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Abstract: Topographic factors are critical for influencing vegetation distribution patterns, and study-
ing the interactions between them can enhance our understanding of future vegetation dynamics. We
used the Moderate-resolution Imaging Spectroradiometer Normalized Differential Vegetation Index
(MODIS NDVI) image dataset (2000–2019), combined with the Digital Elevation Model (DEM), and
vegetation type data for trend analysis, and explored NDVI variation and its relationship with topo-
graphic factors through an integrated geographically-weighted model in the Three Parallel Rivers
Region (TPRR) of southeastern Qinghai-Tibet Plateau (QTP) in the past 20 years. Our results indicated
that there was no significant increase of NDVI in the entire basin between 2000–2019, except for the
Lancang River basin. In the year 2004, abrupt changes in NDVI were observed across the entire basin
and each sub-basin. During 2000–2019, the mean NDVI value of the whole basin increased initially
and then decreased with the increasing elevation. However, it changed marginally with variations in
slope and aspect. We observed a distinct spatial heterogeneity in vegetation patterns with elevation,
with higher NDVI in the southern regions NDVI than those in the north as a whole. Most of the
vegetation cover was concentrated in the slope range of 8~35◦, with no significant difference in distri-
bution except flat land. Furthermore, from 2000 to 2019, the vegetation cover in the TPRR showed an
improving trend with the changes of various topographic factors, with the largest improvement area
(36.10%) in the slightly improved category. The improved region was mainly distributed in the source
area of the Jinsha River basin and the southern part of the whole basin. Geographically weighted
regression (GWR) analysis showed that elevation was negatively correlated with NDVI trends in
most areas, especially in the middle reaches of Nujiang River basin and Jinsha River basin, where the
influence of slope and aspect on NDVI change was considerably much smaller than elevation. Our
results confirmed the importance of topographic factors on vegetation growth processes and have
implications for understanding the sustainable development of mountain ecosystems.

Keywords: MODIS NDVI; vegetation cover; trend analysis; Sen + Mann-Kendall; topography; GWR;
Qinghai-Tibet Plateau

1. Introduction

Being an important component of terrestrial ecosystems, vegetation plays a crucial role
in maintaining ecosystem stability, functioning, and services [1,2]. The dynamics of vegeta-
tion patterns is a complex and prolonged process, driven by multiple biotic, abiotic, and
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anthropogenic factors such as climate change, land use change, and ecological engineering
measures amongst others [3]. Being one of the most fragile terrestrial ecosystems, mountain-
ous ecosystems are rather sensitive to global climatic change and human activities. A large
vertical gradient and unique topographical conditions make mountainous regions the most
abundant land unit on the earth and a key area for global biodiversity conservation [4,5].
Vegetation cover change of mountainous ecosystems have a much more significant and
sensitive feedback on climate and other factors than plain areas. Therefore, the analysis of
the process and driving factors of mountain vegetation dynamics has always been a key
concern amongst global climatic change and mountain research community [6,7].

The topographic variability in a mountain ecosystem forms a micro-habitat with
diverse microclimates influencing the variations in local and regional vegetation patterns
thereby supporting high levels of biodiversity [5]. In recent years, international research on
mountain vegetation has broadened from earlier studies that focused mostly on temperate
zones of Europe (e.g., the Alps and the Scandes) [8] to other mountainous regions in
the world including Alaska and the State of California, and the Rocky Mountains in
North America [9,10], tropical mountainous regions of Africa (Kenya, Mount Kilimanjaro,
Mount Wilhelm in New Guinea, etc.) [11,12], the subtropical Andean regions [13,14],
and the southern and eastern Himalayas [15]. Meanwhile, the research field has also
expanded from the physiological ecology of alpine plants to issues of elevational zonality
and the impact of global climate change on alpine vegetation patterns [16,17]. In particular,
studies of alpine vegetation in the eastern Himalayas and across the QTP have made great
progress in recent years through the efforts of scholars in China, which not only studied
the vegetation pattern in the Three River Headwater Region, Hengduan Mountains, but
also included high latitudes, such as the Tianshan Mountains, Changbai Mountains, and
Qinling Mountains, and mainly deliberated the response mechanisms for conservation of
mountain vegetation in the face of global climate change and human activities, in particular
those major ecological projects [18–21].

