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Abstract
Climate change in High Mountain Asia (HMA) is characterized by elevation de-
pendence, which results in vertical zoning of vegetation distribution. However,
few studies have been conducted on the distribution patterns of vegetation, the
response of vegetation to climate change, and the key climatic control factors of
vegetation along the elevation gradient in this region. In this study, based on
the Normalized Difference Vegetation index (NDVI), we investigated the evo-
lution pattern of vegetation in HMA during 2001–2020 using linear trend and
Bayesian Estimator of Abrupt change, Seasonality, and Trend (BEAST) meth-
ods. Pearson correlation analysis and partial correlation analysis were used to
explore the response relationship between vegetation and climatic factors along
the elevation gradient. Path analysis was employed to quantitatively reveal
the dominant climatic factors affecting vegetation distribution along the eleva-
tion gradient. The results showed that NDVI in HMA increased at a rate of
0.011/10a from 2001 to 2020, and the rate of increase abruptly slowed down af-
ter 2017. NDVI showed a fluctuating increase at elevation zones 1–2 (<2500 m)
and then decreased at elevation zones 3–9 (2500–6000 m) with the increase of ele-
vation. NDVI was most sensitive to precipitation and temperature at a 1-month
lag. With the increase of elevation, the positive response relationship of NDVI
with precipitation gradually weakened, while that of NDVI with temperature
was the opposite. The total effect coefficient of precipitation (0.95) on vegeta-
tion was larger than that of temperature (0.87), indicating that precipitation is
the dominant control factor affecting vegetation growth. Spacially, vegetation
growth is jointly influenced by precipitation and temperature, but the influence
of precipitation on vegetation growth is dominant at each elevation zone. The re-
sults of this study contribute to understanding how the elevation gradient effect
influences the response of vegetation to climate change in alpine ecosystems.
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Abstract: Climate change in High Mountain Asia (HMA) is characterized by
elevation dependence, which results in vertical zoning of vegetation distribution.
However, few studies have examined the distribution patterns of vegetation, the
response of vegetation to climate change, and the key climatic control factors of
vegetation along the elevation gradient in this region. In this study, based on
the Normalized Difference Vegetation Index (NDVI), we investigated the evo-
lution pattern of vegetation in HMA during 2001–2020 using linear trend and
Bayesian Estimator of Abrupt Change, Seasonality, and Trend (BEAST) meth-
ods. Pearson correlation analysis and partial correlation analysis were used to
explore the response relationship between vegetation and climatic factors along
the elevation gradient. Path analysis was employed to quantitatively reveal
the dominant climatic factors affecting vegetation distribution along the eleva-
tion gradient. The results showed that NDVI in HMA increased at a rate of
0.011/10a from 2001 to 2020, with the rate of increase abruptly slowing down
after 2017. NDVI exhibited a fluctuating increase at elevation zones 1–2 (<2500
m) and then decreased at elevation zones 3–9 (2500–6000 m) with increasing ele-
vation. NDVI was most sensitive to precipitation and temperature at a 1-month
lag. With increasing elevation, the positive response relationship of NDVI with
precipitation gradually weakened, while that of NDVI with temperature showed
the opposite pattern. The total effect coefficient of precipitation (0.95) on vege-
tation was larger than that of temperature (0.87), indicating that precipitation
is the dominant control factor affecting vegetation growth. Spatially, vegetation
growth is jointly influenced by precipitation and temperature, but the influence
of precipitation on vegetation growth is dominant at each elevation zone. These
results contribute to understanding how the elevation gradient effect influences
the response of vegetation to climate change in alpine ecosystems.
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1 Introduction
Vegetation, as a critical component of terrestrial ecosystems, participates in
ecological processes such as material cycling and energy transformation while
significantly impacting the water cycle and climate change (Tai et al., 2020).
Simultaneously, climatic factors including precipitation, temperature, and so-
lar radiation influence vegetation phenology and growth processes, which in
turn affect plant distribution patterns (Linscheid et al., 2020). Climate change,
particularly global warming, has resulted in increased frequency of high tem-
peratures, droughts, floods, and other extreme events in recent years, causing
serious harm to global and regional ecosystems (Zhou et al., 2014). Warming
and humidification of high-elevation climates will affect vegetation growth over
time (Palazzi et al., 2017). Consequently, investigating vegetation dynamics and
the driving role of climatic factors has become a hotspot and key issue in cur-
rent global change research, which is critical for evaluating regional vegetation
growth status.

