the watershed boundaries (Figure 1b).
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Figure 1. Geographical location (a) and elevation spatial distribution (b) of the TRHR.

2.2. Data and Processing
2.2.1. Vegetation Coverage

Using the MODIS MOD13Q1 NDVI data product with a time resolution of 16 days and
a spatial resolution of 250 m from 2000 to 2019 (https://lpdaac.usgs.gov/products/mod1
3q1v061, accessed on 12 November 2022), format conversion, projection transformation,
image stitching, and pre-processing such as Savitzky–Golay filtering were performed using
the MRT tool provided by NASA and the TIMESAT tool. Based on the pixel dichotomy
model and the maximum synthesis method, the 250 m vegetation coverage dataset was
calculated, and the specific formula is as follows [42]:

FVC =
NDVI − NDVImin

NDVImax − NDVImin
× 100% (1)

https://lpdaac.usgs.gov/products/mod13q1v061
https://lpdaac.usgs.gov/products/mod13q1v061
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where FVC represents the vegetation coverage percentage (%); NDVImin is the NDVI value
of the bare land pixel, which is taken as the NDVI value at the 5th percentile, and if lower
than this value, it is replaced by the minimum value; NDVImax is the NDVI value of the
pixel that is completely covered by vegetation, which is taken as the NDVI value at the 95th
percentile, and if higher than this value, it is replaced by the maximum value. The ArcGIS
10.3 software was used with the nearest neighbor assignment method (NEAREST) in the
resampling tool to obtain the 1 km resolution vegetation coverage dataset for the TRHR
from 2000 to 2019.

2.2.2. Meteorological Data

The temperature and precipitation data used in this study were obtained from the
China Meteorological Data Service Center (http://data.cma.cn, accessed on 12 November
2022) and their shared dataset of daily ground-based climatic data for over 2400 meteorolog-
ical stations in China from 1951 to 2020. The dataset includes daily values of meteorological
elements such as temperature, precipitation, evaporation, and relative humidity. The an-
nual average temperature and annual accumulated precipitation were calculated based
on the data from the meteorological stations. The spatial distribution of temperature
and precipitation data were interpolated using AUNSPLINE software(Version 4.3), which
considered topographic factors during spatial interpolation. To improve the accuracy of
precipitation spatial distribution, the 0.25◦ × 0.25◦ precipitation grid data provided by the
National Meteorological Information Center and the ANUSPLIN-interpolated precipitation
data were merged to obtain more accurate 1 km-scale precipitation spatial data.

2.2.3. Land Use/Cover Data

In the TRHR, the impact of human activities is mainly reflected in land use/cover
change. The land use/cover data in the TRHR of 2000, 2005, 2010, 2015, and 2020 were
used in this study. The data were obtained from the 1:100,000 land use/cover dataset of
the Resource and Environment Science Data Center of the Chinese Academy of Sciences
(https://www.resdc.cn, accessed on 20 November 2022). The land use/cover data of 2000,
2005, and 2010 were mainly based on Landsat-TM/ETM remote sensing image data, while
those of 2015 and 2020 were based on Landsat 8 satellite remote sensing data. The basic
land use/cover data were obtained through image processing including band extraction,
false color synthesis, geometric correction, and image mosaic using ERDAS, ENVI, and
ArcGIS software. The accuracy of the first-level land use type was verified to be above
90% through field validation [43,44]. Because the other data used in this study were from
2000 to 2019, and the land use data were collected every five years, the 2020 land use data
were used for analysis.

2.2.4. Other Data

The Leaf Area Index (LAI) data used in this study were obtained from the MODIS
MOD15A2H.061 data product (https://lpdaac.usgs.gov/products/mod15a2hv006, ac-
cessed on 22 November 2022), with a temporal resolution of 8 days and a spatial resolution
of 500 m, covering the period from 2000 to 2019. Annual LAI data were generated using the
maximum value composite method. The nearest-neighbor allocation method (NEAREST)
was applied to resample the data to a resolution of 1 km for the TRHR, which was used to
produce the 1 km vegetation net primary productivity (NPP) dataset for the same period.