Several environmental factors have been widely identified as drivers for vegetation
cover changes. Natural (e.g., climatic factors, topography and etc.) and social factors
(e.g., socioeconomics, ecological engineering policies and settlements) can have a strong
influence on vegetation growth processes, the extent of which varies from one place to
another [5,22]. Most studies believe that precipitation and temperature are the main
climatic factors affecting regional vegetation change [23], in addition to topography [24].
In mountainous areas with complex topography, topographic features (elevation, slope,
aspect, etc.) have noticeable effects on vegetation patterns by themselves but also by
controlling other environmental factors, such as solar radiation, wind, precipitation, snow
cover, and edaphology distribution, a combination of these environmental factors jointly
determines the spatial heterogeneity of vegetation pattern [17,19]. Besides, human activities
(such as roads construction, settlements, and hydraulic engineering) also have an impact
on mountain vegetation cover [22], which may have a negative impact on vegetation in low
elevation regions, while less interference on the vegetation in the middle elevation [7,24]. At
present, the analysis of drivers affecting vegetation patterns in the Tibetan Plateau region is
mostly concentrated in the analysis of climatic factors, and relatively little research has been
conducted on topographic control mechanisms [25–27]. In the context of global climate
change, topography is the only relatively constant environmental factor, and deeper insights
on how it controls the vegetation change pattern is particularly necessary to understand
the vegetation dynamics and strengthen the response analysis of vegetation growth and
distribution to topographic factors.

Given their inaccessibility in most mountainous regions, both remote sensing (RS)
and geographic information system (GIS) technology stand out jointly as powerful tools
for monitoring vegetation cover changes in mountainous areas by providing continuous,
spatially detailed satellite data on mountainous vegetation cover [28]. With the devel-
opment of RS technology, the types of remote sensing sensors have become more and
more diversified, and the large-scale long time series vegetation dynamics has gradually
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developed into a hot spot for global change research, among which MODIS vegetation
cover product data is regarded as one of the most effective data products for vegetation
productivity analysis [29]. NDVI has been proved to be a comprehensive index to describe
the ecological functional characteristics of vegetation growth, net primary productivity
and phenology at regional, continental, and global scales [22,30]. Thus far, it has been
widely used to detect the response of vegetation dynamics to climate change, human
activities and other driving factors at multiple spatio-temporal scales [31,32]. However,
many drivers are known to exhibit spatial non-stationarity with distinct spatio-temporal
characteristics [33], while geographical weighted regression (GWR) model has improved
the traditional model by combining spatial correlation with linear regression to better reflect
the spatial non-stationarity of the relationship between NDVI and drivers by calculating
the local parameters of the regression model [34].

The TPRR, located in the heart of the Hengduan Mountains in the southeastern
Tibetan Plateau, has been paid widespread attention for being a world-renowned scenic
spot and World Natural Heritage Site. The region is characterized by paralleling alternately
high mountains and canyons, and the influence of topographic elevation differences has
resulted in significant vertical temperature variation and contributed to the rich biodiversity
of the region. Mountain ecosystems are signal “amplifiers” of biological responses to
global change [4,35], and exploring the unique geographical environment and vertical
zone spectrum of mountain bioclimates favors our understanding of regional biodiversity,
ecosystem functions and services, vegetation restoration and reconstruction, as well as
other issues. Existing studies from the TPRR mainly focus on geology, dynamic changes
of alpine vegetation, land use/cover changes, and biodiversity conservation [36–39], and
tourism resources [40–42]. Although a few scholars have studied vegetation changes and
its driving factors analysis in the whole basin of the TPRR and various sub-basins (e.g.,
Lancang river and Jinsha river basins and etc.) [43], both of the vegetation dynamics in the
Jinsha River Basin and the Lancang River Basin are jointly affected by temperature and
precipitation, and the influence of precipitation is more significant in the Jinsha River Basin,
while in the Lancang River Basin is more sensitive to temperature [44–46]. Furthermore,
anthropological factors such as the establishment of large dams and reservoirs, hydropower
stations, and the implementation of ecological projects have great and obvious specific
effects on the vegetation pattern of the basin [2]. Only a few previous studies highlight the
relationship between vegetation change and meteorological factors in the source areas of
the Three Parallel Rivers which confirmed a significant correlation of vegetation cover with
air temperature in this area [43–46]. The TPRR is one of the important ecological barriers
and water resources conservation areas in China with unique arid valleys and distinct
topography differences. Therefore, it is of vital importance to understand the influence of
topographic factors on vegetation cover in this typical geographical unit.