To quantify dynamics in vegetation cover, many studies have employed the
Normalized Difference Vegetation Index (NDVI), derived from satellite remote
sensing data, which can quantitatively and intuitively reflect vegetation growth
dynamics and is widely used in studies examining relationships between vegeta-
tion and climatic factors (Piao et al., 2006; Wen et al., 2017; Zhuang et al., 2020;
Yang et al., 2024). Based on NDVI data, studies have concluded that global
vegetation growth is improving, particularly in the middle and high latitudes of
the Northern Hemisphere (Myneni et al., 1997), and that vegetation greenness
is increasing on the Qinghai–Xizang Plateau and in other areas (Meng et al.,
2018).

Temperature and precipitation are the two main climatic factors influencing
surface vegetation dynamics, though their relative importance differs across re-
gions (Satti et al., 2024). Interannual variation in vegetation cover is more
sensitive to precipitation in arid areas, as insufficient precipitation may limit
vegetation growth (Xu et al., 2008; Cao et al., 2014). However, Li and Tao
(2000) demonstrated that temperature has a greater influence on vegetation
than precipitation in most parts of China. Cui et al. (2013) found that vegeta-
tion in the high-elevation areas of the Qinling Mountains is primarily controlled
by temperature changes. Liu et al. (2021b) studied the alpine region in Asia and
discovered that vegetation greening in High Mountain Asia (HMA) is mainly
influenced by the dual effects of precipitation and temperature.

Vegetation growth processes and snow distribution are related not only to pre-
cipitation and temperature but also to elevation, which plays an indispensable
role in shaping mountain vegetation and snow distribution patterns (Li et al.,
2015). For example, climate change-induced shifts in vegetation boundaries
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are intrinsically linked to elevation gradients (Verdhen et al., 2016). In alpine
ecosystems, elevational differences critically modulate regional hydrothermal
conditions, snow-ice melt dynamics, and soil moisture availability, collectively
governing vegetation growth patterns (Li et al., 2017; Wang et al., 2021b). Stud-
ies indicate that warming rates are generally amplified at higher elevations
compared to lower elevations (Liu et al., 2019). Concurrently, temperature-
driven precipitation increases in mountainous areas exhibit distinct elevation-
dependent characteristics (Li et al., 2015; Li et al., 2017). These altitudinally
stratified climate trends drive heterogeneous vegetation responses along the ele-
vation gradient, often yielding contradictory and elevation-dependent patterns
(Morán-Tejeda et al., 2017). For instance, while the sensitivity of vegetation
greenness to temperature increases with elevation, absolute greenness values de-
cline at higher elevations (Wang et al., 2021a; Zhang et al., 2024). Consequently,
elevation serves not only as a key determinant of vegetation distribution but also
as a critical variable in vegetation dynamic studies (Liu et al., 2022). Although
the regulatory role of elevation in vegetation growth has been established (Shen
et al., 2014), the mechanisms underlying vegetation-climate feedbacks along the
elevation gradient remain poorly resolved, particularly regarding the interplay
between vegetation evolutionary traits and variability in climatic factors (Li et
al., 2015).

As the Earth’s third pole, HMA has a distinct geographical location and cli-
mate system. Meanwhile, HMA is an alpine ecosystem where climate change is
elevation-dependent and vegetation is extremely vulnerable to climate change
(Shen et al., 2016; Li et al., 2017). As a result, scientific attention has shifted to
studying the impact of climate change on NDVI in HMA. For example, Liu et
al. (2021b) and Rani and Mal (2022) examined vegetation dynamics and their
climate-driven mechanisms in HMA using NDVI data. Furthermore, NDVI vari-
ability and its drivers have been studied in some regions of HMA, particularly
on the Qinghai–Xizang Plateau (Mishra and Mainali, 2017; Tai et al., 2020; Liu
et al., 2021a). However, the distribution patterns of vegetation along the eleva-
tion gradient in HMA and the underlying mechanisms regulating these patterns
remain poorly understood. Addressing this issue is critical for understanding
and forecasting vegetation change in HMA under global climate change.