The NPP data were derived from the MODIS MOD17A3 data product (https://lpdaac.
usgs.gov/products/mod17a3hgfv006, accessed on 22 November 2022) with a spatial res-
olution of 500 m and a temporal resolution of 1 year for the period of 2000 to 2019. The
NEAREST method was used to resample the data to a resolution of 1 km for the TRHR to
generate the 1 km vegetation NPP dataset for the same period.

The digital elevation model (DEM) was obtained from the Geospatial Data Cloud
(http://www.gscloud.cn/search, accessed on 25 November 2022) with a spatial resolution
of 30 m. The NEAREST method was used to resample the data to a resolution of 1 km

http://data.cma.cn
https://www.resdc.cn
https://lpdaac.usgs.gov/products/mod15a2hv006
https://lpdaac.usgs.gov/products/mod17a3hgfv006
https://lpdaac.usgs.gov/products/mod17a3hgfv006
http://www.gscloud.cn/search
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for the TRHR. The slope and aspect data were calculated from the DEM data using the
slope and aspect tools in ArcGIS 10.2, and the resulting data were resampled to a resolution
of 1 km.

2.3. Methods

In this study, a comprehensive vegetation index was constructed using the Delphi
method, incorporating three indicators, FVC, LAI, and NPP. The trend of vegetation change
in the TRHR was examined using trend analysis. The effect of temperature and precipitation
on the CVI was explored through partial correlation analysis. The impact of land use/cover,
elevation, and slope on the CVI was also investigated by means of spatial overlay and
statistical analysis. The study’s overall framework is depicted in Figure 2.
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2.3.1. Comprehensive Vegetation Index

The degree of vegetation growth and ecological quality cannot be solely reflected by
a single indicator such as vegetation cover or net primary productivity. It is necessary to
comprehensively consider the quality and advantages and disadvantages of ecological
conditions. We selected three indicators, namely vegetation cover, leaf area index (LAI), and
net primary productivity (NPP), to construct a comprehensive vegetation index. Vegetation
cover mainly characterizes the complexity of the horizontal structure of vegetation [45],
LAI mainly characterizes the vertical structure of vegetation, and NPP mainly characterizes
the total amount of organic matter accumulated by vegetation through photosynthesis,
reflecting the strength of vegetation’s photosynthetic capacity. These three indicators can
effectively reflect the vegetation condition from a horizontal-vertical-total perspective. We
calculated the comprehensive vegetation index using the following formula:

CVIij = a× FVCij + b× LAIij + c× NPPij (2)

where CVIij is the comprehensive vegetation index; FVCij is the normalized vegetation
coverage value on the j-th grid in the i-th year, a is the weight value of FVC in the TRHR.
LAIij is the normalized Leaf Area Index value on the j-th grid in the i-th year b is the weight
value of LAI in the TRHR. NPPij is the normalized Net Primary Productivity value on the
j-th grid in the i-th year, c is the weight value of NPP in the TRHR. We used the Delphi
Method [46] to determine the weights of FVC, LAI, NPP. In this study, a Likert scale was
developed for three vegetation indicators, FVC, LAI, and NPP, in the TRHR. Scoring sheets
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were distributed to experts who have extensive research experience in the region, such
as those from the Chinese Academy of Sciences and China Agricultural University. After
analyzing the scoring results, a scientifically based weighting scheme was obtained that
aligns with the characteristics of the TRHR and reflects expert knowledge and experience.
The final coefficients for a, b, and c are 0.3, 0.3, and 0.4, respectively. It should be noted that
the weighting scheme is specific to the TRHR in this study, and further scientific research is
required for other regions.