Based on the MODIS NDVI image data from 2000 to 2019, combined with DEM
and vegetation type data for trend method and geographically weighted model, our
study discusses the spatio-temporal dynamic changes of vegetation and its response to
topographic factors (i.e., elevation, slope, aspect, and other factors) in the TPRR. In terms of
the spatial heterogeneity, the difference of vegetation restoration effect and its causes, and
multiple drivers were analyzed by using the geographically weighted model. The specific
research questions addressed in this study include: (1) What are the dynamic characteristics
of NDVI at spatial and temporal scale? (2) How do different topographic factors effect
on vegetation pattern? (3) What is the overall performance of all topographic factors by
generalized analysis in terms of Geographically Weighted Regression modelling?

2. Materials and Methods
2.1. Study Area

The TPRR (24◦00’~36◦00’ N, 90◦20’~102◦20’ E) is located in the Hengduan Mountains
in southwest China, spanning four provinces/Autonomous Region, Qinghai, Sichuan,
Yunnan, and Tibet, bordering Qinghai-Tibet provincial boundary in the north, Sichuan-
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Yunnan provincial boundary in the east, and China-Myanmar national boundary in the
west, with a total watershed area of about 50.07 million km2 (Figure 1). In this paper, the
division of the study area was obtained based on the DEM data and watershed data pro-
vided by the Resource and Environment Science and Data Center of the Chinese Academy
of Sciences (available at https://www.resdc.cn accessed on 12 August 2020). Coupled
with the existing reference, a series of spatial data analyses were conducted using DEM
data, including fill, flow direction, and flow accumulation, which ultimately determined
the watershed extent of the TPRR [47–49]. Three major Asian rivers, the Yangtze (Jinsha
River), the Mekong River (Lancang River) and the Salween River (Nujiang River), run
parallel through the longitudinal valleys from north to south, with a vertical elevation
difference of nearly 6000 m [47]. The unique environmental gradients make the region rich
in biodiversity and one of the most unique areas of species diversity in China [50]. The
climate type in the basin is diverse, including cold, temperate, subtropical, and tropical
zones from north to south, with temperature and precipitation decreasing from south to
north with increasing elevation. The variable climate types and geographical environment
make the vegetation distribution in the basin have obvious latitudinal and vertical zonality
characteristics (Figure 1).

Figure 1. The location elevation and vegetation type maps of the study area. (a) the location of
TPRR at the eastern part of Hindu-Kush-Himalayan Region; (b) Elevation gradients across the TPRR;
(c) the vegetation types of TPRR.

2.2. Data Sources and Preprocessing
2.2.1. Remote Sensing Data

NDVI data were provided by the National Aeronautics and Space Administration
(NASA) MODIS Terra (MOD13Q1) 16-day vegetation index product (2000–2019) at a spatial
resolution of 250 m (available at https://ladsweb.Modaps.eosdis.nasa.gov/search/order/,
accessed on 12 August 2020). MODIS Reprojection Tool (MRT) was used to pre-process the
original data (e.g., format and projection conversion, clipping, etc.). Besides, the maximum
NDVI value was calculated using the maximum value composition method (MVC), and we
obtained the optimal vegetation cover for the study area and further reduced the influence
of cloud cover and atmospheric scattering. Finally, regions with NDVI value greater than
0.05 were identified as vegetated areas to avoid the interference of underlying surface
information on NDVI in areas with low vegetation cover.

https://www.resdc.cn
https://ladsweb.Modaps.eosdis.nasa.gov/search/order/
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2.2.2. DEM Data

DEM data at a spatial resolution of 90 m × 90 m in the TPRR were collected from
the SRTM dataset (https://srtm.csi.cgiar.org/srtmdata/, accessed on 12 August 2020).
The primary topographic features based on DEM data, such as elevation, slope, and
aspect layers were computed using the “Slope/Aspect Tool” in the ArcGIS 10.8 Spatial
Analyst module. According to the Chinese classification standards for potential hazard
of soil erosion and some other relevant references [51–53], they were further divided into
several categories (Table S1), and three maps of elevation, slope and aspect were generated
(Figure 2). In addition, spatial analysis tools were also used to overlay both the topographic
factors layers and NDVI data, to obtain the spatio-temporal distribution of NDVI for each
topographic factor over the past 20 years.

Figure 2. The hierarchical spatial distribution of topographic factors in the study area. (a) elevation
gradients, (b) slope distribution, and (c) aspect classification across the TPRR.