In recent years, researchers have typically employed Pearson correlation analysis
(Sun et al., 2022; Li et al., 2024), partial correlation analysis (Ma et al., 2022),
and multiple linear regression (Gao et al., 2019) to investigate relationships
between vegetation cover and climate change. However, interactions between
climatic factors cause them to have indirect effects on vegetation growth, which
are rarely quantified. Although studies have used geographic probes to explore
the multiple effects of factor interactions on the study population, the accuracy
of this method depends on a large sample size (Peng et al., 2019; Shao et al.,
2022). Path analysis, as an effective method for exploring multivariate inter-
active systems, can visually demonstrate the complex network of relationships
between variables. Path analysis, with the premise of limited samples, can deal
not only with multiple dependent and mediating variables between path vari-
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ables but also with the direct and indirect effects of multiple factors interacting
with each other on the study object (Fang et al., 2018). Consequently, path
analysis was used in this study to quantify the impact of climatic factors on
NDVI.

Based on this background, the scientific problem to be solved in this study is to
analyze the evolution pattern of vegetation distribution along the elevation gra-
dient in HMA and quantitatively reveal the dominant control factors affecting
vegetation growth. To accomplish these objectives, this study will: (1) analyze
the spatial and temporal evolution of NDVI in HMA; (2) investigate the distri-
bution patterns of NDVI during the growing season along the elevation gradient;
(3) detect the response relationships between NDVI and climatic factors along
the elevation gradient; and (4) quantify the impacts of the main climatic control
factors affecting NDVI along the elevation gradient. The findings can provide a
basic reference for vegetation growth and ecosystem evolution in alpine regions.

2.1 Study Area
The HMA (Fig. 1 [Figure 1: see original paper]), with a geographic range of 25°–
51°N and 64°–106°E, describes the high-elevation region of Asia centered on the
Qinghai–Xizang Plateau. HMA has a land area of approximately 2.90$×10^{6}$
km2 and consists of the Himalaya Mountains, Hindu Kush, Kunlun Mountains,
Pamir Plateau, and other mountain ranges and plateaus, with an average eleva-
tion exceeding 4000 m. The main terrestrial ecosystems in the region are alpine
grasslands, alpine meadows, and deciduous broad-leaved forests, among which
alpine grasslands cover an area exceeding 1.50$×10^{6}$ km2. HMA is consid-
ered the water tower of Asia and has the largest snow and ice reserves outside the
polar regions, with a glacier area of approximately 9.76$×10^{4}$ km2 (Brun
et al., 2017; Furian et al., 2021). The region receives approximately 400 mm of
annual precipitation, more than 40.0% of which is snowfall (Sun et al., 2022),
and serves as a water source for major rivers in East and South Asia, including
the Indus River, Ganges River, Yangtze River, and Brahmaputra River.

2.2.1 Digital Elevation Model (DEM) Data
The DEM data were downloaded from the Geospatial Data Cloud
(http://www.gscloud.cn/) at a spatial resolution of 90 m. Considering
that the spatial resolution of NDVI data is 500 m, we divided HMA into 14
elevation zones with intervals of 500 m to form an elevation gradient (Fig. 1).

2.2.2 Normalized Difference Vegetation Index (NDVI)
Dataset
The MOD13Q1 product, which can be downloaded from Earthdata Search
(https://earthdata.nasa.gov), was used to obtain NDVI data from 2001 to 2020.
The product has a temporal scale of 16 days and a spatial resolution of 250 m.
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For projection, stitching, and other conversions, we used the Moderate Resolu-
tion Imaging Spectroradiometer (MODIS) Reprojection Tool (MRT) software.
The maximum value composite method was then used to synthesize monthly
NDVI data (Holben, 1986).

2.2.3 Meteorological Data
Precipitation and temperature data were selected from the fifth generation of
European Centre for Medium-Range Weather Forecasts (ECMWF) atmospheric
reanalyses of the global climate (ERA5) data (http://apps.ecmwf.int/datasets/).
The ERA5 data have significantly superior ability to reproduce weather and
climate evolution compared to earlier ERA-Interim products. The spatial reso-
lution of the ERA5 monthly data used in this study is 0.1°$×$0.1°. The data
were formatted and synthesized annually using MATLAB 2024b software. The
projection coordinates were then converted and resampled using ArcGIS 10.4
software to achieve the same spatial resolution as the NDVI data. Figure 2
[Figure 2: see original paper] shows that in HMA, both precipitation and tem-
perature exhibit elevation-dependent characteristics, i.e., both decrease with
elevation.