2.3.2. Vegetation Change Detection

In this study, the Theil–Sen median method was employed to determine the trend
of the Vegetation Index. The Theil–Sen median method is an efficient non-parametric
statistical method for trend calculation that is less sensitive to outliers, measurement errors,
and abnormal data [47,48]. It is suitable for analyzing trends in long time series data. The
formula is as follows:

β = Median
(Xj − Xi

j− i

)
, ∀j > i (3)

where β represents the trend, and Xj and Xi are the assessment values for year i and
year j, respectively. If β > 0, it indicates an upward trend, while if β < 0, it indicates a
decreasing trend.

The combination of the Mann–Kendall and Theil–Sen median methods has been
widely applied in fields such as hydrology, meteorology, and ecology for analyzing trends
in long time series data. This method does not assume data to follow a specific distribution
and is not affected by missing or abnormal values. It has a solid statistical theory foundation
for testing significance levels and provides high reliability.

sgn
(
Xj − Xi

)
=


1, Xj − Xi > 0

0, Xj − Xi = 0

−1, Xj − Xi < 0

(4)

S = ∑n−1
i=1 ∑n

j=i+1 sgn
(
Xj − Xi

)
(5)

var(S) =
n(n− 1)(2n + 5)

20
(6)

Z =


S+1√
var(S)

, S < 0

0 , S = 0
S−1√
var(S)

, S > 0
(7)

where sgn() represents the sign function, var(S) is the variance of sample S, Xj and Xi are
the CVI indices corresponding to the same grid unit for the i-th and j-th year (j > i) in the
time series, respectively, and n is the length of the data sample.

A value greater than 1.96 indicates that the trend of the data sequence has passed a
significance test at a 95% confidence level (p < 0.05), while a value greater than 1.65 indicates
that the trend has passed a significance test at a 90% confidence level (p < 0.1). In addition,
combining the trend calculated using Theil–Sen Median, this study defines four types of
vegetation increase status (categories that did not exhibit significant changes were not taken
into consideration in this study): significantly degraded, moderately degraded, moderately
recovered, and significantly recovered (Table 1). In that study, we considered the changing
trend of CVI in the TRHR during the research period from 2000 to 2019, an increase in CVI
indicated recovery, while a decrease indicated degradation.
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Table 1. Three-River Headwaters Region vegetation restoration assessment form from 2000 to 2019.

Categories Theil-Sen Median
β Value

Mann–Kenddall
p Value

Significant decline <0 p ≤ 0.05
Significant increase >0 p ≤ 0.05
Insignificant decline <0 p > 0.05
Insignificant increase >0 p > 0.05

2.3.3. Correlation Analysis

Correlation analysis is a method used to measure the correlation or closeness between
two or more variables [49,50]. In this study, partial correlation coefficients were calculated
using Matlab software (Version R2016a) to investigate the correlation and significance
levels between the vegetation index and two meteorological factors, temperature and
precipitation. The formula used for calculation is as follows:

rxy =
∑n

i=1(xi − x)(yi − y)√
∑n

i=1(xi − x)2 ∑n
i=1(yi − y)2

(8)

where rxy represents the correlation coefficient, with a value range of −1 to 1. When rxy > 0,
it indicates that the two variables, x and y, are positively correlated. When rxy < 0, it
indicates that the two variables, x and y, are negatively correlated. Additionally, the larger
the absolute value of rxy, the stronger the correlation between the variables. xi and yi
represent the values of the two variables, while x and y represent their means. n is the
number of years studied.

rab.c =
rab − racrbc√

(1− r2
ac)
(
1− r2

bc
) (9)

where rab.c represents the partial correlation coefficient between variables a and b under the
condition that variable c remains constant. rab denotes the correlation between variables a
and b, rac denotes the correlation between variables a and c, and rbc denotes the correlation
between variables b and c. The significance of the partial correlation results was tested
using t-test method:

t =
rab.c√

1− r2
ab.c

×
√

n−m− 1 (10)

where n is the sample size and m is the number of independent variables.

2.3.4. Spatial Statistical Analysis

Based on previous relevant studies, this research opted for land use data with high
precision from various sources. However, as these data are only updated every five years,
Table 2 was utilized to conduct spatial overlay and statistical analysis of the CVI index
corresponding to the land use data in the same spatial unit. The aim was to investigate the
influence of land use changes on the CVI index.