2.2.3. Vegetation Type Data

ESA CCI-LC land cover types were provided by the European space agency (http://maps.
elie.ucl.ac.be/CCI/viewer/, accessed on 12 August 2020) with a 300 m spatial resolution.
With more than 70% overall accuracy, the global ESA CCI-LC data has been widely used in
land use/land cover dynamic studies, around the world monitoring [54–56]. The vegetation
types of the region comprise of cropland, grassland, shrub grass, evergreen broad-leaved
forest, deciduous broad-leaved forest, evergreen coniferous forest, and others (mainly water,
bare land, snow, and ice, etc.), a total of seven categories [57,58]. Referring to relevant
literature [59], the areas with unchanged vegetation types from 2000 to 2015 were extracted
here to represent the vegetation cover status of the study area in recent years, so to minimize
the influence of land use change on vegetation type distribution.

In this paper, we resampled all the remote sensing data with 300 m resolution to
facilitate correlation analysis based on pixel scale.

2.3. Methods
2.3.1. Trend Analysis and Significance Test

Firstly, we obtained the spatial distribution of the regional annual mean NDVI using
MVC method for trend analysis and significance test. Then, we classified NDVI into
six classes according to previous literature and actual vegetation conditions in the region [51],
i.e., non-vegetation cover (NDVI < 0.05), low vegetation cover (0.05–0.30), medium and low
vegetation cover (0.30–0.45), medium and high vegetation cover (0.45–0.60), medium and
high vegetation cover (0.60–0.75), and high vegetation cover (NDVI > 0.75).

https://srtm.csi.cgiar.org/srtmdata/
http://maps.elie.ucl.ac.be/CCI/viewer/
http://maps.elie.ucl.ac.be/CCI/viewer/
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Theil-Sen + Mann-Kendall method has been widely used in meteorology and hydrol-
ogy to get the variation characteristics of NDVI analysis [30,60], which has advantages to
avoid outlier data disturbance or measurement error. The formula is:

SNDVI = median
xj − xi

j− i
(j > i > 1) (1)

where, xi and xj denote the i-th and j-th year time series data. SNDVI >0 indicates that the
vegetation shows an upward trend and vice versa indicates a downward trend. Meanwhile,
Mann-Kendall method can test whether the trend is significant and find the abrupt point of
NDVI changes, which formula is as follows:

Z =


S−1√
Var(S)

(S > 0)

0 (S = 0)
S+1√
Var(S)

(S < 0)
(2)

Among them,

S =
n=1

∑
i=1

n

∑
j=i+1

sign
(
xj − xi

)
, sign =


1 (θ > 0)
0 (θ = 0)
−1 (θ < 0)

(3)

where, Z is a standard normal distribution, and S is the test statistic. xi and xj are time
series data; n is the sample number; When n ≥ 8, S is approximately normal distribution,
and the variance calculation formula is:

Var(S) =
n(n− 1)(2n + 5)

18
(4)

Z is a standard normal distribution, when |Z| > Z1-α/2, it showed significant change
trend. Where, Z1-α/2 is the corresponding value of the distribution table of the standard
normal distribution function at the confidence level α. The trends could be estimated by
combining Sen’s slope and the Mann–Kendall test in light of the NDVI series. Given confi-
dence level α = 0.01 and α = 0.05, whether the trend changed significantly depended on |Z|,
which can be divided into six classes: at 0.01 confidence level, (1) very significant degra-
dation (SNDVI < 0, |Z| > 2.58); (2) very significant improvement (SNDVI ≥ 0, |Z| > 2.58);
at 0.05 confidence level, (3) significant degradation (SNDVI < 0, 1.96 < |Z| < 2.58); (4) sig-
nificant improvement (SNDVI ≥ 0, 1.96 < |Z| < 2.58); (5) non-significant degradation
(SNDVI < 0, |Z| ≤ 1.96); (6) non-significant improvement (SNDVI ≥ 0, |Z| ≤ 1.96).

2.3.2. Geographically Weighted Regression Model

GWR model can analyze the spatial nonstationary characteristics of the data and ex-
plore the spatial heterogeneity between vegetation changes and its driving factors [6,61,62].
The kernel and bandwidth of the GWR model, which are key parameters affecting the
accuracy of the model, are now generally determined by Gaussian kernel function, and the
optimal bandwidth is generally determined based on the estimated distance of the spatial
autocorrelation of the dependent variable [63]. In addition, variance Inflation Factor (VIF)
was generally used to eliminate highly correlated variables from the model.