2.2.4 Vegetation Type Data
The vegetation type data for this study were obtained from the European Space
Agency (ESA) (https://cds.climate.copernicus.eu/cdsapp#!/dataset/satellite-
land-cover). The total accuracy of this dataset is 75.4%, and the accuracy of
many vegetation types, such as broadleaf forest, cropland, wetland, and other
categories that can reflect the distribution and vertical zonality of vegetation
in HMA, can exceed 80.0%. This study collected vegetation type data in HMA
for 2001 and 2020 and identified 11 vegetation types (Fig. 3 [Figure 3: see
original paper]).

2.3 Methods
In this study, we examined the evolution pattern of NDVI using linear trend
and Bayesian Estimator of Abrupt Change, Seasonality, and Trend (BEAST)
methods, investigated the response of NDVI to climatic factors using correlation
and partial correlation methods, and detected the main climatic control factors
affecting NDVI using path analysis. The flowchart of the research method is
shown in Figure 4 [Figure 4: see original paper].

2.3.1 BEAST Method

The BEAST algorithm decomposes time series data into three components:
trend, seasonality, and abrupt changes (Zhao et al., 2019). This method em-
ploys Bayesian statistical principles to reduce uncertainties, mitigate overfitting,
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and minimize modeling errors during decomposition. In cases where seasonal sig-
nals are absent, BEAST can be applied exclusively for trend analysis and abrupt
change detection. It has been widely adopted to identify nonlinear trends and
change points in NDVI time series (Zhao et al., 2019; Cai et al., 2020; Mardian
et al., 2021). Specifically, BEAST decomposes a time series Y� into:

𝑌𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝜀

where T�, S�, and � are the trend signal, seasonal signal, and residual signal of
time series Y�, respectively. The trend component T� is a piecewise linear model
with m breakpoints and m+1 linear models, where abrupt changes are found at
the breakpoints 𝜏 � (i=1, 2, ⋯, m) and gradual changes are given by the linear
model:

𝑇𝑡 = 𝛼 + 𝛽𝑖(𝑡 − 𝜏𝑖), 𝜏𝑖 < 𝑡 < 𝜏𝑖+1

where 𝛼 is the intercept and 𝛽 is the slope of the linear segment. The seasonal
component S� can be expressed as:

𝑆𝑡 =
𝐾

∑
𝑘=1

𝛾𝑘 sin(2𝜋𝑓𝑡 + 𝛿𝑘)

where K represents the total number of segments in the time series; 𝛾� and 𝛿�
are the amplitude and phase in the kth segment; and f is the frequency.

In this study, the BEAST method was used for mutation point anal-
ysis of the NDVI time series. For this purpose, we used the BEAST
program package in MATLAB 2024b, which can be downloaded at
https://www.mathworks.com/matlabcentral/fileexchange/26546-approximate-
entropy.

2.3.2 Correlation Analysis

Pearson correlation analysis is a method to study correlations between elements.
By calculating the correlation coefficient between NDVI and temperature as well
as between NDVI and precipitation, we can intuitively and effectively observe
the response degree of NDVI to temperature and precipitation, respectively.
The calculation formula is as follows:

𝑟 =
∑𝑛

𝑗=1(𝑥𝑗 − ̄𝑥)(𝑦𝑗 − ̄𝑦)
√∑𝑛

𝑗=1(𝑥𝑗 − ̄𝑥)2 ∑𝑛
𝑗=1(𝑦𝑗 − ̄𝑦)2

where r is the correlation coefficient; x� and y� are the NDVI and precipitation
(or temperature) in the jth year, respectively; and x̄ and ȳ are the average
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values of NDVI and precipitation (or temperature), respectively. The closer the
correlation coefficient is to 1.0 or –1.0, the stronger the correlation. The closer
the correlation coefficient is to zero, the weaker the correlation. The validity
of the Pearson correlation coefficient is controlled by a two-tailed significance
test, and a significance level of P<0.01 indicates that the correlation between
the two variables is significant.

In this study, correlation coefficients between monthly-scale NDVI and climatic
factors (precipitation and temperature) at various time scales (1-month, 3-
month, 6-month, 9-month, and 12-month) were calculated to explain the time-
lag effect of vegetation response to climatic factors. The time scales with the
highest correlation coefficients were defined as the lag times of vegetation re-
sponse to precipitation and temperature.