Table 2. CVI corresponding to land use data in different years of the TRHR.

Number LUCC Corresponding CVI Processing Method

1 2000 2000–2002 Average
2 2005 2003–2007 Average
3 2010 2008–2012 Average
4 2015 2013–2017 Average
5 2020 2018–2019 Average
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In this study, elevation and slope data were limited to a single time period. To address
this, spatial overlay and statistical analysis were used to examine the slope of CVI changes
across different elevations and slopes within the same spatial unit from 2000 to 2019. The
aim was to assess the impact of elevation and slope on the vegetation status of the TRHR.

3. Results
3.1. Vegetation Change in the TRHR

From 2000 to 2019, the overall trend of the CVI index in the TRHR showed an upward
trend with an annual average growth rate of 0.63%/year, indicating that the vegetation
in the region is gradually recovering and the ecological protection and restoration efforts
are significantly effective. The average CVI index for the past 20 years was 0.28, with the
lowest value occurring in 2000 at 0.24 and the highest value appearing in 2010 at 0.32.
The CVI index of each river basin in the TRHR showed a gradient distribution; however,
the overall trend of change was consistent. Among them, the Yellow River basin had the
highest annual average CVI index of 0.40, followed by the Lancang River basin and the
Yangtze River basin, with annual average CVI values of 0.37 and 0.23, respectively. The
annual average CVI index in the Northwest Rivers basin was the lowest at 0.14, indicating
that the vegetation condition in the Yellow River basin was the best, followed by that in
the Lancang River basin and the Yangtze River basin, while the vegetation condition in the
Northwest Rivers basin was the worst (Figure 3a).
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vegetation increase levels in each watershed (b).

A significance test of the CVI changes in the TRHR area from 2000 to 2019 reveals that
vegetation restoration was the main trend, with 18.99% of the area showing significant
increase, 51.70% showing no significant increase, 3.07% showing significant decline, and
26.24% showing no significant decline. The Yellow River Basin had the largest area of
significant increase; however, the Northwestern river basin had the highest proportion of
the watershed area showing significant increase. On the other hand, the Yangtze River Basin
had the largest area of significant decline, which also accounted for the largest proportion
of the watershed area (Figure 3b).

According to Figure 3, the areas with significant vegetation increase (p < 0.05) in the
TRHR area from 2000 to 2019 were mainly located in the junction area of Xinghai, Tongde,
and Guinan counties in the Yellow River Basin, the central part of Jiantang county and
Guided county (Figure 4I), and the northern part of Mado county (Figure 4II). Additionally,
the northwestern (Figure 4I) and northeastern (Figure 4III) parts of the Northwestern river
basin also showed significant vegetation increase. The areas with significant vegetation
decline (p < 0.05) were mainly located in the junction area of Qumalai county and Zhiduo
county in the Yangtze River Basin (Figure 4IV), the junction area of Gandai county and
Darlag county in the Yellow River Basin, and the western part of Jiu Zhi county (Figure 4V).
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The areas with no significant decline or increase were widely distributed in the TRHR
area’s various river basins.

Land 2023, 12, x FOR PEER REVIEW  9  of  19 
 

Zhiduo county in the Yangtze River Basin (Figure 4Ⅳ), the junction area of Gandai county 

and Darlag county in the Yellow River Basin, and the western part of Jiu Zhi county (Fig‐

ure 4Ⅴ). The areas with no significant decline or increase were widely distributed in the 

TRHR area’s various river basins. 

 

Figure 4. Spatial distribution of vegetation restoration status in the TRHR. 

3.2. The Impact of Climate Factors on Vegetation Restoration 

There is a significant coupling relationship between climate factors and vegetation, 

and climate controls the growth and changes of vegetation in terms of physiological struc‐

ture and processes by changing environmental conditions. Therefore, this study selected 

the CVI index from 2000 to 2019 and temperature and precipitation data to conduct a par‐

tial correlation analysis and explore the impact of climate factors on vegetation conditions. 