Ordinary Least Squares regression (OLS) model is used to check for the presence
of multicollinearity between variables to improve the accuracy of GWR model [34,64].
Compared with OLS model, GWR model is an extension of the traditional global logistic
regression model, which includes spatial factors and geographic location information. The
weighted least square method is used to estimate the parameters of each sample point,
so that each of them has a corresponding estimation coefficient. In GWR4.0 software, the
GWR model was constructed with the same variables as the OLS model [65,66], and the
optimal bandwidth of 102 was determined according to the minimum AIC value. Besides,
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we divided the region into a 10 km × 10 km grid and extracted NDVI trend slope (SNDVI),
elevation, slope, and aspect values for each grid-cell [66,67]. Assuming that the dependent
variable (Slope of NDVI variation trend from 2000 to 2019 is represented by SNDVI) is y, and
the elevation, slope and aspect value are x1, x2, and x3 respectively, the GWR model can be
expressed as:

y = b0(ui, vi) + ∑k
i=1 bi(ui, vi)xij + εi (5)

where (ui, vi) is the geographic coordinate center of a certain region, b0 is a constant, b1
is the regression coefficient of independent variable, and xij is the independent variable.
Figure 3 summarizes the analysis procedures.

Figure 3. Conceptual framework of study design.

3. Results
3.1. Spatial and Temporal Distribution Patterns of NDVI

Inter-annual variation analysis results revealed that regional NDVI value fluctuated
between 0.56 and 0.61 in the past 20 years, with an overall growth rate of 0.007/10a
(p > 0.05), and only the Lancang River basin showed a significant upward trend (p < 0.05)
(Figure 4). Additionally, the results of Mann-Kendall test showed an abrupt change of
NDVI in the whole basin occurred around the year 2002, 2004, and 2008, respectively.
Combined with the abrupt changes of NDVI in each sub-basin, these changes occurred
almost simultaneously around 2004.
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Figure 4. Inter-annual variation and Mann-Kendall test of NDVI in the basin from 2000 to 2019.
(a–d) represent inter-annual NDVI variations in the TPRR and its sub-basins (Nujiang, Lancang and
Jinsha river basins, respectively), while (e–h) represent the M-K results of them.

The mean NDVI in the basin tended to increase and then decrease with increasing
elevation, and its value reached the maximum at 3000 m (about 0.80) and the minimum
at 5500 m (about 0.05) (Figure S1a). Vegetation in the area below 2500 m was dominated
by high vegetation cover, mainly in the southern part of the region, and the vegetation
types were mainly cropland and evergreen coniferous forest (Table S2). Besides, the spatial
distribution of mean NDVI in different elevation zones showed that regional vegetation
was affected by elevation showing significant north-south differences (Figure S2a). The
proportion of area occupied by each class indicated that the vegetation cover of all elevation
zones is dominated by high vegetation cover, especially in the southern regions of the TPRR
and in its core area (Figure 5). However, as the elevation continued to rise, NDVI started to
decline from 4500 m, and the vegetation cover gradually transitions from low vegetation
cover to unvegetated snow-capped mountain tops.
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Figure 5. Area statistics of multi-year mean NDVI for topography factors during 2000–2019.

With the increase of slope, NDVI showed an increasing trend with gradually slower
growth rate (Figure S1b). The mean NDVI with slope <5◦ was the lowest (0.40) and the
value was between 0.05 and 0.3, which was mainly low vegetation cover type dominated
by grassland and distributed in the river source area of the basin (Figure 5, Figure S2b,
Table S2). The NDVI for regions within the slope range of 5–8◦ ranges from 0.6–0.75, which
was mainly middle and high vegetation types. NDVI increased with the increasing of
slope grades and each slope is gradually dominated by high vegetation cover types, whose
distribution gradually shifted to the dry-hot valley and eventually reached its maximum
value (about 0.80) at slope >35◦.

Furthermore, Figure S1c showed the NDVI changes with aspect from shady slope
to sunny slope that the mean NDVI values were uniformly distributed in all aspects
(approximately 0.60), and the smallest (about 0.01) existed on flat land. The proportion of
high vegetation cover in each aspect was the largest (Figure 5), which distribution pattern
was relatively consistent (Figure S2c). The brief descriptions were the proportion of high
vegetation cover in semi-shady slope was the largest (35.25%), followed by semi-sunny
slope, while the proportion of sunny slope was the smallest (27.83%) (Table S2).