2.3.3 Partial Correlation Analysis

Partial correlation analysis describes the relationship between two variables
while removing the influence of other variables (Yan, 2003). The partial cor-
relation coefficient is calculated as follows:

𝑟𝑋𝑌 ,𝑍 = 𝑟𝑋𝑌 − 𝑟𝑋𝑍𝑟𝑌 𝑍
√(1 − 𝑟2

𝑋𝑍)(1 − 𝑟2
𝑌 𝑍)

where r��,� represents the partial correlation coefficient of variables X and Y,
with Z as the control variable; and r��, r��, and r�� represent Pearson correlation
coefficients between X and Y, X and Z, and Y and Z, respectively.

2.3.4 Path Analysis

In this study, path analysis was used to analyze the degree of influence of major
climatic factors (precipitation and temperature) on vegetation cover in HMA.
The core idea of path analysis is to translate the relative importance of each
factor on the results by decomposing correlation coefficients into direct and
indirect effects based on multiple regression analysis (Feng et al., 2021). The
specific formula is as follows:

𝑉 = 𝑎0 + 𝑎1𝑣1 + 𝑎2𝑣2 + ⋯ + 𝑎𝑛𝑣𝑛

where V is the dependent variable; v1–v� are the independent variables; n is
the number of independent variables; a0 is the constant term; and a1–a� are the
partial regression coefficients.

Equation 6 can be mathematically transformed to the following normal equation
of moments by substituting the actual observations into it and solving the system
of equations using least squares. The specific formulas are as follows:
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⎧{{
⎨{{⎩

𝑟𝑣1𝑉
= 𝑃𝑣1𝑉

+ 𝑟𝑣1𝑣2𝑃𝑣2𝑉
+ ⋯ + 𝑟𝑣1𝑣𝑛𝑃𝑣𝑛𝑉

𝑟𝑣2𝑉
= 𝑟𝑣2𝑣1𝑃𝑣1𝑉

+ 𝑃𝑣2𝑉
+ ⋯ + 𝑟𝑣2𝑣𝑛𝑃𝑣𝑛𝑉

⋮
𝑟𝑣𝑛𝑉

= 𝑟𝑣𝑛𝑣1𝑃𝑣1𝑉
+ 𝑟𝑣𝑛𝑣2𝑃𝑣2𝑉

+ ⋯ + 𝑃𝑣𝑛𝑉

where r�1�2 and r�1� are the correlation coefficients between v1 and v2 and be-
tween v1 and V, respectively; P��� is the direct path coefficient of variable v�,
which represents the direct effect of variable v� on V; a� is the partial regression
coefficient of v� to V; and 𝜎�� and 𝜎� are the standard deviations of v� and V,
respectively. The indirect path coefficient of variable v� via variable v� can be
defined as P���� = r����P���, which represents the indirect influence of variable v�
on V via variable v�. The total effect of v� equals the direct effect of variable
v� on V plus the indirect effect of variable v� on V via all independent variables
except v�.

In this study, the effects of precipitation and temperature on NDVI during
the growing season were calculated using path analysis from both time se-
ries and spatial pixel-by-pixel perspectives. The time series perspective was
calculated using SPSS 27.0 software, and the spatial pixel-by-pixel perspec-
tive was calculated using MATLAB 2024b (the code extraction is available at
https://pan.baidu.com/s/1PZM_{3wQO7XkVGA2HikLrzA}?pwd=7ml9).

3.1.1 Temporal Variations of NDVI
The NDVI began to increase in January, reached its peak in July and August,
then declined to its lowest point in September (Fig. 5a [Figure 5: see original
paper]). From 2001 to 2020, the growing season (April–October) consistently
had the highest NDVI values, while all other months had the lowest NDVI
values. The NDVI data from April to October were thus used in this study to
reflect vegetation change in HMA during the growing season. All subsequent
analyses of NDVI referred to the NDVI during the growing season.

Figure 5b shows the interannual variation of NDVI from 2001 to 2020. The
NDVI in HMA demonstrated a general trend of fluctuating increase, but the
rate of increase was only 0.011/10a. This study used the BEAST method to
detect NDVI mutation points to more clearly reveal the mutation characteristics
of the interannual trend (Fig. 5c). The NDVI time series had a mutation in
2017. The increasing trend of NDVI was evident from 2001 to 2017, while from
2017 to 2020, NDVI exhibited a slow fluctuating increase. HMA exhibited an
overall trend of vegetation improvement during 2001–2020.

3.1.2 Spatial Variations of NDVI
Figure 6a [Figure 6: see original paper] shows the spatial distribution of multi-
year average NDVI during 2001–2020. NDVI was high in the northwestern,
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southeastern, and southern marginal zones, and low in the center of HMA. Areas
with NDVI greater than 0.40 accounted for approximately 28.4% of the study
area and were mainly distributed around the southeastern region and southern
borders of HMA.