The temperature in the TRHR is affected by various factors such as altitude and ter‐

rain, exhibiting significant spatial heterogeneity with an overall east‐high and northwest‐

low spatial distribution. The northwest part of the northern region, the northwest basin 

of the Northwest Rivers, has significantly higher temperatures, while the northwest part 

has significantly lower temperatures. The Lancang River Basin in the southern region also 

has higher  temperatures; however,  the  temperature  in  the Yellow River Basin and  the 

Yangtze River Basin is lower (Figure 5a). From 2000 to 2019, the temperature in the TRHR 

and each basin showed a fluctuating upward trend (Figure 5b) with a growth rate of 0.109 

°C/10a. The growth rate of the Lancang River Basin, Yangtze River Basin, Yellow River 

Basin, and Northwest Rivers Basin was 0.057 °C/10a, 0.060 °C/10a, 0.055 °C/10a, and 0.040 

°C/10a, respectively. 

Figure 4. Spatial distribution of vegetation restoration status in the TRHR.

3.2. The Impact of Climate Factors on Vegetation Restoration

There is a significant coupling relationship between climate factors and vegetation, and
climate controls the growth and changes of vegetation in terms of physiological structure
and processes by changing environmental conditions. Therefore, this study selected the
CVI index from 2000 to 2019 and temperature and precipitation data to conduct a partial
correlation analysis and explore the impact of climate factors on vegetation conditions.

The temperature in the TRHR is affected by various factors such as altitude and terrain,
exhibiting significant spatial heterogeneity with an overall east-high and northwest-low
spatial distribution. The northwest part of the northern region, the northwest basin of
the Northwest Rivers, has significantly higher temperatures, while the northwest part
has significantly lower temperatures. The Lancang River Basin in the southern region
also has higher temperatures; however, the temperature in the Yellow River Basin and
the Yangtze River Basin is lower (Figure 5a). From 2000 to 2019, the temperature in the
TRHR and each basin showed a fluctuating upward trend (Figure 5b) with a growth rate
of 0.109 ◦C/10a. The growth rate of the Lancang River Basin, Yangtze River Basin, Yellow
River Basin, and Northwest Rivers Basin was 0.057 ◦C/10a, 0.060 ◦C/10a, 0.055 ◦C/10a,
and 0.040 ◦C/10a, respectively.

The TRHR exhibits a gradient increase in precipitation from north to south, with the
Northwestern river basins having the least amount of rainfall, followed by the central basins
of the Yangtze and Yellow Rivers, and the southern basins of the Lancang and Yangtze
Rivers having the most abundant rainfall (Figure 6a). From 2000 to 2019, the precipitation
in the TRHR and its basins also showed a fluctuating upward trend (Figure 6b), with
an average increase rate of 9.30 mm/10a. Among them, the Yellow River basin had the
fastest annual precipitation increase rate, reaching 19.08 mm/10a, while the Lancang
River, Yangtze River, and Northwestern river basins had increase rates of 4.99 mm/10a,
5.03 mm/10a, and 5.19 mm/10a, respectively.
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Figure 6. Spatial distribution of annual average precipitation (a) and trend of annual average
precipitation change (b) in the TRHR from 2000 to 2019.

Partial correlation analysis was performed between the CVI, temperature, and pre-
cipitation in the TRHR from 2000 to 2019, and the regions were identified as significant
through significance testing (p < 0.05). Due to differences in natural resource endowments
and ecological background, the effects of temperature and precipitation on CVI varied
among regions in the TRHR. Overall, the average partial correlation coefficient between
CVI and temperature in the TRHR (significant regions through significance testing) was
0.55. The area with significant positive correlation between temperature and CVI covered
86215 km2, scattered across the various river basins in the TRHR, with a more pronounced
concentration in the eastern area. The area with significant negative correlation covered
1290 km2 and was concentrated at the junction of the Yellow River and Yangtze River basins
and surrounding areas (Figure 7). The average partial correlation coefficient between CVI
and precipitation in the TRHR (significant regions through significance testing) was also
0.55. The area with significant positive correlation between precipitation and CVI covered
3620 km2, mainly distributed in the southeast of the TRHR, concentrated at the junction
of the Yellow River and northwest rivers basin, while the area with significant negative
correlation covered 72,115 km2, scattered in the northwest rivers basin and Yangtze River
basin junction area in the western TRHR, as well as in the central areas of the Lancang
River and Yellow River basins (Figure 8).
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3.3. The Impact of Land Use Change on Vegetation Index