3.2. Influence of Different Topographic Factors on the Variation Trend of NDVI

There was a significant spatial variation in NDVI of the TPRR from 2000 to 2019,
showing that the vegetation cover in the basin had slightly improved (Figure 6). However,
31.74% of the region showed no changes and 20.28% areas indicated slight degradation.
Overall, the areas with improvement were mainly concentrated in the source area of Jinsha
river basin in the north and the southern part of the TPRR. Meanwhile, degradation trends
were primarily observed in north of the Jinsha river basin and the valley of the TPRR as
well as other areas with significant response to vegetation growth changes.
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Figure 6. Spatial distribution of (a) NDVI trends and (b) significance during 2000–2019.

Most of NDVI in the TPRR showed increasing trends under different topographic
factors (Figure S3). Among them, NDVI value at all elevation zones showed increasing
trends except for regions above 5500 m (Figure S3a), and we also observed that both slope
and aspect did not play any significant role in determining NDVI trend distributional
patterns (Figure S3b,c).

More specifically, except for the three elevation zones, 3500–4000 m, 4000–4500 m, and
above 5500 m, with the largest proportion of no changes at 34.36%, 35.04%, and 43.81%,
respectively, and the majority of elevation zones (mainly 1000–3500 m) showed a slight
improvement trend (Figure 7a, Table S3).

Figure 7. NDVI trends area statistics for different topography factors from 2000 to 2019. (a–c) represent
elevation, slope and aspect, respectively.
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For different slopes, approximately 35% of the area under all slope grades showed
a slight improvement (Figure 7b, Table S3). The proportion of vegetation improvement
area increased initially and eventually decreased with the steeper slope. Among them, the
slope in the northern part of the basin and the source area of TPRR was relatively small
(<5◦), while the vegetation improvement trend was obvious, with grassland as mainly
vegetation type (Figure S4a). The slope in the valley was mainly between 8–35◦, which
dominated by grassland and evergreen coniferous forest. The slope more than 35◦ in a
few river valleys, especially in the Yunnan section of the TPRR, was mainly evergreen
coniferous forest. Besides, the proportion of improved areas (37.12%) was the largest in
regions with 15–25◦ slope. However, we observed that the proportion of area with no
changes decreased gradually with the increasing slope (Figure S4b).

According to different aspects, although there was little difference in the proportion of
areas between vegetation improvement, stability, and degradation, on an average we could
witness slight improvement (Figure 7c, Table S3). Given that aspect had little influence on
the vegetation variation trend in the basin, particularly in flat land, the area proportion of
vegetation improvement had an inconspicuous increasing trend from shady slope to sunny
slope (Figure S4c).

3.3. GWR-Based Driving Force Analysis of Vegetation Change among Different Basins

Taking SNDVI as the dependent variable, and topographic factors (elevation, slope,
and aspect) as independent variables, the traditional multiple linear regression model
based on OLS could not well explain the spatial heterogeneity of vegetation changes and
topographic factors (Table S4; Figure S5; OLS model, R2 = 0.03, F = 60.76), given variance
inflation factors (VIF) of each variable were all less than 10.

However, GWR model provided a better overall fitting than OLS (Table 1, R2 = 0.33),
which is more proper than OLS in explaining vegetation changes. Moreover, the AICc
difference between GWR and OLS was much larger than 3 (∆AICC = 1458.77), indicating
that the fit degree of GWR model is significantly higher than that of OLS, but the Residuals
SS of the GWR model also decreases, which indicates that the fitting effect of the GWR
model is greatly improved compared with the OLS model (Residuals F = 4. 31) (Table S5).

Table 1. Parameter estimation and test results of the GWR model.

Variable Mean Min Max Lwr Quartile Median Upr Quartile SD

DEM −1.13 −20.66 10. 52 −1.97 −0.16 0.00 2.98
Slope 21.67 −580.16 824. 38 −0.00 1.15 30.08 81.37

Aspect 0.04 −11.05 10. 54 −0.55 0.00 0.53 2.35

The elevation in the headwaters of the TPRR (in particular, Nujiang river and Jinsha
river basins), the middle reaches of the Lancang river, and a few areas in the south of the
TPRR (mainly in the south of the Jinsha river) has a significant positive correlation with
SNDVI, while the remaining vast majority of areas showed a negative correlation, e.g., the
middle reaches of Nujiang river and Jinsha river basin (Figure 8a).