Figures 6b and 6c show the spatial linear trends of NDVI before and after the
breakpoint in 2017. Before 2017, 77.0% of HMA showed an increasing trend
in NDVI and only 23.0% showed a decreasing trend. After 2017, only 53.0%
of HMA showed an increasing trend in NDVI, and the decreasing areas (47.0%
of HMA) were mainly located in the northern and central parts of HMA. This
indicated that the increasing trend of vegetation during the growing season has
slowed down since 2017.

3.2 NDVI Variations Along the Elevation Gradient in HMA
NDVI fluctuated upward and then downward with increasing elevation, show-
ing specific elevation-dependent characteristics (Fig. 7a [Figure 7: see original
paper]). Specifically, NDVI showed an increasing trend as elevation increased
and was relatively high at elevation zones 1–2 (with NDVI greater than 0.30),
whereas it tended to drop as elevation continued to rise from elevation zone
2 onward. NDVI values were negative from elevation zone 10 onward, mainly
because glacial snow is mostly distributed in these areas. Therefore, in the
following study, we only examined NDVI variation characteristics at elevation
zones 1–9.

From 2001 to 2020, NDVI along the elevation gradient exhibited fluctuating
increases and decreases (Fig. 7b). Elevation zones 1–6 had higher NDVI val-
ues, where elevation zone 2 had the largest NDVI value, indicating the best
vegetation condition at this elevation zone. Elevation zones 6–9 had relatively
small NDVI values, indicating relatively poor vegetation cover in these elevation
ranges.

NDVI at elevation zones 1–8 before the breakpoint in 2017 was dominated by an
increasing trend (the proportions of NDVI-increasing pixels at these elevation
zones were all greater than 60.0%), indicating that vegetation in these elevation
ranges entered a rapid growth phase before 2017 (Fig. 7c). The proportion of
NDVI-increasing pixels declined at all elevation zones after 2017, suggesting that
vegetation growth rates slowed down after the mutation (Fig. 7d). As elevation
increased, the proportion of NDVI-increasing pixels gradually decreased, and
at elevation zone 9, the proportion of NDVI-increasing pixels (40.6%) was less
than the proportion of NDVI-decreasing pixels (59.4%).

3.3.1 Time-Lag Effect of NDVI Response to Climatic Fac-
tors
Figure 8 [Figure 8: see original paper] shows that the time-lag effect of NDVI
to climate elements varies across elevation zones. The correlation coefficients
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between precipitation and NDVI at time scales of 1-month, 3-month, 6-month,
and 12-month were almost all positive, while the correlation coefficients between
NDVI and precipitation at the 9-month time scale were negative. The corre-
lation coefficients between NDVI and temperature at time scales of 1-month,
3-month, and 12-month were all positive, while at 6-month and 9-month time
scales they were negative. The absolute value of the correlation coefficient was
highest when NDVI lagged precipitation or temperature by one month, indicat-
ing that climate element changes in the previous month had the most obvious
influence on NDVI.

3.3.2 Response Relationship Between NDVI and Climatic
Factors
Partial correlation coefficients of NDVI with temperature and precipitation were
calculated considering the best time-lag effect to reveal the response relationship
between NDVI and one climatic factor while removing the influence of the other
climatic factor. The partial correlation coefficients of NDVI with precipitation
and temperature were typically positive, but spatial differences were significant.

By calculating the area proportions of positive and negative partial correlation
coefficients between NDVI and precipitation (Fig. 9a [Figure 9: see original
paper]) as well as between NDVI and temperature (Fig. 9b) along the elevation
gradient in HMA, we found that vegetation was affected by both precipitation
and temperature along the elevation gradient, but the degree of influence dif-
fered. Along the elevation gradient, the positive response relationship of NDVI
with precipitation showed a fluctuating weakening trend, while the positive re-
sponse relationship of NDVI with temperature showed the opposite pattern—a
fluctuating increasing trend—indicating that as elevation increases, the promo-
tion effect of precipitation on vegetation is weakened, while the opposite is true
for temperature.