Human activities and climate-driven land use and land cover changes profoundly
affect the structure and function of natural ecosystems on the earth’s surface. Vegetation,
as an important component of natural ecosystems, is also deeply affected by land use and
land cover changes. Therefore, this study explores the impact of land use changes from
2000 to 2019 on the CVI index.
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From 2000 to 2019, grassland was the main land use type in the TRHR, accounting for
66.36–70.59% of the total area, followed by unused land, accounting for 18.20–22.96% of the
total area. Construction land accounted for only 0.03–0.09% of the total area. The changes in
land use in the TRHR from 2000 to 2019 were mainly characterized by a significant increase
in grassland and construction land area, and a sharp decrease in unused land area. The
dynamic trends of each land use type are shown in the Figure 9. The areas of cropland,
grassland, water and wetland, and construction land increased by 160 km2, 14,663 km2,
1933 km2, and 220 km2, respectively, with an increase in the area of 7.15%, 6.06%, 10.37%,
and 186.44% compared to 2000. The areas of forest land and unused land decreased by
157 km2 and 16,839 km2, respectively, with a decrease in the area of 1.01% and 20.29%
compared to 2000. Significant variations were observed in land use/cover change among
the different basins, with distinct increasing trends observed in grasslands, water and
wetlands, and construction land, and a corresponding decrease in unused land by the end
of the study period. The fluctuations in forest land were found to be different across the
basins (Figure 10).
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From 2000 to 2019, the dynamic changes in land use/cover types in the TRHR were
shown in Figure 9. From 2000 to 2005, the changes in land use were mainly the conversion
of grassland to unused land, unused land to water and wetland, and grassland. From
2005 to 2010, the changes in land use were mainly the conversion of grassland to cropland,
construction land, water and wetland, and unused land to grassland and water and wetland.
From 2010 to 2015, the changes in land use were mainly the conversion of grassland to
construction land and water and wetland, water and wetland to unused land, and unused
land to water and wetland. From 2015 to 2020, the changes in land use were mainly the
conversion of forest land to grassland, grassland to forest land, unused land, and water
and wetland, and unused land mainly converted to grassland.

According to the findings of this study, the CVI values of different land types in the
TRHR exhibited a distinct hierarchy from 2000 to 2019, with forest land occupying the
topmost position, followed by cropland, grassland, and unused land, respectively. (Notably,
this study did not take into account the vegetation status of construction land, water and
wetland). The annual average CVI of forest land, grassland, and unused land remained
relatively stable during the study period, while the annual average CVI of cropland showed
a fluctuating upward trend. Spatial overlap analysis revealed that the rapid urban-rural
expansion in the TRHR had led to a significant loss of grassland, as it was mainly converted
into construction land. As a result, the vegetation index of the area decreased, indicating
that urban expansion and the increase in construction land were critical factors contributing
to the decline of the CVI index. In addition, human activities and climatic factors, such as
extreme weather events and overgrazing, have also led to decline of some grassland and
forest areas. Nonetheless, the ecological environment of the TRHR, which is dominated by
grassland, has been improved due to the implementation of various ecological environment
protection policies and projects, including returning cropland to forest (or grassland),
banning grazing, rotational grazing, and rest grazing. Overall, the results of this study
suggest that the transformation of land use towards ecological land use is essential for the
restoration of vegetation. However, the effectiveness of restoration efforts may vary in
different areas due to differences in natural resource endowments.
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3.4. The Impact of Altitude and Slope on CVI