Slope also has a certain regularity on vegetation change since the slope steepness
affects the soil and water conservation so that will directly affect the plant growth and
development on the earth surface. Slope has location-specific effects positively or negatively
on vegetation change in the study area, given whose influence intensity is much smaller
than that of elevation. Among them, positive correlation trend mainly existed in the
headwaters of the Jinsha river basin and a few areas in the middle reaches, and the lower
reaches of the Jinsha river and Nujiang river basins. However, there is a significant negative
correlation trend between slope and vegetation variation trend in the junction of the Jinsha
river and Nujiang river basins and a small part of the northwest of the source area in Jinsha
river basin (Figure 8b).
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Figure 8. Spatial distribution maps of regression coefficients and significances for all independent
variables. (a–c) are the spatial distribution maps of the local regression coefficients and the signifi-
cances for all independent variables, e.g., (a) elevation, (b) slope and (c) aspect respectively.

In terms of aspect, some significant positive correlations exist in a few source areas of
the Nujiang river basin, a small part of the TPRR, as well as the junction of the south lower
reaches between Jinsha river basin and Nujiang river basin given a significant negative
correlation presented in some part of the Nujiang river basin and the source areas of the
Jinsha river basin (Figure 8c).

4. Discussion
4.1. Temporal and Spatial Distribution of Vegetation Patterns

Our results show that from 2000 to 2019, the vegetation in the TPRR shows an improv-
ing trend in a majority of the areas, while a few areas remain degraded, especially in the
source areas of the entire Three Parallel Rivers basin where degradation is more obvious.
Compared with the degraded areas, the proportion of areas with improved vegetation is
much larger (45.79%). Our findings are consistent with those of other scholars in the QTP
or TPRR, who also emphasized that vegetation dynamics in most areas of the QTP have an
upward trend, while some areas such as the Nagqu, a few areas in Qinghai Province and
several areas on the southeastern edge of the QTP including the Hengduan Mountains are
at degradation trends. Natural environmental changes and anthropogenic disturbances
jointly increased vegetation degradation [18,24]. Previous studies of vegetation pattern
changes in the TPRR and showed that the significant reduction of vegetation cover was
mainly in the source area of the Nujiang river and Lancang river as well as some areas in the
central part of the study area, which corroborates with our study’s results [20,43]. Different
vegetation types of mountainous vegetation are also significantly influenced by spatial
scales [47,68,69]. With higher elevations in its northern region and relatively lower eleva-
tion in the southern regions the geographical structure in TPRR supports better vegetative
growth in the southern region, with cropland and evergreen coniferous forest being main
vegetation types. Most of the vegetation is distributed within the elevation range of 1500 to
5500 m, with a myriad of landscape and vegetation types overlaid and intertwined with
one another [23]. Along an increasing elevational gradient, the vegetation types transition
from subalpine forests, low scrub, alpine grassland to unvegetated areas. This variation in
vegetation types is driven by topographic factors that alter regional hydrothermal condi-
tions which in turn indirectly affect vegetation distribution [20,46]. Peng et al. [24] showed
the zonal characteristics of vegetation dynamics of different vegetation types, specifically
the severe degradation of forests in the southeastern Tibetan Plateau, the increase of alpine
grassland vegetation cover in some humid areas of southern Tibet, and the rising trend
of cropland under the influence of agricultural activities in the Ali region and the plateau
hinterland, all of which undoubtedly confirmed the complex vegetation changes in TPRR.
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4.2. Spatial Heterogeneity of Topographic Factors on Vegetation

The results of GWR model strengthen the intuitive perception of the spatial heterogene-
ity of different topographic factors on NDVI variation in the TPRR, with results indicating
that elevation itself has the greatest influence on local vegetation patterns, followed by
slope and aspect, which is consistent with previous studies [24,26]. Altitude mostly in-
fluences vegetation patterns by affecting mountain climate conditions [70,71]. Our study
area is in the QTP region with large elevation differences, and the distribution of heat
conditions is successively controlled by the law of decreasing elevation and solar radiation
differences, while precipitation distribution mainly affected by the trend of water vapor
channel orientation, which is mainly related to the distribution of mountains. Therefore,
analyzing the influence of topographic factors on vegetation change can better understand-
ing mechanism of the climate-vegetation interaction, which is often ignored in current
research [72]. Notably, the relative importance of elevation is generally reflected in its
effect on the gradient of species’ ecological niches, which determines the distributed of
vegetation types in the region and the vegetation growth by representing laterally such
environmental factors as slope or the amount of soil moisture [73,74]. Besides, slope can
be one predictor variable to investigate plant diversity or capture potential changes in
elevation in a region [73–76]. Slope can affect species richness by influencing soil moisture,
soil erosion rates, and litter accumulation. However, related studies have shown that alpine
treeline elevation changes in the Three Parallel Rivers region of southwest China are less
affected by slope, further confirming the validity of our findings that slope has little effect
on NDVI trends [39]. Moreover, Yirdaw et al. (2015) suggested that aspect affected woody
plant species diversity, especially for woody plants at higher elevations, and that sunny
slopes tended to receive higher amounts of solar radiation, which could accelerate greater
air and soil temperatures [27]. Nevertheless, our results indicated the effect of aspect on
NDVI trend was not significant, and the highest vegetation cover (35.25%) was found
on the semi-shady slopes. Few scholars have explored the effect of aspect on vegetation
changes and even the distribution of some major species in our study area, which may
require further research.