3.4 Dominant Control Factors Affecting NDVI
The path analysis method can quantitatively reveal the degree of influence of
different climatic factors on vegetation cover. From the time series perspective
(Fig. 10a [Figure 10: see original paper]), the direct effect coefficient of pre-
cipitation on NDVI (0.88) was significantly higher than that of temperature on
vegetation (0.79) when only a single factor was considered. This result indi-
cated that the effect of a single temperature change on vegetation is smaller
than the effect of a single precipitation change on vegetation. The correlation
coefficient between precipitation and temperature was large (0.9), indicating a
clear interaction between precipitation and temperature. When considering the
interaction between precipitation and temperature, their total effect coefficients
were 0.95 and 0.87, respectively, indicating that the total effect of precipitation
on vegetation is more significant and precipitation is the dominant control fac-
tor affecting vegetation growth, though the effect of temperature on vegetation
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should not be neglected.

The total effects of precipitation and temperature on NDVI along the elevation
gradient showed a similar trend, exhibiting fluctuating increasing and decreas-
ing states (Fig. 10b). The difference was that the total effects of precipitation
at elevation zones 1–6 and elevation zone 9 were greater than those of tem-
perature, indicating that precipitation is the dominant control factor affecting
vegetation growth in these elevation ranges. The total effects of temperature at
elevation zones 7 and 8 were greater than those of precipitation, indicating that
temperature is the dominant control factor affecting vegetation growth in these
elevation ranges.

The spatial distribution of the dominant control factors affecting NDVI also in-
dicated that NDVI is jointly influenced by precipitation and temperature (Fig.
10c). However, 60.9% of the study area showed that precipitation was the dom-
inant control factor affecting NDVI, whereas only 39.2% of areas showed that
temperature was the dominant control factor, and these areas were mostly dis-
tributed at high elevations. At each elevation zone, the proportion of pixels with
precipitation as the dominant control factor was larger than that with temper-
ature as the dominant control factor (Fig. 10d), indicating that precipitation is
the dominant control factor affecting vegetation distribution along the elevation
gradient.

4.1 Spatial and Temporal Evolution Characteristics of
NDVI in HMA
Extensive studies have utilized NDVI data to investigate vegetation dynamics at
global and regional scales (e.g., Chen et al., 2014; Zhao et al., 2018). Specifically
in HMA, research by Liu et al. (2022) and Maina et al. (2022) identified a
persistent greening trend in alpine vegetation. This finding aligns with our
analysis, which revealed a significant greening trend across HMA from 2001 to
2020, with an NDVI increase rate of 0.011/10a (P<0.05).

The spatial distribution characteristics of NDVI are closely related to vegeta-
tion types (Ma et al., 2022). By analyzing vegetation type transfer (Table 1
), we found that area increases in broad-leaved forest, needle-leaf forest, and
cropland were 3708.54, 9884.34, and 4473.99 km2, respectively, and the area
decline in bare area (3832.47 km2) may contribute to vegetation greening in
HMA. The vegetation type transfer process showed that reduced grassland was
primarily converted to needle-leaf forest, cropland, shrubland, and broad-leaved
forest, with transformed areas of 11,626.47, 12,567.42, 2299.05, and 2760.84 km2,
respectively (Fig. 11a [Figure 11: see original paper]).
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4.2 Distribution Characteristics of NDVI Along the Eleva-
tion Gradient
The spatial distribution of NDVI is closely related to vegetation type distribu-
tion, but elevation is also an important influencing factor (Piao et al., 2006; Ma
et al., 2022). NDVI in HMA tended to increase at elevation zones 1–2 and then
decrease at elevation zones 6–9 with increasing elevation (Fig. 6a). This finding
is similar to that of Gao et al. (2019), where vegetation greenness decreased at
higher elevations. The decrease in vegetation greenness with increasing eleva-
tion may be related to low temperatures at higher elevations, i.e., vegetation
growth at higher elevations is susceptible to low-temperature limitation (Tao
et al., 2018; Gao et al., 2019). Additionally, variation in vegetation type is
associated with changes in NDVI along the elevation gradient. Each elevation
zone showed a trend of increasing and then decreasing proportions of grassland,
broad-leaved forest, needle-leaf forest, and shrubland (Fig. 11b and 11c).