Based on the analysis of the comprehensive vegetation index (CVI) and its change
slope under different altitudes in the TRHR from 2000 to 2019, it was found that the CVI
value showed an initial increase followed by a significant decrease with increasing altitude.
The high CVI values were mainly concentrated at altitudes between 3200–4200 m, while
low values were observed at higher altitudes. After 3500 m, the CVI value decreased
significantly with increasing altitude (Figure 11a). The change slope of the CVI from 2000 to
2019 exhibited a similar trend to that of the CVI values with altitude. Between 1800 and
3200 m, the CVI change slope increased gradually with altitude, and after 3200 m, the
decrease in the CVI slope with increasing altitude became more pronounced. Different
degrees of decline were observed beyond an altitude of 5700 m (Figure 11b). These findings
suggest that altitude has a significant impact on the vegetation index in the TRHR. From
2000 to 2019, the annual average CVI in the TRHR increased with a slope between 0 and
10, and the annual average CVI value tended to be stable when the slope was greater than
10 (Figure 11c). When the slope is between 0 and 7, the change slope of CVI in the TRHR
decreases with the increase in the slope, and when the slope is higher than 7, the change
slope of the CVI increases with the increase in the slope (Figure 11d).
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4. Discussion

This study employed a multi-source remote sensing approach to developing a com-
prehensive vegetation index (CVI) to examine the spatiotemporal changes of vegetation
and its principal drivers in the TRHR from 2000 to 2019. Our results indicated an overall
improvement in the vegetation condition of the study area over the examined period, Con-
sistent with the research findings of Shen and Bai et al. [51,52], our study also confirms the
existence of evident degradation areas. This is in line with the research results of Shen and
Cao et al. [51,53]. China has prioritized the ecological environment construction and sus-
tainable development of Qinghai Province, particularly the TRHR, since the beginning of
the 21st century, investing substantial funds in ecological protection projects and ecological
compensation annually, which had demonstrated positive ecological protection outcomes
in the region [54]. Our study also revealed significant climate variations in the Three Rivers
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Source region, such as warming temperatures (at a rate of 0.109 ◦C/10a) and increased
precipitation (at a rate of 9.30 mm/10a), in line with previous research [52,55]. The changes
in the phased average maximum snow depth and rapid decrease in the annual maximum
frozen soil depth also suggest an increasingly warmer and wetter climate, favorable to the
growth and development of vegetation, thereby improving the ecological conditions of
the region.

The TRHR has undertaken a series of significant ecological projects, including the
Natural Forest Conservation Project initiated in 2000, the Grazing Withdrawal and Grass-
land Restoration Project launched in 2003, and the Phase I and Phase II projects of the
Three Rivers Source Region Ecological Conservation and Construction Program initiated
in 2005 [56]. In addition, the local government has introduced ecological conservation
policies, such as rotational grazing, resting pastures, and grazing prohibition, in consid-
eration of the balance between grass and livestock [57,58]. Over the period from 2000 to
2019, the region has observed a 6.06% increase in grassland and a 10.37% increase in water
and wetland. However, some areas of the TRHR remain in a degraded state due to early
stage human activities, including overgrazing, cultivation, and mining, as well as natural
resource limitations such as high altitude, coldness, and poor soil quality [59,60]. The
restoration of these areas poses a significant challenge, and this aspect deserves particular
attention and prioritization in future ecological conservation and construction initiatives
within the TRHR.

In this study, we developed a comprehensive vegetation index to investigate the
changing vegetation patterns in the TRHR, and evaluated the impacts of various factors,
including temperature, precipitation, land use, and altitude. However, our research was
subject to several uncertainties. Firstly, when assessing the effects of climate factors on
vegetation changes, the role of human activities should also be considered, as climate
change and human activities have complex and interconnected impacts on vegetation
dynamics [61,62]. Secondly, due to limitations in data availability and processing, our
study only accounted for temperature and precipitation, which may not fully capture
the complexity of the underlying mechanisms. Future studies should incorporate other
relevant factors, such as solar radiation, CO2, and nitrogen deposition [28,63,64], to provide
a more complete understanding of vegetation changes in the TRHR.