4.3. Analysis of the Other Drivers Influencing Changes in Vegetation Dynamics

Beyond the influence of topographic factors on the vegetation pattern mentioned in
this study, climatic conditions are the most well discussed factors for vegetation change
in the region. Studies have shown that temperature and precipitation indirectly affect the
productivity of terrestrial ecosystems by altering nutrient availability [17,77], and several
scholars have reported the influence of temperature and precipitation these two climatic
factors on the photosynthesis and respiration of vegetation changes by influencing soil
moisture and microbial activities in the QTP. Obviously, their short-term effect on vegetation
degradation is not significant [26,78,79]. However, the direct influence of topography on
climatic conditions in mountainous areas was mentioned in the previous subsection, and
our study confirms the strong influence of elevation on vegetation distribution, but the
relationship between topographic and climatic factors and the joint influence of both on
vegetation distribution is lacking in this study area and needs further analysis.

In addition, the impact of human activities on the vegetation pattern should not be
underestimated. Hengduan Mountain area in the southeast QTP acts as a critical ecological
barrier due to its unique ecological location and unique characteristics. In this region,
several key national ecological projects have been implemented in the past to protect its
natural forests, returning cropland to forest, biodiversity conservation, and ecological
restoration, which have shown positive outcomes, and can also be the main reason for the
improvement in NDVI observed in this study. Lu et al.compared the effects of three large-
scale ecological programs (National Nature Reserves, Three North Shelter Forest Program,
and the Natural Forest Protection Program) on Chinese vegetation change and revealed
that the effectiveness of ecological restoration projects can vary geographically even under
the same incentive policy context [80]. Moreover, several national and provincial protected
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areas, including the Three Parallel Rivers National Park, have been established in the
TPRR. These protected areas can play a positive role in maintaining biodiversity, enhancing
the regulation function of ecosystem, and building a scientific and reasonable ecological
space. Grazing intensity is also one of the main driving factors affecting vegetation cover
in grasslands in the QTP. Grasslands in QTP region have been considered as natural
pastures for grazing by herders for many years [81,82]. Studies have shown that long-term
grazing directly affects the vegetation cover and productivity of grasslands, but with the
implementation of a series of ecological measures related to grassland restoration, e.g.,
grazing prohibition, and pastureland rehabilitation, the degradation of grasslands has been
mitigated, which may also be one of the main reasons why the vegetation trends in our
study area tends to improve [83,84].

5. Conclusions

In this paper, we explored the influence of topographic factors on the vegetation
change patterns in the TPRR of southeastern QTP over the past 20 years. We analyzed
the spatial and temporal distribution of vegetation patterns and the magnitude of the
driving forces of each topographic factor with the GWR model, and the main conclusions
are as follows:

During 2000–2019, the NDVI in the basin showed an overall increasing trend, with the
most significant upward trend in the Lancang River basin, and the year of sudden change in
NDVI in each basin was around 2004. Besides, the spato-temporal distribution of regional
multi-year NDVI was influenced by elevation with significant north-south differences,
while slope and aspect had little influence. Moreover, NDVI trends in the basin showed
an overall improvement trend, mainly with slight improvement. The improvement areas
are generally distributed in the southern section and the source area of the Jinsha River
basin, and there is a degradation trend in the river source area of the TPRR. Specifically,
the vegetation in all elevation zones was slightly improved, and the area of vegetation
improvement increased and then decreased with increasing slope, while aspect has the
least effect. The GWR model showed that elevation and NDVI were negatively correlated
in most areas, and the effect of slope and aspect on vegetation changes was smaller,
which were significantly correlated in the middle reaches of the Nujiang River basin
and some parts of the Jinsha River basin. The interactions between topographic and
climatic factors and their joint effects on vegetation distribution is lacking and needs
further study in TPRR. Furthermore, the impact of human activities on the vegetation
pattern should also be highlighted and integrated with climate change and other drivers
for comprehensive analysis.
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