4.3 Dominant Control Factors Affecting Vegetation Distri-
bution Along the Elevation Gradient
Temperature and precipitation constitute the primary climatic drivers of vegeta-
tion growth, though their effects are modulated by complex interactions between
these factors. Precipitation enhances vegetation greenness by directly increasing
soil moisture availability (Wang et al., 2021a). However, elevated precipitation
may indirectly suppress vegetation growth by reducing surface temperatures—
a cooling effect that constrains thermal conditions for plant metabolism. Tem-
perature regulates key physiological processes of plants such as photosynthe-
sis and respiration rates (Ma et al., 2016). When temperatures remain below
species-specific optima, warming improves vegetation growth through enhanced
snowmelt-derived water supply and extended growing seasons. Conversely, tem-
peratures exceeding physiological thresholds exacerbate soil moisture depletion
via evapotranspiration, thereby inhibiting vegetation productivity (Xie et al.,
2020).

We found that precipitation is the dominant control factor influencing vegeta-
tion growth in HMA at each elevation zone. However, as elevation increases,
precipitation gradually decreases, and the direct effect of precipitation on vege-
tation growth would be reduced. In contrast, as elevation increases, temperature
drops and becomes lower than the range suitable for vegetation growth; at this
point, temperature increase would have a certain promotion effect on vegetation
growth. Thus, this suggests that vegetation growth in HMA is influenced by a
combination of climatic factors.

Vegetation types with high cover density, such as broad-leaved forest, needle-leaf
forest, shrubland, and grassland, are primarily distributed at elevation zones 1–
6 (Fig. 11b and 11c), suggesting that the distribution of these vegetation types
impacts the overall change of vegetation in HMA. Precipitation was also the
dominant control factor of vegetation for each vegetation type, according to
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statistical analysis of the proportions of dominant control factors for various
vegetation types (Fig. 12 [Figure 12: see original paper]). This matches the
findings of Liu et al. (2021b) and Zhang et al. (2021).

4.4 Limitations and Future Work
Despite the comprehensive analyses conducted in this study, several limitations
warrant acknowledgment and future exploration. The 500 m elevation interval
used here may oversimplify altitudinal zonation patterns. Future studies could
employ finer elevation intervals to better resolve NDVI evolution mechanisms
along the elevation gradient. While ERA5 provides continuous spatiotemporal
coverage, its reliability in HMA remains partially constrained by sparse ground
meteorological stations and short observational records (<20 a). Subsequent
work should integrate in-situ station measurements or higher-resolution datasets
to quantify ERA5 biases in complex terrains. Furthermore, relying solely on
MODIS NDVI and two climatic variables (precipitation and temperature) over-
looks key biophysical drivers such as vapor pressure deficit, solar radiation, and
evapotranspiration. A multi-sensor approach incorporating Sentinel-2 (10 m res-
olution) and eddy covariance flux data could enhance mechanistic understanding
of vegetation-climate interactions.

To address these shortcomings, future research could establish an integrated
monitoring network (ground sensors/unmanned aerial vehicles/satellites) for
tracking long-term vegetation changes through continuous remote sensing mon-
itoring and data collection, which would help more comprehensively understand
long-term evolution patterns of vegetation cover. Simultaneously, more accurate
artificial intelligence algorithms could be considered to quantify the coupling re-
lationship between drivers and vegetation changes by combining field surveys
and validation, to accurately quantify vegetation evolution mechanisms and im-
prove result credibility. Since it is difficult to estimate future trends of human
activities, more consideration should be given to the role of anthropogenic fac-
tors, such as agricultural management and grazing, in influencing vegetation
change in future studies.

5 Conclusions
This study analyzed the evolution characteristics of NDVI along the elevation
gradient in HMA from 2000 to 2020, investigated the response of vegetation to
climate change, and quantitatively revealed the dominant climatic factors affect-
ing vegetation growth. The average NDVI during the growing season showed
an overall increasing trend from 2001 to 2020. After the mutation (2017), only
53.0% of HMA showed an increasing trend in NDVI, and 47.0% showed a de-
creasing trend. NDVI showed a fluctuating increase at elevation zones 1–2 and
then decreased at elevation zones 3–9 with increasing elevation. After the mu-
tation, the proportion of pixels with a greening trend spatially decreased with
increasing elevation. Changes in precipitation and temperature in the previous
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month had the most significant effect on NDVI. The response of NDVI to cli-
matic factors varied with elevation. As elevation increased, the positive response
relationship of NDVI with precipitation gradually weakened, while that of NDVI
with temperature showed the opposite pattern. Path analysis indicated that pre-
cipitation is the dominant control factor affecting vegetation distribution along
the elevation gradient, but the effect of temperature on vegetation cannot be
ignored. Future research should focus on exploring the adaptation mechanisms
of vegetation in alpine regions under the background of climate warming and
permafrost degradation.
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