The CVI developed in this study served as a reliable indicator of the general vegeta-
tion condition. However, it is critical to acknowledge that the comprehensive nature of
this index may obscure specific processes and trends, such as FVC, LAI, and NPP. Future
research endeavors could entail conducting separate analyses to compare and contrast
the comprehensive index with individual indices. This approach would provide a more
nuanced understanding of vegetation dynamics and enhance the comprehensiveness of
our assessments. Although this study established an association between increased CVI
and vegetation recovery, as well as decreased CVI and vegetation degradation during the
2000–2019 period, it was imperative to integrate rigorous ground validation methods to
fine-tune the numerical values assigned to various vegetation categories. Furthermore, the
acquisition of extensive long-term ground monitoring data within the Three Rivers Source
Region became crucial in accurately evaluating the true state of vegetation changes and
facilitating a robust comparison against the findings presented in this study, thereby ensur-
ing the validity of the results. It is important to acknowledge that the conducted correlation
analysis in this study did not incorporate the effects of spatiotemporal autocorrelation
that exist within each variable. The omission of accounting for spatial autocorrelation
undermines the suitability of this correlation analysis in accurately capturing the under-
lying relationships between the variables. To enhance the reliability and precision of our
findings, future investigations should employ suitable methodologies to address the spatial
and temporal autocorrelation inherent in the dataset. This approach would result in a
more comprehensive comprehension of the interdependencies among the variables under
scrutiny. The exclusion of spatial autocorrelation analysis for individual variables in this
study represents a notable limitation. However, it is crucial to acknowledge and address
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this constraint in future research endeavors, as doing so would significantly enhance the
depth and breadth of spatial understanding of the variables. Furthermore, leveraging
the generalized additive model (GAM) presents a valuable approach for investigating the
specific changes attributable to each low-level spatial factor. Through the utilization of the
GAM model, researchers can effectively capture and analyze the intricate impacts of these
spatial factors on the studied phenomena. Thus, the integration of spatial autocorrelation
analysis and the implementation of the GAM model would yield substantial improvements
in the robustness and accuracy of future research findings [65].

5. Conclusions

This study constructs a vegetation comprehensive index (CVI) from three aspects of
vegetation horizontal structure, vertical structure, and the total amount of accumulated
organic matter. The index is based on the selection of FVC, LAI, and NPP. It quantifies the
spatiotemporal changes in vegetation status in the TRHR from 2000 to 2019 and explores
the main areas where vegetation increases and decreases. The study analyzes the impact of
land use, climate, altitude, and slope on CVI. The main findings are as follows:

(1) The overall vegetation status of the TRHR is ranked as follows: Yellow River
basin > Lancang River basin > Yangtze River basin > Northwest river basins. Al-
though the average CVI increased by 0.63% per year, indicating a trend of vegetation
improvement, significant spatial differences and areas of decline were evident.

(2) Vegetation in the TRHR was primarily in a state of increase, with 18% of the total area
significantly recovered, 52% non-significantly recovered, 3% significantly degraded,
and 26% non-significantly degraded. There were significant areas of vegetation
decline (p < 0.05) in the Yangtze and Yellow River basins.

(3) Temperature and precipitation both had a positive impact on vegetation change in the
TRHR, with correlation coefficients between 0.54 and 0.55. However, the temperature
had a slightly stronger impact than precipitation. The area positively affected by
temperature was 14,100 km2 greater than that positively affected by precipitation,
while the negatively affected area was 2330 km2 smaller.

(4) The transformation of land use to ecological land use promoted vegetation increase in
the TRHR. However, the effectiveness of increase varied in some areas due to natural
resource endowment constraints. Altitude had a certain influence on vegetation
increase, with the vegetation showing an increasing trend followed by a decreasing
trend as altitude increased in the TRHR. With an increasing slope, the vegetation first
increased and then tended to stabilize.
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